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FOREWORD 

Increased productivity and sustainability of the agricultural sector are core policy objectives in OECD and 

non-OECD countries and key areas of work by the OECD. 

Measurement of total factor productivity (TFP) is a long-standing area of policy interest. In agriculture, 

there is a strong policy interest in aggregate sectoral-level TFP, and in some OECD countries TFP for the 

aggregate agricultural sector is a key policy performance indicator of policy reform. Nevertheless, 

knowledge across countries is uncertain and the available empirical evidence is often contradictory due to 

the huge heterogeneity of data and methodologies that are employed.  

An important drawback of conventional productivity measures is that they account only for those inputs 

and outputs for which there are observable market transactions; by-products that result from agricultural 

activity and in general the role of the environment in production are not taken into account. This omission 

can be a serious source of systematic bias in productivity calculations and could lead to incorrect policy 

conclusions if the drivers of growth and productivity are not correctly identified. 

The OECD Network on Agricultural Total Factor Productivity and the Environment was created in 2017 

and seeks to bring frontier thinking to the measurement and determinants of TFP and incorporate 

environmental by-products (http://oe.cd/eatfp). This Insights is a combined collection of the work 

undertaken by the Network and proceedings of meetings, with each chapter or annex authored by a 

member of the Network. The content is under the responsibility of the authors, with the OECD having 

played the role of facilitator.  

This Insights presents practical guidelines that countries can use to construct productivity accounts for the 

measurement of aggregate agricultural TFP and that incorporate environmental effects. It also offers 

empirical examples and pilot studies for OECD countries. 
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Summary of recommendations 

Methods to measure agricultural TFP growth 

 The Growth Accounting Approach (GAA) is recommended. Alternative approaches (such as 

econometric and frontier methods) may be used for in-depth analysis of the drivers of productivity, 

its decomposition, and to cross-validate the results. 

 The weights used in the GAA should be updated at regular intervals (e.g. every five years) to 

reflect compositional changes in the outputs and inputs. 

 Quantity-based index approaches are sensitive to the way implicit prices are measured; hence, 

other things being equal, superlative index approaches are preferable but significant data 

requirements hamper construction of indexes for international comparisons. 

 Farm level versus aggregate agricultural sector productivity analysis: both provide useful 

information about the sources of economic growth in agriculture and can be useful in the 

development of policies that enable growth. The key is to ensure that the applicability and limits of 

this information are well understood. 

Measurement of output 

Commodity outputs 

 The use of gross output approach for productivity measurement, rather than the value-added 

approach, is recommended. 

 The scope can be restricted to the agricultural output of farm holdings (household and non-

household). 

 The output of secondary commodities and major by-products should be captured. 

 Output prices should be measured at the farm gate level and include subsidies that are linked to 

the quantities produced (payments based on output).  

 Changes in quality of outputs, as well as new products, can be partly accounted for by change in 

reference weights. It is useful to use, for example, hedonic pricing methods to unravel quality 

changes from technological change. Data availability makes it difficult to do so for all OECD and 

non-OECD countries. 

 Aggregation methods should rely on Fisher or Törnqvist indexes. 
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Non-commodity outputs 

 Non-commodity outputs include undesirable by-products (e.g. pollution), as well as desirable by-

products (e.g. public goods). By-products do not always reduce the cost of output.  

 It is important to maintain theoretical consistency in all methodological choices. Treating emissions 

as either inputs or outputs in a single production technology faces theoretical limitations. Recent 

developments recommend that two technologies be specified: production-generating technology 

and polluting-generating technology. 

 A key issue in valuing undesirable outputs is whether a social or producer perspective is chosen. 

Under the former, valuation is supposed to capture all consequences of pollution to society; under 

the latter, valuation captures only the costs of pollution reduction to the producer. As the aim of 

the environmentally adjusted TFP measures is to capture technological change or shifts in 

producers’ cost functions, it could be argued that a producer perspective seems to be more 

appropriate. In this case, the adjustment of traditional output measures for undesirable outputs 

should be based on marginal abatement costs, which is equivalent to the producer shadow price, 

rather than on marginal damage costs (akin to the social costs of pollution approaches).  

 Policy makers are interested in the performance of the sector with respect to overall societal costs 

and benefits. The two approaches will differ whenever environmental policies are not optimal. Only 

if the pollution tax or regulation is socially optimal will the private shadow be equal to the social 

shadow price. This implies that the producer perspective must be distinguished from the social 

welfare perspective. The latter should be incorporated when using TFP for policy advice and policy 

making. 

 Academic work shows that TFP can be adjusted to account for a reduction in greenhouse gases 

(GHG) emissions ceteris paribus as a productivity gain and vice versa. While the methodologies 

are complex to implement, it is necessary to develop and test the robustness of these methods, 

and to construct shadow prices that could be used in index number methods that do not require 

econometric or non-parametric estimation of coefficients.  

 Academic work that adjust TFP to pesticide leakage and fertilizer run-offs should also be 

developed, with attention paid to the physical nutriment balance.  

Data on non-commodity output 

 For ecosystem services, a national spatial data infrastructure (NSDI) needs to be developed by 

each country. In many cases, much of the work to establish an NSDI has already been undertaken 

by various government agencies and NGOs. This highlights the need for cross-agency co-

ordination, as well as public/private data sharing agreements. 

 Ecosystem extent, or land cover maps, should be consistent in the level of spatial detail with data 

on land use to account for ecosystem use. Ecosystem accounting should use the NSDI to integrate 

ecosystem extent with land use, as well as soil, hydrology, and protected area data. 

 Measure ecosystem condition relative to standard reference condition. The measure for each type 

should use a specified set of indicators that can be replicated across locations. This calls for 

parsimony in selecting the set of relevant indicators to capture the main aspects of condition and 

should draw on scientific expertise. 

 Begin with GHG since climate change mitigation, a global public good. Then, a limited set of 

ecosystem services could be explored. Soil and water ecosystem services would also be most 

relevant for agriculture, as well as readily measured. Incorporating additional services can then 

build on the same framework as the one for the initial services. 
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 Make use of biophysical models for data. Biophysical process models are well developed and 

widely used to combine collected observed data and to estimate remaining data for measures of 

condition and extent. These models are generally spatially explicit, which allows for integration 

with land use and agricultural practices. It is important that the model methods and results are 

transparent in any reporting of accounts using model data. 

 Begin with land, water and carbon accounts. Water resource accounts should integrate information 

on groundwater and atmospheric water. Measure carbon stocks and flows at the national level. All 

countries should develop national carbon accounts, which can be disaggregated to sectoral 

accounts of stocks and flows for carbon. 

 Begin with aggregate biodiversity stock. More testing is required to account for causal relationships 

for species-level changes to biodiversity. Changes to biodiversity condition should be accounted 

for separately in the condition accounts. 

Measurement of inputs 

Primary factors: The use of accounting identity 

 When all primary factors are valued at their market rental rate, calculated input costs exceed 

receipts. One likely explanation is that famers accept a lower than market return for some of their 

primary factors that cannot be adjusted freely in the short term. Hence, it is defensible to accept 

the accounting identity as a crude approximation of the returns to inputs. This is recommended 

considering that returns equal costs.  

 Rather than allocating residual income to a primary input such as land, it is recommended to 

allocate it to the whole set of quasi-fixed inputs. That is, to price the different primary factors (land 

in property, self-employed and family labour, buildings) at their market value to construct user 

costs. Then allocate the accounting identity residual proportionally to the user costs. 

Measurement of labour input 

 Hours worked is recommended as a proper measure of labour input for measurement of 

agricultural productivity. If possible, the hours worked measure should be supplemented by data 

on workers, hours worked, and compensation cross-classified by education, age, gender, and 

class of workers (paid and self-employed, and unpaid family workers), and a measure of labour 

input that is adjusted for the compositional changes. 

 The compensation of unpaid and self-employed workers needs to be imputed using the 

replacement cost or opportunity cost methods. It can also be estimated residually by subtracting 

mixed income from the income to capital input imputed. Given the importance of self-employed 

and unpaid workers in agricultural production, the choice of methods for the imputation matter for 

the final estimates of agriculture TFP. 

 For productivity measurement, labour input measure should be consistent with the measure of 

output. If the production used for intermediate consumption on the same farm units is excluded in 

the measure of output, labour input used in those production units should not be included from 

productivity measurement. If the environmental impact of agriculture production is captured in 

productivity measurement, labour and other inputs used to improve the environmental 

performance should be included. 

 The choice of data sources matter for the estimates of labour input. The estimation of hours worked 

in the business sector concludes that the estimates of hours worked from establishment surveys 

tend to be higher than the hours worked estimates from household surveys. The growth rates 
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obtained from those types of survey may also differ. There is a need to examine the effect of 

different surveys on hours worked estimate for the agriculture sector.  

 Data sources used to capture seasonal workers and part-time work in agriculture production are 

often lacking or of poor quality. More is needed to advance measurement of labour input from 

these workers. 

Measurement of (produced) non-land capital input 

Allocation of user costs to buildings, family labour, and self-owned land using the accounting 

identity 

 There is a strong case to recommend considering that returns equal costs and accept the 

allocation of the accounting identity residual proportionally to the user costs of primary factors. The 

issue of farm equipment, however, needs to be discussed since the increasing use of third party 

equipment for harvesting, for example, makes machinery a more adjustable asset in the short 

term. 

 Use an average nominal interest rate for calculating the rental rate of other forms of capital. Then 

adjust this user costs based on the account clearing identity, with a proportional allocation of the 

residual across all quasi fixed factors, in particular land in property and self-employed and family 

labour. 

The issue of service lives and decay patterns 

 Build on the existing work of the OECD Agricultural TFP Network to compile average service lives 

on a variety of assets in OECD countries. Gather a panel of agricultural experts and assess 

whether the various conventions used by accountants correspond to genuine differences.  

 To construct capital services, rather than a linear depreciation, it is recommended to use the (now 

widely accepted) general pattern of decay, which relies on the family of hyperbolic efficiency 

functions. Regarding the value of the parameters (decay pattern, average service life, distribution 

of service lives, etc.), it is also recommended to conduct a survey or develop a panel of experts to 

ensure the same parameters across OECD countries or motivate differences. 

Measurement of land input 

Measuring stocks and service flows 

 The construction of land stocks require setting limits to what can be considered as land used as 

an input in the production process. It is recommended using cultivated rather than harvested land, 

but counting land set aside ‒ if it leads to payments ‒ is also defensible. 

 In international comparisons, it is recommended that the minimum degree of detail to associate 

land categories to service flows be as follows: i) land underlying buildings and structures; ii) land 

under cultivation; iii) recreational land and associated surface water; and iv) other land and surface 

water. 

Measuring user cost 

 Value the land stock at the market price and derive a user cost as the market price multiplied by a 

rental rate. When data are available use the land rental rate and apply it to the whole stock (without 

any correction for inflation). Then adjust this user cost based on the account clearing identity, with 

a proportional allocation of the residual across all quasi-fixed factors. Use an average nominal 
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interest rate to calculate the rental rate of other forms of capital (and on land in property as an 

alternative to the rental rate). 

 Cross-country comparisons: In cross-section comparisons, the spatial price index (PPPs in the 

case of international comparisons) should be constructed using the rental rates and not the market 

value of land. Spatial comparisons should preferably rely on EKS index numbers for consistency 

of the comparisons between pairs of countries. 

Measurement of intermediate inputs 

 Index number procedures should move away from Laspeyres to chained Törnqvist or Fisher 

indexes, specifically for pesticides, fertilisers, and aggregate inputs. Adjustments for quality should 

be made to ensure that inputs are measured in constant-quality units. 

 With quasi-fixed inputs such as self-employed labour, land, and assets such as buildings, it is 

recommended to use a proportionality rule on allocating the “residual”, considering that returns 

equal costs, and accept that accounting identity holds. For intermediate inputs, it is considered 

that assumptions on input divisibility and short-term adjustment justify consideration that the use 

of inputs corresponds to equilibrium. Hence, it is recommended to use weights that correspond to 

factor shares and to exclude intermediate inputs from the adjustment so that the accounting 

identity holds. 

 Changes in the composition of the input mix should be treated as changes in the quality of inputs. 

Both can be handled simultaneously by constructing a price index that reflects these changes. On 

this issue, the work of the United States Department of Agriculture Economic Research Service 

(USDA/ERS) should be used as a blueprint to estimate a hedonic price for fertilisers and 

pesticides, and then derive an implicit quantity index from observed expenditures. 

Measurement of non-priced inputs (climate variables, weather) 

Elements such as rainfall, temperature during the growing season, frequency of weather events 
like frosts, storms, and floods, are regular inputs into the agricultural production process and 
should be explicitly accounted for in the measurement of TFP. When these elements exhibit 
trends over time (as when climate change is occurring), if they are not explicitly accounted for 
in the model they will be gathered in the residual and will bias estimated TFP growth even 
when estimates are averaged over longer periods.



 

 

Dimitris Diakosavvas 

OECD, Paris, France 

Total Factor Productivity (TFP) is an indicator of major interest. It has been 

the main driver of agricultural production growth in most OECD countries 

over the last decades. It remains a long-term determinant of production, 

prices, farm incomes, and countries’ competitiveness on markets and, 

overall, of the ability to feed a population with a finished set of inputs. In the 

future, technological change, and more generally TFP growth, will be critical 

to adjust to global changes and to shift to a more environmentally friendly 

agriculture without socially unacceptable transition costs. The main 

objective of this Insights is to produce guidelines on best practice for TFP 

measurement and the incorporation of environmentally related outputs and 

inputs (by-products) for those involved in constructing and interpreting 

productivity measures. It also summarizes and makes recommendations on 

how to adjust TFP for environmental issues, so that, for example, a 

reduction in pollution ceteris paribus is considered as a gain in TFP. 

  

1 Introduction 
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“The most important uses of productivity statistics are: i) identifying the sources of economic growth; ii) justifying 
the appropriation of agricultural research funds; iii) estimating production relationships; iv) serving as an 
indicator of technical changes; and v) comparing inter-sectoral economic performance” (Gardner et al., 1980) 

1.1 Why this Insights? 

Productivity is viewed as an “engine of growth” and is a closely scrutinised indicator of economic 

performance of a country or a particular sector. Increasing productivity in a sustainable and inclusive way 

is a mainstream activity in the OECD. 

Productivity is a measure of the increase in outputs not accounted for by growth in production inputs. Its 

measurement is a long-standing area of interest in the growth literature, and very few other issues have 

attempted to explain economic growth have generated as much debate as the measurement of total factor 

productivity. 

Total factor productivity (TFP), also termed multifactor productivity (MFP), relates total output quantity to 

total input quantity, to provide an aggregate measure of economic performance. Increasing TFP values 

result from output growth exceeding input growth, indicating improved economic performance. 

Improvements in agricultural TFP are important for the viability of the agricultural sector and are a 

fundamental precondition for sustainable economic growth. TFP growth is seen as a key indicator for the 

evolution of overall agricultural efficiency, as a measure of resource use efficiency and hence of 

sustainability. When agricultural productivity increases, resources (including labour and capital) can be 

released from food production to expand the non-agricultural sectors of the economy; natural resources 

such as land and water can also be used for environmental purposes. Increasing productivity, arising from 

innovation and changes in technology, has long been recognised as the most important source of 

economic growth in agriculture (OECD (1995[1]), (2011[2]); Latruffe, (2010[3])). 

Although there are differences in methods and data, the prevailing literature has reached the general 

consensus that, over the last century, a significant proportion of agricultural output growth in OECD 

countries has been brought about primarily through productivity growth. In the United States for example, 

while for the economy as a whole and for each of its producing sectors input growth typically has been the 

dominant source of economic growth, agriculture turns out to be one of the few exceptions where 

productivity growth dominates input growth (OECD, 2011[4]). 

Globally, the agricultural sector faces multiple changes over the coming decades. It must produce more 

food to feed an increasingly affluent and growing world population that will demand a more diverse diet, 

confront increased competition for alternative uses of finite land and water resources, adapt to climate 

change, and contribute to preserving biodiversity and restoring fragile ecosystems. Improving agricultural 

productivity, while conserving and enhancing natural resources, is an essential requirement for farmers to 

increase global food supplies on a sustainable basis. It is no surprising that increasing the growth of 

agricultural productivity has become a policy priority in several countries, and TFP is now one of the key 

policy performance indicators. 

For example, in Australia and the United States agriculture’s productivity performance has been monitored 

routinely by governments over a long time, while in the European Union productivity regained prominence 

following the 2013 reform of the Common Agricultural policy (CAP), and TFP is now one of the indicators 

used to measure the impact of the European Innovation Partnership for Agricultural Productivity and 

Sustainability.1 

The high attention notwithstanding, there are vast deviations in the actual empirical estimates as 

measuring TFP is particularly complex. The calculation of TFP growth faces many difficulties in terms of 

conceptual, methodological and data (in terms of quality and availability) issues. Productivity measurement 

methods have evolved over time and will continue to evolve as they incorporate improved data and 



   17 

INSIGHTS INTO THE MEASUREMENT OF AGRICULTURAL TOTAL FACTOR PRODUCTIVITY AND THE ENVIRONMENT © OECD 2022 
  

concepts. There is an array of methodologies available, each with its own particular strengths and 

weaknesses and there is no one method that is suitable for all purposes. The ultimate choice depends on 

the specific objective of the individual case in question. 

In agriculture, measurement of TFP has been the subject of an enduring review of cross-country 

agricultural TFP studies, employing a variety of approaches. Availability of data, methodological advances 

and policy concerns on TFP trends, as well as a desire to assess the impacts of policies on TFP in 

agriculture, are the main reasons for the increasing number of empirical studies. Despite its policy 

importance and the voluminous empirical studies on cross-country aggregate agricultural TFP growth, the 

evidence provides a very mixed picture of long-run trends and displays considerable variation across 

countries, regions and studies. There is no full consensus on the most accurate approach for measuring 

TFP. 

TFP is a residual as it accounts for changes in total output not caused by inputs. Hence, its interpretation 

depends not only on which factors are accounted for, but also on how they are measured. Typically, there 

are three types of obstacles to TFP measurement: obtaining appropriate measures of the outputs and the 

inputs that are used, especially primary inputs; capturing changes in quality of outputs and inputs over time 

(or differences across regions in cross section comparisons); and finding appropriate weights on inputs 

and outputs. These three issues are of particular concern in agriculture. 

Existing approaches in various countries show the heterogeneity of what is measured and how it is 

measured. Much relevant data is missing, and there is little co-ordination across statistics-providers in 

different countries. Standardisation of the definitions of outputs and inputs and measurement techniques 

is a prerequisite for more meaningful TFP comparability across countries. Comparison of TFP growth rates 

across countries requires careful interpretation to assure sound policy-relevant. 

Moreover, a major shortcoming of conventional measures of economic performance, such as TFP is the 

fact that they account only for marketed outputs and inputs, while the environmental impacts of economic 

activity or the free provision of resources from nature are overlooked. This omission can be a serious 

source of systematic bias in productivity calculations and lead to incorrect policy conclusions. Productivity 

growth can easily be overestimated in countries where agricultural output growth relies largely on the 

depletion of natural resources or on highly polluting farm practices. While this can generate additional 

output in the short run, it also generates higher externalities, which can impinge on well-being and the 

sustainability of the sector. Conversely, the economic performance and sustainability of agriculture in a 

country that invests in a more efficient use of the environment in production may be underestimated, as 

some inputs do not serve to increase production but to reduce negative externalities associated with it. 

Formidable challenges are involved in incorporating environmental effects in traditional TFP 

measurements of both conceptual and practical nature, such as availability of data, absence of market 

prices for these environmental goods and the decision as to which environmental goods should be 

included. 

Concerns about the environmental impact of economic activity, including agriculture have now become 

central to policymaking. In particular, the negative environmental impacts of agricultural activity are well-

documented and include pollution and the degradation of soil, water and air through the use of pesticides, 

manure and chemical fertilisers (OECD, 2021[5]). 

Agricultural production affects natural resources and influences eco-systems and biodiversity. These 

environmental effects can, in turn, also affect agricultural productivity. Many of the environmental effects 

exhibit the characteristics of negative or positive externalities, for which private markets do not exist or are 

poorly functioning. Therefore, accounting for environmental externalities and the contribution to productivity 

growth of natural assets is of particular importance in the case of the agricultural sector and crucial to 

examining sustainable growth in agriculture.  
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Some of these problems can be addressed by deriving a measure of productivity that is adjusted for the 

use of natural resources and other environmental services. In fact, a TFP indicator that could account for 

the role of environmental services is one of the six headline indicators used to monitor progress towards 

green growth (OECD, 2014[6]). It is also one of the indicators proposed to monitor progress of green growth 

in agriculture (OECD, 2014[7]). 

From a policy perspective, an environmentally adjusted TFP would be key to assess both the economic 

and environmental impact of public interventions. Analysing the factors that drive environmentally adjusted 

TFP could indicate directions for decision makers to follow, in the search for new ways to improve 

environmental performance along with economic performance. For example, governments in OECD 

countries have implemented a wide range of agri-environmental policies with the aim of tackling 

environmental problems and improving the environmental performance of the agricultural sector. These 

policies are likely to affect not only environmental outcomes, but also the economic performance of the 

sector. 

The OECD designed a framework for measuring the environmentally adjusted multifactor productivity 

growth that seeks to incorporate environmental services in productivity analysis for the economy as a 

whole Brand et al. (2014[8]). 

For agriculture, constructing and estimating an environmentally adjusted TFP indicator in agriculture for 

OECD countries is a highly challenging task. In addition to the theoretical refinements required to include 

non-market inputs and outputs, there are also practical challenges that need to be considered, in particular: 

 The lack of data on environmental goods and services at the appropriate geographical scale. 

 Data availability regarding the use of environmental inputs in production and the associated 
costs, in particular, the cost of the depletion and degradation of natural resources and their 
use in consumption and production. 

 The absence of market prices for these goods and services. 

 The extent to which all relevant environmental externalities should and/or could be included 
in the indicator. 

 A lack of a consensus on the definition of environmentally adjusted TFP, with different 
competing approaches and methodologies to calculate or estimate productivity levels and 
changes in the literature. 

1.2 Objectives, scope and target readership 

Given the role of agriculture in feeding populations, trade, and the global economy, national statistics 

agencies and international bodies such as OECD and the UN devote considerable resources to measuring 

agricultural TFP (Box 1.1). More broadly, three international agency manuals guide TFP index construction 

in practice. The United Nations System of National Accounts provides a set of internationally accepted 

standard accounting rules for tracking economic activity in any country, disaggregating the economy into 

production units and household units, whose income represents their economic production (SNA, 2009). 

The OECD Productivity Manual provides a comprehensive theoretical framework for measurement, to 

facilitate international comparisons at different levels of aggregation (2001). 

At the sectoral level, the Eurostat Manual for the Economic Accounts for Agriculture and Forestry applies 

the SNA classification guidelines to the sectoral accounts (EC, 2000). FAO (2018[9]) offers guidelines on 

the measurement of agricultural productivity and efficiency, with an emphasis on developing countries. In 

addition to these, the United States Department of Agriculture Economic Research Service (USDA/ERS) 

Agricultural Productivity Accounts have served as a leading model for measuring agricultural productivity 

(Shumway et al. (2015[10]; 2016[11]). 



   19 

INSIGHTS INTO THE MEASUREMENT OF AGRICULTURAL TOTAL FACTOR PRODUCTIVITY AND THE ENVIRONMENT © OECD 2022 
  

Box 1.1. Key relevant manuals and guidelines 

The Manual on Productivity Measurement (OECD, 2001[12]) is the first comprehensive guide to the 

various productivity measures aimed at statisticians, researchers and analysts involved in constructing 

industry-level productivity indicators. It presents the theoretical foundations to productivity 

measurement, and discusses implementation and measurement issues. Although agricultural and 

environmental issues are not explicitly considered, this publication is considered as the model followed 

by the present Insights on agriculture. 

The OECD Manual on Capital (2009[13]), which complements OECD (2001[12]), provides an important 

link between the SNA and productivity measurement. It also maintains an emphasis on an integrated 

approach to measuring capital in order to ensure consistency between the various stock and flow 

measures. 

FAO (2018[9]) guidelines provide recommendations on the measurement of agricultural productivity, 

with an emphasis on developing countries. The environmental and sustainability dimensions of 

productivity are not addressed explicitly, while issues such as quality adjustments or index number 

formulations are addressed with the level of detail that countries with the most advanced statistical 

systems may require. The Guidelines are applicable to the entire data cycle ‒ from the collection of 

basic data to the compilation of final indicators – and target an audience of economists, statisticians 

and agronomists that are familiar with farm-level data collection and analysis. They build upon work 

published by FAO and other organisations as well as on the findings of technical assistance activities 

conducted in developing countries, especially in sub-Saharan Africa. 

The EC (2000) Manual deals specifically with agriculture. Given that its purpose is to construct an 

account in the manner of a national account, the focus is not on productivity measurement and so some 

measurement issues (such as those related to operator and unpaid family labour) are not covered very 

completely (or at all). Moreover, environmental issues are not addressed. 

EC/IFM/OECD/UN/WB (2009), while only part of this manual is relevant to the building of a production 

account for agriculture, provides guidance on a variety of issues from the treatment of inventories mixed 

income. 

The System of Environmental Economic Accounting – Central Framework (SEEA CF) is a statistical 

framework consisting of a comprehensive set of tables and accounts and provides information related 

to a broad spectrum of environmental and economic issues (United Nations, 2014[14]). However, it does 

not include guidance on the valuation of renewable and non-renewable natural resources and land that 

go beyond values already included in the SNA. 

The System of Environmental-Economic Accounting for Agriculture, Forestry and Fisheries (SEEA 

AFF), a sub-system of the SEEA Central Framework (SEEA CF), provides an integrated framework for 

organising environmental and economic data of agriculture, forestry and fisheries with a view to 

supporting the mainstreaming of environmental information in economic planning, development policy 

and analysis and monitoring (FAO and UN, 2020[15]). Its data coverage is rather broad, including data 

in both monetary and biophysical terms across ten primary data domains. The SEEA AFF does not 

currently incorporate the accounting approach described in the SEEA Experimental Ecosystem 

Accounting (SEEA EEA) as the data needed to underpin ecosystem accounting, including 

measurement of ecosystem services and ecosystem condition, are not sufficiently advanced for 

systematic implementation at country level. 

Shumway et al. (2015[10]; 2016[11]) reports on an external review of the USDA/ERS agricultural 

productivity accounts for US agriculture. The USDA/ERS methodology used to measure output and 

individual input components in the production account are critically reviewed. This is a very relevant 
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and up to date source because it identifies possible solutions to many of the issues identified in the 

outline above. 

G20 MACS White Paper reports the findings and recommendations of the G20 Meeting of Agricultural 

Chief Scientists Working Group which was formed to review the status, quality and comparability of 

existing TFP measures (Fuglie et al., 2016[16]). It also discusses additional metrics for assessing how 

natural and environmental resources are affected by agricultural production and productivity. 

The main objective of this Insights is to produce guidelines on best practice for TFP measurement and the 

incorporation of environmental effects. More specifically: 

 Provide practical and non-technical guidelines to TFP measurement of the aggregate agricultural 

sector, incorporating environmentally related outputs and inputs (by-products) for those involved 

in constructing and interpreting productivity measures, in particular statistical offices, other relevant 

government agencies and productivity researchers. The Insights would be an important resource 

for countries to use when building a production account for agriculture and it will assist in achieving 

consistency in approach and data. This in turn would increase the validity of cross-country 

comparisons of TFP, whether in growth rates or levels. 

 Improve international harmonisation of data and methodologies: The Insights provides practical 

guidance about desirable properties of productivity measures, data and concepts. In particular, the 

Insights provides information on measurement issues that have either been neglected, overlooked 

or given insufficient treatment in existing manuals to the practitioner seeking to build an agricultural 

productivity accounts. This, for example, includes issues such as: linking by-product concepts to 

production accounting; incorporation of weather effects; treatment of agricultural subsidies; 

importance of operator and unpaid family labour, which needs to be valued indirectly; and 

characteristics of land input. 

 Provide an analytical framework on measuring aggregate agricultural TFP accounting for 

environmentally related outputs and inputs. 

 Provide cross-country pilot studies and illustrative examples on incorporating environmentally 

related outputs and inputs, such as greenhouse gas (GHG) emissions, water pollution and climate 

change in TFP measurement for agriculture.  

1.3. Coverage and structure 

These Insights first focus on the measurement of total factor productivity at the aggregate agricultural 

sector. 

Second, it does not cover productivity measures of production activities beyond the production boundary 

of the System of National Accounts (SNA), in particular up-stream and down-stream activities. 

Third, the environmentally-related outputs and inputs covered are: water (quality and quantity); soil quality 

and carbon sequestration; greenhouse gas (GHG) emissions; biodiversity and ecosystem services; and 

climate change (weather). 

Fifth, these Insights focus on measures of productivity growth rather than on the international comparison 

of productivity levels.  

Sixth, these Insights focus on growth accounting methods (index numbers) of productivity measurement, 

which is also the approach adopted by the OECD (2001[12]). This choice was made because the Insights’s 

primary audience is statistical offices and other regular producers of productivity series. Econometric 

methods, as opposed to non-parametric approaches to productivity measurement, are tools more 

frequently used in the context of singular, academic research projects. Methods that use econometric or 
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semi parametric (e.g. Data Envelopment Analysis techniques) estimates of the technology ‒ through a 

production function, a distance function or any dual function (e.g. profit, revenue or cost function) ‒ are not 

considered here. Clearly, reference to the underlying functional form that can represent the technology is 

very useful. It is important that TFP indexes are consistent with micro-economic theory if baseless ad hoc 

approaches, and the related incoherence and paradoxes, are to be avoided. However, direct estimates of 

TFP based on shift parameters in a production function, or the estimate of production envelope hardly 

match the requirements of national statistical institutes.2 

Seven, the Insights builds primarily on background papers prepared and presented at meetings discussing 

the OECD co-ordinated framework on Total Factor Productivity and the Environment (http://oe.cd/eatfp) 

and other relevant published work. The OECD Manual on the measurement of aggregate and industry-

level productivity growth (OECD, 2001[12]) serves as a standard reference for the theoretical foundations 

to productivity measurement, its implementation, and measurement issues. To ensure consistency with 

international accounting standards, the Insights is also linked to established international accounting 

standards, in particular the UN System of National Accounts, the UN System of Environmental-Economic 

Accounting for Agriculture, Forestry and Fisheries (SEEA AFF) framework, and other relevant reports and 

manuals (Box 1.1). 

These Insights are organised into three parts which focus on methodologies to measure TFP, the 

measurement of gross outputs, and the measurement of inputs.  

In Part I, Chapter 2 provides a brief introduction and overview of what economists mean by productivity 

and productivity growth, and a brief summary of some of the more pressing issues facing the study of 

agricultural output growth. An overview of the methodological approaches is also provided. Chapter 3 

develops the challenges and methodologies used to incorporate environmental outcomes, as well as a 

stylised analytical framework which integrates by-products in agricultural TFP measurement. 

Part II analyses the measurement of gross outputs. Chapters 4, 5, 6 and 7 discuss respectively the 

measurement of commodity outputs, the measurement of non-commodity outputs ‒ including greenhouse 

gases (GHGs) ‒ the measurement of water quality, and the measurement of ecosystem services and 

biodiversity. 

Part III focusses on inputs. Detailed discussions focus on the measurement of traditional inputs: labour 

(Chapter 8), non-land capital (Chapter 9) and land (Chapter 10). Chapter 11 focuses on soil quality and 

Chapter 12 on intermediate inputs. Finally, Chapter 13 addresses issues on the measurement of non-

priced inputs, such as climate and weather. 
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Few would argue with the proposition that agricultural productivity growth 

has been an important driver of economic development in the post-war era. 

What that statement leaves unsaid, however, is what "productivity growth" 

means. This chapter is intended to give non-economists both a brief 

introduction and an overview of what economists mean by productivity or 

productivity growth, as well as a review of existing methods of 

measurement. We will first try to explain what "productivity" means and 

then follow with an overview of why measuring it and understanding its 

drivers are important. A summary of some of the most pressing issues 

facing the study of agricultural output growth is included.  

2  Agricultural Total Factor 

Productivity: Review of 

methodological approaches and 

empirical studies 
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2.1. What is Total Factor Productivity? 

Productivity is one of those words that all seem to understand, yet all seem to define differently. To the 

man in the street it means one thing, to an experimental scientist something different, and something else 

to an economist. Moreover, there are different types of productivity. In agriculture, one often hears of at 

least four: land productivity (yield), labour productivity, capital productivity, and total factor productivity 

(TFP). The last is our primary interest, but to understand it, it helps to have a grasp of the others. 

To most, the notion of an agricultural yield is basic. It is simply the amount of a crop (product) produced 

divided by the amount of land used to produce it. An economist would refer to this as the average product 

of land in producing the crop, or more quickly as land productivity. Labour productivity is defined in an 

exactly parallel manner by replacing land in the denominator by labour, and capital productivity by using 

capital as the denominator. 

That brings us to total factor productivity. The question that is so clearly begged is "What goes in the 

denominator?" The answer is, all of the inputs. At first, and perhaps at final, blush that does not make 

sense because we are taught from infancy that you cannot meaningfully add different things such as 

"apples and oranges". If that is true, how can one meaningfully add capital, labour and land? That is a 

good question, but an even better (and equally practical) question, is: how does one add labour from one 

individual to that of another individual? No one would dispute that some workers are better than others. 

So, if one worker’s labour is not the same as others, how can they be added? 

The economist’s answer is to convert each into common units that permit either addition or comparison. 

That leads directly to the index-number problem, which broadly speaking involves developing methods for 

comparing economic variates across time, place, market conditions, and other settings. So what actually 

goes into the denominator in making the TFP calculation is an index that measures all the inputs to the 

production process. 

It is not essential for our purposes to understand the details of these indexing procedures. Index numbers 

are simultaneously mundane and exotic. They are mundane in the sense that anyone with a passing 

familiarity with day-to-day economics hears about and may even talk about them all the time. Common 

examples are Gross Domestic Product (GDP) and the Consumer Price Index (CPI). The former is an index 

of national output that is key to discussions of economic growth, the latter is a price index that is central to 

measuring inflation. So they are familiar. 

They are also exotic because the actual procedures for constructing them is complicated and is based on 

refined and rather arcane mathematical arguments. So, let us just agree for the moment that indexing can 

be done, and that the results can be interpreted as meaningful representations of inputs and outputs. 

Figure 2.1 illustrates some possibilities by portraying the post-war behaviour of five different agricultural 

productivity measures for the United States: TFP, land productivity (APLand), capital-equipment 

productivity (APEquip), labour (APLabour), and materials productivity (APMaterials).1 Each is defined as 

the index of agricultural output divided by an appropriate input index. 
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Figure 2.1. US Agricultural productivities, 1948-2015 

 

The principal takeaway message is that they differ and that the differences convey different perspectives 

on the performance of the agricultural economy. The labour productivity and capital-equipment productivity 

measures illustrate. Between 1948 and 1985, US agriculture more than doubled its use of capital 

equipment. In the same interval, labour use shrank to approximately a third of its 1948 level, while output 

almost doubled. These changes are manifested as capital productivity falling over that period and labour 

productivity steadily rising. 

How one interprets those trends, however, can be tricky. For example, saying capital productivity fell 

evokes a qualitative sense that capital’s usefulness deteriorated. Similarly, saying labour productivity rose 
evokes the sense that labour has improved. A more nuanced and more appropriate interpretation is that 

the increased use of machinery made it possible to realise more output per hour worked by the farmer. 

Other factors, of course, including education, contribute to labour’s increased productivity, but no small 
part of it arises because an individual stumbling behind a mule-drawn harvester can harvest less per hour 

than one sitting in the air-conditioned cab of a mammoth combine. 

TFP helps us sort through such input-specific differences. Among other things, it helps us identify how 

changes in the quality and form of inputs (e.g. combines versus mules) contribute to changes in the 

quantity, the quality and form of agricultural outputs. It is meant to provide a reliable measure of the relative 

return being realised from all inputs, while simultaneously accounting for changes in both product and input 

quality. 

2.2. Why TFP is important 

To specialists in production economics, TFP is interesting in and of itself. That is natural. The real 

importance of TFP, however, lies in its role as a primary determinant of agricultural output growth. To 

economists, outputs are those things (goods, services and non-tangibles) that we consume and use in our 

daily lives. Because food is a necessity, when we are talking agricultural TFP, we are talking long-term 

survival and sustainability of our species. Melodramatic, perhaps, but nevertheless true. 

To explain why, we are going to walk through some equations. They are actually identities, so the basic 

ideas are simple. They are also powerful and clarify what the last paragraph meant. There are only three 

terms (variables): output (short for agricultural output), pop (short for population), and input (short for 

agricultural input). Starting slow, 
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If you read this as saying, agricultural output divided by population equals agricultural output divided by 

population, you got it right. Remember it is an identity. If you read it as per capita agricultural output equals 

per capita agricultural output, you are talking economics. Now let us complicate things a bit by multiplying  

the right-hand side by one in the form of    to get 

 

which can be rearranged as 

 

because = 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
𝑖𝑖𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜  . 

The first version simply repeats that per capita agricultural output equals per capita agricultural output 

(times one). The second line, however, says something substantive. It says that per capita agricultural 

output equals TFP times per capita agricultural input use. 

Converting this identity into growth terms gives: 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ (
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

𝑜𝑜𝑜𝑜𝑜𝑜 ) = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ (𝑇𝑇𝑇𝑇𝑇𝑇) + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺ℎ (𝑖𝑖𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜
𝑜𝑜𝑜𝑜𝑜𝑜 ) 

To see why that is important, let us look at it not from a country perspective, but from a global perspective. 

What it is telling us is that food availability can grow or decline in two ways: either as a result of a matching 

change in TFP or as a result of matching change in : Given the current state of the world, it would be 

great if both TFP and  grew because that would signal an increase in food availability. But because 

agriculture as an industry depends critically upon a natural-resource base, that does not seem sustainable 

in the long run. So, let us take the extreme case where Growth (TFP) is zero and Growth  eventually 

becomes negative. This is Parson Malthus’s world. Indeed, one way of reading our identity is as an 
economist’s explanation of why Parson Malthus (so far) was wrong. And for him to continue to be wrong 
in a world of a finite natural-resource base, it is inevitable that Growth (TFP) will have to be positive. 

You, of course, can make your own assessment of how likely it is for  to go up or down over the future, 

but first consider another picture. Figure 2.2 depicts aggregate US agricultural input use over the post-war 

era. If you are reading that figure as saying that input use has remained basically unchanged, you are 

reading it correctly. 

And that is not a statistical quirk. Instead, it reaffirms a pattern that was first noticed in 1948 by Barton and 

Cooper (1948) whose analysis indicated that aggregate input use in 1945 was approximately the same as 

in 1910. Combining their analysis with Figure 2.2, we see that US agricultural input use has been 

remarkably stable for the last 110 years. That same period witnessed a dramatic expansion in per capita 

US agricultural output even as per capita input use fell. Conclusion: TFP grew even more rapidly than per 

capita output. 
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Figure 2.2. US agricultural input, 1948-2015 

 

Figure 2.3 illustrates this phenomenon in a slightly different way. It is a less busy version of Figure 2.1 that 

only compares US land productivity and TFP behaviour over the post-war era. You will note the extremely 

close agreement between the two. In fact, for the last 35 years, the agreement is almost exact. Interpreting 

land as an approximate measure of our fixed resource base, what this says is that agricultural output 

growth is possible even in the face of resource constraints. 

That is an encouraging message, provided TFP growth is sustainable. We cannot claim the phenomenon 

illustrated in Figure 2.3 holds true more broadly. But we also cannot claim that it does not because we 

simply do not know. What is surely true is that it seems to hold for the three countries (Australia, Canada, 

and the United States) for which we have the most reliable official agricultural TFP statistics. 

We close this section by returning to a country-level perspective and a reminder of the obvious. Formulating 

an agricultural policy is the business of policy makers. Executing an agricultural policy is the business of 

bureaucrats and policy implementers. We will not pretend to teach either group their job. But evaluating 

the success or failure of a policy requires understanding its impacts. At a sector level, that requires 

understanding what has happened to the sector’s product and what is likely to happen. 

We have been calling that product output and have shown that the two determinants of output performance 

are TFP behaviour and input behaviour. Therefore, it is axiomatic that evaluating policy performance 

accurately requires an accurate assessment of TFP. And assessment necessarily requires measurement.  

Broadly speaking, outside of agriculture the best available data suggest that roughly 85-90% of US output 

has been explained by input growth with the remainder attributable to productivity growth. That means, for 

example, that if the non-agricultural sector is going to grow quickly, historical experience suggests rapid 

input growth is needed. In US agriculture, the story is reversed. Output growth is going to require sustained 

TFP growth. 
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Figure 2.3. Land productivity and agricultural TFP, 1948-2015 

 

2.4. Challenges 

We now outline some of the more salient issues relating to agricultural TFP measurement and, more 

broadly, to agricultural output growth. 

Availability 

You have surely noticed that we have exclusively used US data to illustrate. That is because official data 

on agricultural productivity are scarce. As just one example, a parallel OECD-level data set does not exist. 

The OECD productivity website reports productivity data for two broad categories: BNEXCL, non-

agriculture business sector excluding real estate, and GNEXCL, business sector services excluding real 

estate. The primary mission of the OECD co-ordinated Network on Agricultural Total Factor Productivity 

and the Environment is to foster developing agricultural productivity accounts that are comparable across 

countries. 

Technical issues 

Agriculture, as a sector, is unique in many ways. Therefore, measuring agricultural TFP faces unique 

problems. It also faces problems common in other sectors. Painting with a broad stroke, the latter include, 

among others, integration of by products (bad outputs) into productivity accounts, proper capital 

accounting, proper treatment of government support or subsidisation, proper accounting for quality change 

in both inputs and outputs, consistently aggregating farm-level data to aggregate productivity accounts, 

linking productivity accounts to national accounting systems, and ensuring comparability across regions 

and industries. 

Problems more peculiar to agriculture relate to its inherent nature. For example, agricultural problem is 

stochastic. It depends upon inputs such as moisture, temperature, radiation, and others that producers 

cannot control. These are important determinants of agricultural production. And activities undertaken to 
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mitigate (e.g. irrigation) potentially bad outcomes are incorporated into existing agricultural productivity 

accounts. 

But the outcomes of the random inputs are not. Instead, agricultural production is treated as though it were 

non-stochastic. Improvements are being developed, but remain rudimentary. This makes it very difficult, 

for example, to assess with any degree of confidence the likely effect perceived climate change will have 

upon agricultural production. 

Another example comes from agriculture’s reliance on the natural resource base. Soil quality helps 

illustrate. Soil quality is degradable by improper rotation, erosion control, and other management practices. 

Degradation, in turn, has implications for future productivity. Properly speaking, soil quality is both an input 

and an output (economists call this an intermediate product). Its quality going in affects production, but the 

production process affects soil quality going out. We know this objectively, but this dynamic is not 

recognised in productivity accounting. 

Policy matters 

The takeaway message is that we can only continue to feed the world and improve people’s well-being if 

agricultural TFP continues to grow. Given the vast growth seen in many OECD countries, you could be 

forgiven for taking that for granted. Nevertheless, you may well be wrong. The best available information 

comes from a study of 17 OECD countries conducted by a team of economists from the United States, 

Australia, Canada, and Spain. They report that after 2000 TFP growth in those 17 countries was, on 

average, approximately 0.5% on an annual basis. That 0.5% is roughly one-third the rate that it had grown 

in the previous 30 years. A number of other independent studies have come to similar conclusions. What 

happens if that pattern holds true, and we see another 60% drop between now and 2040? 

Several contributing factors have been identified. Prominent among them are decreased public support for 

research in agriculture. Another, which you will hear more about later, are climatic factors. It is still early 

days, but the existing evidence suggests that climate change has a perceptible and measurable effect on 

productivity growth. Unfortunately, it does not seem to be positive. Instead, climate change seems likely to 

present important challenges to maintaining productivity growth in many areas of rain-fed agriculture. 

Can anything be done? A good question! But designing practical solutions requires understanding not only 

the root cause of the problem but also the consequences of alternative ameliorative policies. And that is 

simply not known. For example, one potential solution might be to devote more public resources to 

research and development (R&D) in agriculture. Those of us in the universities would be happy to accept. 

But it is not clear that is the answer. 

One reason that is true is because the bulk of our knowledge about the returns to R&D comes in the form 

of empirical evaluations of how R&D expenditures and other "productivity drivers" have affected measured 

TFP growth. If the latter is not properly measured, returns cannot be properly assessed. Drawing on 

existing evidence, yet another potential policy might be to foster rapid improvements in irrigation and other 

means of addressing water stress. But irrigation carries its own host of associated problems such as 

groundwater pollution, soil salinization, and environmental degradation whose impacts on agricultural 

output growth is only imperfectly understood. 

The bottom line is that the best information available on productivity performance that is both widely 

replicable and comparable across countries is the study conducted upon those 17 OECD countries. Three 

closing comments are relevant on this study. Those countries constitute less than half of OECD countries. 

The study was conducted outside the OECD umbrella by economists working in a small subset of the 

OECD countries. Finally, the study has shortcomings which the OECD co-ordinated Network on 

Agricultural Total Factor Productivity and the Environment is trying to address. 
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2.5. Agricultural Total Factor Productivity: Review of methodological approaches 

and empirical studies  

While the concept of agricultural TFP is reasonably simple, it remains challenging to measure it in practice. 

Since publication of the pioneering works of Schultz (1953), Solow (1957[1]) and Griliches (1964), 

voluminous literature devoting to the measurement and analysis of productivity at different levels of 

aggregation has appeared. Several methods to aggregate inputs and outputs are available, resulting in 

different approaches to measuring TFP. The currently used methods to measure TFP growth on economy-

wide or sectoral-wide levels across countries can be categorised into two main approaches – frontier and 

non-frontier approaches. 

The crucial distinction between frontier and non-frontier approaches lies in the definition of frontier. The 

frontier approach assumes that there exists an unobservable function (the production frontier or best 

practice function) corresponding to the set of maximum attainable output levels for a given combination of 

inputs and technology. 

Apart from this, a key advantage of the frontier approach is that it decomposes the changes in TFP into 

technological progress (innovation) and technical efficiency change (catching up); the former is associated 

with changes in the best-practice production frontier (outward shifts of the production function), and the 

latter with changes in the efficiency with which a known technology is applied, learning by doing, improved 

managerial practice, etc. (movements towards the production frontier). On the other hand, the non-frontier 

approach assumes that all production units are technically efficient and considers technological progress 

as a measure of TFP growth. This difference results in different interpretation for TFP growth for the two 

approaches.  

This distinction is essential for policy formulation, especially in the context of analysing the environmental 

performance of agriculture, where identifying TFP growth with technological progress can overlook the fact 

that technical efficiency change could be the most relevant driver of the total change in TFP. For example, 

introduction of new technologies without having realised most of the potential of already existing ones 

might not be meaningful. 

A feature common to both the frontier and non-frontier approach is that both can be estimated using 

parametric and non-parametric methods. In the parametric method, an explicit functional form is specified 

for the frontier and the parameters are estimated econometrically, using sample data for inputs and 

outputs. This implies that the accuracy of the derived estimates is sensitive to the functional form specified. 

Moreover, in parametric estimations of the production function, the problem of simultaneity bias usually 

arises because the right-hand side variables containing the inputs are not exogenous.2 The principal 

advantage of the non-parametric method is that it is parameter-free and does not assume any functional 

form. The major drawback is that no direct statistical tests can be carried out to validate the estimates. 

The main methods in the non-frontier approach include the following: index number, growth accounting 

approach (GAA) and econometric method. Traditionally, the frontier field is dominated by the two 

approaches: the axiomatic, non-parametric Data Envelopment Analysis (DEA) and the probabilistic, 

parametric Stochastic Frontier Analysis (SFA). While all these approaches – GAA, econometrics, DEA and 

SFA – seek to calculate a given index number, they necessarily arrive at somewhat different results due 

to different simplifying assumptions. In addition, the conceptual and methodological differences imply 

differences in interpretation of these results. 

Most importantly, while under GAA, TFP is a function of only its own inputs and outputs, under the other 

approaches reviewed here (econometric and frontier techniques) the result depends also on the 

performance of other countries in the sample, notably – (i) the best performers (those that lie on the frontier) 

in the case of DEA and SFA, and (ii) all countries (not only best performers) in the case of econometric 

analysis. Therefore, efficiency scores might be overestimated if the most efficient countries worldwide are 
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not included in the sample at hand (and hence the inefficient countries form the frontier). With the exception 

of GAA, all other methods are potentially sensitive to sampling variation because interpretation of results 

is always relative to countries in the data sample.3 Table 2.1 gives a snapshot of different approaches 

available and their main features. 

Table 2.1. Alternative methods of TFP measurement: Key differences 

 Growth accounting Econometric method DEA SFA 

Handling multiple inputs 

and outputs 
Simple Complex Simple Complex 

Specifications of 

production function 
Required Required Not required Required 

Sensitive to outliers Yes Not much Very Not much 

Prevalence of high 

collinearity among inputs 
Likely Likely Less likely Likely 

Measurement error (noise 

in data) 

Sensitive Less sensitive than DEA Highly sensitive Strong distributional 

assumptions required 

Assumes efficiency Yes Yes No No 

Statistical testing Not possible Straightforward Sensitivity analysis 

possible, but complex 

Straightforward 

Data requirements High (monetary values of 

all outputs and inputs) 

Sensitive to data sample Flexible; moderate sample 

size is required 

Flexible; large sample size 

is required 

This section provides insights on two main issues. First, it presents a concise, non-technical review of the 

literature on the most widespread approaches used to measuring traditional and environmental TFP in 

agriculture across countries, highlighting their strengths and weaknesses. Second, it provides a literature 

review of empirical studies calculating inter-country agricultural TFP and environmentally adjusted TFP. 

Index numbers4 

The index number approach to calculating productivity entails dividing an output index by an input quantity 

index to give a productivity index. The theory underpinning the TFP productivity index assumes that 

producers maximise profits so that the elasticity of output with respect to each input is equal to its factor 

share. It also assumes that markets are in long-run competitive equilibrium (where technology exhibits 

constant returns to scale) so that total revenue equals total cost.5  

A first choice that must be made for comparisons over several periods is whether to compare two periods 

directly (say, between period 0 and period 2), or indirectly (in which case the change between period 0 and 

2 is derived from the change between period 0 and 1, combined with that from period 1 to 2). The 

economics literature, as well as the 1993 System of National Accounts, are unanimous that inter-temporal 

comparisons over longer periods should be obtained by chaining (i.e. by linking the year-to-year 

movements). When indices are based on weights that only reflect conditions in a base period that is several 

years away from the comparison period, there is a risk of weights being out of date and this may introduce 

a bias into the price or volume measure. 

The major difficulty with the index number approach is in aggregating various outputs and various inputs. 

The index number theory provides several different index formulae that try to address this issue by using 

prices or output shares to weight the various different kinds of outputs.6 Several ways of aggregation lead 

to different TFP indices. The classic Laspeyres, Paasche, and Fisher ideal indices apply the observed 

prices of inputs and outputs as index weights. The widely used Törnqvist index is a weighted geometric 

mean, where the weights are defined as cost shares for inputs and revenue shares for outputs (Box 2.1). 

Each index implicitly assumes a specific underlying production function. For example, the Laspeyres index 

implies a Leontief production function, while the Törnqvist index is consistent with a translog function 
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(Capalbo, Ball and Denny, 1990[2]; Coelli and Rao, 2005[3]). The Malmquist index (and its variants (e.g. the 

Malmquist-Bjurek and Malmquist-Luenberger productivity indices), resolve the aggregation problem by 

using marginal rates of substitution or transformation, also referred to as shadow prices.7 

Diewert (Diewert, 1976[4]) showed that there are functional forms (such as the translog functional form or 

the quadratic functional form) can be exactly represented by certain index number formulae that he called 

“superlative” index numbers. This provides a strong economic rationale for the use of superlative index 
numbers, such as the Fisher ideal and the Törnqvist index. Empirically, it turns out the choice between 

different types of superlative indices matters little and can thus be left to the individual researcher. 

Box 2.1. Economic Index Theory 

Economic index theory connects index number formulae to the theoretical assumptions made for 

economic production processes, often termed the production theoretic approach to index numbers. A 

rich literature now exists in this area, pioneered by Fisher (1922[5])(1922), Malmquist (1953), Jorgenson 

and Griliches (1967[6]), Diewert (1976[4]), and Caves et al. (1982[7]). The Laspeyres, Paasche, Fisher 

and Törnqvist indices emerge as the most widely implemented indices under the production theoretic 

approach. Laspeyres and Paasche indices aggregate quantities using base vs. current period values, 

respectively. The Fisher index takes the geometric average of the Laspeyres and Paasche indices, 

while the Törnqvist index weights this geometric average by the individual quantity component shares. 

O’Donnell (2010[8]) overviews these indices for aggregate quantities, letting  

denote aggregate inputs, outputs, and their respective prices in time t. 

Corresponding aggregator functions, Xt and Qt, combine input and output quantities into a single scalar 

value, so that aggregate productivity in time . To measure 

TFP change from a given base period, time s, to time t, the corresponding TFP index is 

, where  and . Additionally, let shmt denote the 

cost share of the m-th input and shnt denote the income share of the n-th output. Using this notation, the 

four indices above can be defined as: 

Laspeyeres:  

Paasche:  

Fisher:  

Törnqvist:  

The input and output components of the Törnqvist index are commonly defined in log form, giving rise 

to its alternative name, the translog index. Diewert and Nakamura (2003[9]) review each of these indices, 

including key properties from index theory, their associated decompositions into efficiency, revenue, 

and cost share changes, and provide an axiomatic framework for choosing the appropriate index in 

practice. Note that each of the indices incorporate price-based weights for aggregation. As O’Donnell 
(2010[10]) explains: The intuition behind the use of price-weighted aggregator functions is that we should 

use weights that reflect the relative importance, or value, of each input or output to the firm. Efforts to 
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include non-marketed ecosystem values draw on a similar intuition, using non-market valuation 

methods to estimate their relative values for aggregation. 

The Malmquist (Malmquist, 1953[11]) quantity index is also widely applied to estimate TFP, stemming in 

part from the seminal work of Färe et al. (1994[12]). As OECD (2001[13]) notes, the Malmquist index, 

which is based on distance functions, relaxes two strong assumptions made by the four indices above: 

i) firms or establishments are economically efficient; and ii) technologies exhibit global constant returns 

to scale. Real production processes, including agriculture, likely violate these assumptions to varying 

degrees. As it does not entail assumptions about economic behaviour (profit maximisation or cost 

minimisation) and therefore does not require factor prices in its construction, but only quantity 

information. This property is particularly attractive in the context of inter-country analysis of agricultural 

TFP, where usually market prices for the inputs across countries are not readily available. 

The Malmquist index can also be related to the Fisher and Törnqvist indices in exact representation 

terms, by specifying the composite distance functions in quadratic form for the first case and translog 

form for the second case. The Malmquist index also allows for a number of economically meaningful 

decompositions of TFP, most notably into separate measures of efficiency change and technology 

change (Caves et al. (1982[7]); Diewert (1992[14]); Färe et al. (1994[12]), although O’Donnell (2010[8]) 

critiques this decomposition due to the Malmquist’s lack of multiplicative completeness. One additive 

indicator analogue, as O’Donnell (2010) notes, to the Malmquist is the Luenberger (1995) indicator, 

which employs non-radial directional distance functions. The Luenberger does satisfy the completeness 

property (in differenced, rather than ratio form), along with several other desirable index properties 

(Chambers, Chung and Färe, 1996[15]). 

Notwithstanding its advantages, the Malmquist index method also has disadvantages. In particular, it is 

sensitive to the set of countries compared and to the number of variables in the model (Lusigi and 

Thirtle, 1997[16]). Without a large cross-section of countries, TFP estimates are likely to suffer from 

measurement error. Also, estimates from Malmquist index numbers often seem implausible, possibly 

because of the unrealistic implicit shadow prices derived from aggregation (Coelli and Rao, 2005[3]; 

Headey, Alauddin and Prasada Rao, 2010[17]). 

The Growth Accounting Approach (GAA) 

The Growth Accounting Approach (GAA) is one of the most popular approaches for estimating agricultural 

TFP, due to its simplicity and flexibility in modelling the multi-output and multi-input production process.8 It 

is also easier to understand, more easily replicable, consistent with the national accounting framework and 

more preferable by statistical agencies than other alternatives. Consistent with OECD (2001[13]), this 

Insights also recommends the use of GAA for measuring aggregate TFP in agriculture. 

Studies that have used this approach differ from each other in three aspects: the choice of aggregation 

method, the definition of the production account and the method used to compile data. The approach gives 

TFP growth rates, but not TFP levels. TFP growth is measured as a residual — that is, it is the difference 

between the growth rate of output and the growth rate of (measured) inputs. The method employs a 

“superlative” index (typically, a Fisher or Törnqvist index) to aggregate output and input quantities, using 

revenue and cost shares as corresponding weights.9 (Box 2.2 contains a mathematical presentation of the 

GAA). 

Growth accounting is an estimator of technical change that does not have a stochastic term. Therefore, 

the model is not estimated statistically. As a result, the usual test statistics used in econometric work cannot 

be applied to growth accounting. On the other hand, the GAA makes it easy to calculate the change in 

TFP from year to year, while, for example, the econometric estimation provides an average rate for a given 

period. 
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Box 2.2. Growth Accounting Method 

Underlying the growth accounting framework approach is an assumed production function:  

𝑌𝑡 = 𝐴𝑡  𝑓(𝐾𝑡 , 𝐿𝑡 , 𝐼𝑡) (1) 

where 𝑌𝑡, 𝐾𝑡 , 𝐿𝑡 , and 𝐼𝑡 represent output, capital, labour, and intermediate inputs (energy, materials 

and services inputs) in year t respectively, and 𝐴𝑡 represents total factor productivity (TFP) in year t.  

After differentiating equation (1) with respect to time and making a number of assumptions regarding 

the underlying production function,𝑓, an index of TFP growth is derived that is calculated from the 

equation:  

ln (
𝐴𝑡

𝐴𝑡−1
) = ln (

𝑌𝑡

𝑌𝑡−1
) − 𝑆𝐾 ln (

𝐾𝑡

𝐾𝑡−1
) − 𝑆𝐿 ln (

𝐿𝑡

𝐿𝑡−1
) − 𝑆𝐼 ln (

𝐼𝑡

𝐼𝑡−1
)  (2) 

where Y, K, L and I are as above, and 𝑆𝐾, 𝑆𝐿, and 𝑆𝐼 are weights used for each input type reflecting their 

contributions to total industry income (and which collectively sum to 1).  

TFP growth is thereby calculated as a residual, and reflects that part of the change in output from one 

year to the next that cannot be explained by the observed change in inputs.  

When TFP growth is negative, it implies a decline in the efficiency of production — that is, an increase 

in the overall quantity of inputs is required to produce each unit of output — and vice versa. 

The standard interpretation of TFP growth is that it traces disembodied technological progress, such as 

improvements in how businesses organise their production processes that allow them to reduce input 

requirements per unit of output, or to produce a greater quantity of output from a given quantity of inputs. 

In practice, however, the conventional growth-accounting estimates of TFP reflect the combined influence 

of any number of factors that might lead to a difference between measured output growth and measured 

input. According to the OECD, many factors other than technology are reflected in the TFP residual, 

including adjustment costs, scale and cyclical effects, pure changes in efficiency, and measurement errors 

(see OECD 2001[13], p. 20). 

One advantage of the GAA is the possibility to link results into the broader macro-economic picture when 

output and input variables are measured in a national accounts framework. This can be of considerable 

analytical interest if there is interest in comparing agricultural TFP growth to those of other sectors and to 

assess its contribution to economy-wide economic performance. 

The GAA for calculating agricultural TFP across countries has two desirable features: i) as the approach 

does not involve the estimation of parameters, long-time series data are not needed; and ii) is compatible 

with the OECD approach at country level. 

However, the measurement of TFP using the GAA poses a certain number of challenges: Firstly, it is 

demanding in terms of data, because requires not only data on quantity, but also data on the prices of all 

inputs and outputs included in the calculation. The price data requirement can be a problem, especially in 

the case of non-marketed outputs or inputs. 

Second, this method poses some conceptual challenges. Critical to this approach is the specification of a 

production function that defines what level of output can be produced at some particular time given the 

availability of various inputs (usually capital and labour). The GAA relies on several critical assumptions: 

constant returns to scale, perfect competition and full capacity utilisation are necessary. If these 

assumptions are violated, the TFP growth estimates would be biased. Several problems, of both concept 

and measurement, associated with growth accounting, have been identified in the literature (Griliches, 

1987[18]; 1994[19]).  
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Further, the use of a functional form other than a Cobb-Douglas production function will often mean that it 

is not appropriate to equate output elasticities with factor income shares. Consequently, the use of a 

different production function yields different results compared with TFP estimates based on a Cobb-

Douglas production function. 

The econometric approach 

The econometric approach to productivity measurement is appealing for being based solely on 

observations of volume outputs and inputs. It involves estimating the parameters of a specified production 

function (e.g. Cobb-Douglas, translog). The widely accepted advantage of the production function 

approach is that the validity of the assumptions underpinning the growth accounting and index number 

approaches – such as constant returns to scale and perfect competition – can be tested statistically. 

Because the econometric approach is based on using information on outputs and inputs, there is greater 

flexibility in specifying the production technology.10 

However, the increased flexibility and the ability to test the validity of different assumptions of the 

econometric approach do not come without cost. One of the major disadvantages of using the econometric 

approach is the problem of identification of the production function due to the simultaneity in determining 

input intensities and output levels. In addition, the use of this approach raises estimation issues that may 

call into question the robustness of parameter estimates. For example, the parameter estimates for a 

specified technology may appear implausible (such as negative factor income shares for a Cobb-Douglas 

production function), causing researchers to impose a priori restrictions on parameter values. Furthermore, 

when data samples are small, restrictions such as constant returns to scale are often imposed to preserve 

degrees of freedom. The use of more flexible function forms for the production technology often means 

that non-linear estimation techniques are required, and these bring their own complications. Nevertheless, 

the potential richness and testable set-up of the econometric approach make it a valuable complement to 

the popular growth accounting and index number approaches (Pilat and Schreyer, 2003[20]). 

The econometric approach to TFP measurement is also often regarded as less data-demanding than the 

GAA. However, this advantage remains unclear: on one hand, this approach requires data on physical 

output and input quantities, while the GAA requires additional information on output values and input 

expenses to construct the weights, which may be difficult to obtain, incomplete and of poor quality, 

especially in countries with limited resources for agricultural statistics. On the other hand, the estimation 

of TFP growth using econometric models typically requires farm-level data over several years, ideally in 

panel form. Auxiliary information on the explanatory factors of production inefficiencies, such as 

characteristics of the holder and the production environment, is also necessary. 

An often-cited advantage is the fact that econometric modelling does not require the use of potentially 

restrictive assumptions on output elasticities and income shares, as in the case of the GAA (Pilat and 

Schreyer, 2003[20]). However, it does require several assumptions, especially on the functional form linking 

outputs to inputs (e.g. linearity or log-linearity) and on the stochastic properties of the output variable. 

Hulten (2001[21]) points out that there is no reason why the econometric and the index number approach 

should be viewed as competitors and he quotes examples of synergies that proved particularly productive. 

Synergies arise in particular when econometric methods are used to further explain the productivity 

residual. 

Taking the perspective of statistical offices, which aim to produce consistent and regular productivity 

statistics, the econometric approach is not the most suitable, given the complexity of the estimation process 

and the important data requirements involved (OECD, 2001[13]). Overall, econometric approaches are a 

tool that is best suited for academically oriented, single studies of productivity growth. Their potential 

richness and testable set-up make them a valuable complement to the non-parametric, index number 

methods that are the normal tool for productivity statistics. These approaches may be used to carry out in-
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depth research and analysis on the drivers of productivity growth, as well as to cross-validate the results 

given by the GAA. 

Data Envelopment Analysis (DEA) 

The Data Envelopment Analysis (DEA), using Malmquist TFP indexes, is by and large, the most commonly 

used approach in cross-country studies on measuring agricultural TFP (Table 2.2). Its attraction is due to 

several reasons: i) DEA is parameter-free and does not require the assumption of cost minimisation or 

profit maximisation; ii) there are no statistical issues associated with estimating multiple-input multiple-

output technologies (e.g. endogeneity); iii) because DEA is based on linear programming techniques, it is 

possible to identify the “best practice” for every decision-making unit; and iv) DEA provides a simple 

framework to measure efficiency change and technical change for each decision-making unit (e.g. firm, 

sector and country) in the sample, along with measures of TFP growth. 

The DEA approach relies on much less stringent assumptions than other approaches, and has the 

advantage of allowing analysis of inputs and outputs without using their market prices (only the quantities 

produced and the inputs used are necessary). This property is particularly attractive in the context of inter-

country analysis of agricultural TFP because: i) market prices for the inputs across countries are not readily 

available or are unreliable; and ii) the majority of positive and negative externalities of agricultural 

production do not have market prices, or are not priced appropriately. 

Another advantage is its flexibility as it can be used at any level of aggregation, from the farm to the sector, 

at country and international level; It easily accommodates multiple outputs and inputs. An additional 

attraction is its ability to decompose TFP growth into two mutually exclusive and exhaustive components, 

namely changes in productive efficiency (catching-up) and technological progress (innovation).  

This method also attempts to construct a production frontier to measure changes in technical efficiency 

and technology. However, it uses a different mathematical framework. While the stochastic production 

frontier is a parametric approach that requires assumptions on the functional forms and on the distribution 

of the error term, DEA constructs the best-practice frontier by determining, through a linear optimisation 

model, an optimal set of input-output combinations describing the production technology of a composite 

producer with the greatest possible efficiency. This process requires neither parametric nor stochastic 

assumptions. The frontier “envelops” the observed input-output combinations at farm level. 

The DEA uses observed input-output data and constructs a production frontier without requiring a priori 

specification of the functional form, using a non-parametric linear programming technique. It does, 

however, require the assumption that all the units being compared – which may be firms, sectors or whole 

countries – have identical production functions. Changes in the Malmquist productivity index are used to 

calculate TFP growth, which in turn can be decomposed into two parts, one due to increased efficiency in 

resource use (movements towards the frontier) and one due to technological change (movements of the 

frontier) (see Coelli and Rao (2005[3]) for further discussion).  

DEA can be either input-orientated or output-orientated. In the input-orientated case, the DEA method 

defines the frontier by seeking the maximum possible proportional reduction in input usage, with output 

levels held constant, for each decision unit. In the output-orientated case, the DEA method seeks the 

maximum proportional increase in output production, while input levels are held fixed. The two measures 

provide the same technical efficiency scores when a constant returns-to-scale technology applies, but are 

unequal when variable returns to scale is assumed. At the aggregate sectoral level, an output orientation 

is typically chosen because it is assumed that in agriculture one usually attempts to maximise output from 

a given set of inputs, rather than the opposite. However, in studies measuring environmental efficiency an 

input orientation is normally selected (e.g. Hoang and Coelli (2011[22]); O’Donnell, (2010[10]); Hoang and 

Rao (2010[23]). 
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Table 2.2. Analyses of inter-country agricultural TFP growth, 1993-onwards 

 

Notwithstanding its practical advantages, this method is not free from drawbacks and the TFP growth rates 

estimated by DEA have often produced counterintuitive results. First, similarly to the econometric 

approach, this method is relatively complex to implement and to explain to users. Given that it is based on 

an optimisation procedure, the results may also be unstable (small changes in the data may lead to 

significant changes in the results), especially in situations of data scarcity. 

Second, the assumption that all the units being compared have identical production functions might be 

acceptable when say farms within a region are compared, but such an assumption is more debatable when 

entire agricultural sectors are compared internationally. If production functions are not the same, there is 

no reason why relative average products should relate to relative efficiencies, since efficiency requires 
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equality of the marginal (not average) products of each resource in its various uses. Thus, it is safer to use 

the DEA method to focus on productivity changes over time than on cross-country comparisons. 

Third, as it is a non-parametric and non-stochastic procedure, this approach does not allow for statistical 

tests to be carried out ‒ such tests are typical of the parametric approach ‒ to validate the estimates. 

Fourth, the Malmquist productivity index is sensitive to the set of countries included in the analysis and the 

number of variables in the model. 

Fifth, DEA does not account for measurement error and statistical noise, and all deviations from the frontier 

are attributed to technical inefficiency. This can lead to DEA-based TFP results that are difficult to interpret, 

such as: low average TFP growth rates, as compared to those estimated parametrically; negative TFP 

growth and, particularly, negative technical change (“technical regress”) over long periods of time (which 

can easily be an artefact of improved measurement over time) as erroneously extreme observations along 

the frontier move inward; high volatility of year-to-year TFP growth rates because none of the variance is 

treated as error; and weak correlations with partial productivity measures, such as labour productivity (see 

Nin et al. (2003[24]) for a discussion of such results in agricultural TFP measurement).11 12 

Taking the perspective of national data producers, DEA may be considered complementary to the GAA. 

As for the econometric approach, it may be used to better understand and quantify the drivers of 

productivity growth and to cross-validate the results obtained with the growth accounting method. 

Stochastic Frontier Analysis (SFA) 

The aforementioned drawbacks of the DEA method are in turn the main advantages of the SFA method. 

In particular, the main strength of SFA is that it can separate noise in the data from genuine variations in 

efficiency, and the variability in production data is captured in standard errors around the estimated 

efficiency scores. In other words, SFA does not interpret all deviations from the frontier as inefficiency and 

takes into account stochastic noise in the data. 

Hence, compelling arguments have been made that the stochastic frontier may be the most appropriate 

choice in agricultural applications, where random errors due to weather, disease and pest infestation and 

measurement error in the input and output data are likely to be significant (Kuosmanen (2013[25]); Heady, 

Alauddin and Rao (2010[17]); Coelli, Rao and Battese (1998[26]).  

The SFA method builds on parametric regression techniques, which require an ex ante specification of the 

functional form. Its disadvantages are that results may be sensitive to parametric assumptions; it is difficult 

to identify the pure scale efficiency change and pure mix efficiency change components of TFP change 

(i.e. the productivity dividends associated with changes in scale alone and changes in output mix or input 

mix alone); and results may be unreliable if sample sizes are small. The more general semi-nonparametric 

frontier model stochastic semi-nonparametric envelopment of data (StoNED) encompasses the traditional 

DEA and SFA as its restricted special cases addresses some of the aforementioned criticisms of the DEA 

and SFA methods (Kuosmanen, 2013[25]; Kuosmanen and Kortelainen, 2005[27]). 

Literature review of empirical studies calculating inter-country agricultural TFP 

Productivity measurement in agriculture has been the subject of an enduring review of cross-country 

agricultural TFP growth studies, employing a variety of methods. As shown in Table 2.2, a total of 

40 studies have been identified since 1993, with an increasing number carried out after 2003. Coelli ad 

Rao (2005[3]) attributed three factors that expanded the number of inter-country studies: availability of new 

data; development of frontier analysis techniques, including DEA analysis and stochastic frontier analysis; 

and a desire to assess the impact of Green Resolution and other policies on TFP in agriculture. 

Recent studies of TFP growth typically employ non-parametric techniques, mainly DEA, to derive 

international technology frontiers. Most cross-country comparisons have drawn on data from the Food and 
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Agriculture Organization (FAO) (FAOSTAT) (in some cases supplemented with data from national 

sources). Despite a lack of price information and incomplete input coverage, the FAO dataset provides a 

consistent coverage of many countries over a long timeframe. Nevertheless, although comprehensive and 

accessible – its easy access is considered to be one of the driving forces behind the expansion of empirical 

literature on global TFP growth over time – there are several acknowledged deficiencies in the FAOSTAT 

data, specifically for measuring agricultural inputs, such as land, capital and labour, which could undermine 

the reliability of the TFP estimates. 

Overall, despite this long tradition of applied research on cross-country agricultural TFP patterns, the stock 

of results provides a very mixed picture of long-run trends and displays considerable variation across 

countries, regions and studies. 

Ball et al. (2001[28]) compared agricultural TFP between the United States and nine European Union 

countries – Belgium, Denmark, France, Germany, Greece, Ireland, Italy, the Netherlands, and the United 

Kingdom. Using 1990 as the base year, they derived bilateral Fisher price indexes adjusted by purchasing 

power parity and then by the Eltetö-Köves-Szulc formula for the transitivity property. Indirect quantity 

indexes of outputs (inputs) were then estimated as total output (input) value divided by the corresponding 

price index. The results showed that agricultural productivity converged between the United States and 

the nine European Union countries between 1973 and 1993. 

Ball et al. (2010[29]) further developed the methodology using Törnqvist price indexes and the Caves-

Christensen-Diewert formula for imposed cross-country transitivity. A richer dataset (with more complete 

output and input categories) enabled comparison of relative competitiveness between the United States 

and 11 European Union countries (Belgium, Denmark, France, Germany, Greece, Ireland, Italy, the 

Netherlands, Spain, Sweden, and the United Kingdom), measured by relative output prices between 1973 

and 2002. In contrast to Ball et al. (2001[28]), this study found that the apparent catching-up of the European 

Union countries had been reversed after the mid-1990s, which significantly weakened the competitiveness 

of European Union agriculture on global markets, relative to the United States. 

Fuglie and Rada (2013[30]) used a GGA and Törnqvist index to estimate and compare agricultural TFP 

growth for 171 countries over the 1960-2010 period. While FAO data were employed, these were 

augmented using a fixed set of average global prices from Rao et al. (2002[31]) for revenue shares and 

using input elasticities from country-level case studies for cost shares. In addition, adjustments to account 

for difference in land quality across countries were made. At an aggregate global level, it was found that 

global agricultural TFP growth had accelerated in recent decades, particularly among developing countries 

such as China and Brazil. 

A study by Sheng et al. (2013[32]) – using the growth accounting-based index number approach developed 

by Ball et al. (Ball et al., 1997[33]; Ball et al., 2010[34]) – compares levels and growth rates of agricultural 

TFP of Australia with those of Canada and the United States for the period 1961-2006. They found that 

while Australian agricultural productivity remains below that of Canada and the United States, it has been 

maintained, relative to the United States and has improved, relative to Canada. 

Ludena et al. (2007[35]) revisited the Malmqvist index method to estimate TFP growth for disaggregated 

agriculture subsectors (crops, ruminant and non-ruminant livestock) for 116 countries between 1961 and 

2006. The study found that average annual agricultural TFP growth increased from 0.60% during 1961-

1980 to 1.29% during 1981-2000. 

Coelli and Rao (2005[3]) used a DEA approach and constructed the Malmqvist TFP index for agriculture 

using FAO database of 93 countries, covering the period 1980-2000. The results show that agricultural 

TFP growth was strong across all countries before 2000, with some evidence of catching-up between low- 

and high-performing countries. 

Headey Alauddin and Rao (2010[17]) assessed the plausibility of results obtained from SFA and DEA by 

analysing patterns and trends in the components of TFP growth, namely technical change and efficiency 
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change in agriculture for 88 countries over the 1970-2001 period. Without reference to formal tests, the 

authors find results with SFA to be more plausible than with DEA. The central finding is that policy and 

institutional variables, including public agricultural expenditure and pro-agricultural price policy reforms are 

important sources of TFP growth in developing countries. These results, however, seem to be 

counterintuitive in some instances. For example, the average annual TFP growth in the Sub-Saharan Africa 

region is found to be greater than 2% using the SFA approach. 

von Cramon Taubadel et al. (2009[36]) (2009) contrast TFP growth estimates using DEA and robust partial 

frontier approaches. They reach conclusions that are similar to those of Fulginiti and Perin (1999[37]), 

although there are large discrepancies in the results for some regions (e.g. Sub-Saharan Africa, North 

Africa and the Middle East). A further example is provided by Evenson and Fuglie (2009[38]), who employ 

an index numbers approach to measure agricultural TFP. Contrary to the past empirical evidence of a 

general slowdown in global productivity growth, their results suggest that global agricultural TFP has 

accelerated since 1980. 

Nivievskyi (2011[39]) compares the TFP growth patterns of 184 countries resulting from different estimation 

methods (Divisia index, DEA and SFA) using FAO data over 1975-2007. He finds no correlation in the 

patterns of TFP growth estimates across the methods both for individual countries and regions. 
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Notes

1 These are all based on index numbers for agricultural output, land, materials, capital equipment, and 
labour. In all cases, the base year is 1996 (in that year all numbers equal 1). 

2 Using instrument variable estimation is one way of correcting the problem econometrically. The difficulty 
in choosing the right instruments however makes the implementation difficult. 

3 GAA and DEA postulate a certain deterministic relationship (i.e. assume no measurement errors or noise) 
between inputs and output and are referred to as non-parametric methods. On the other hand, econometric 
regression method and stochastic frontier analysis (SFA) allow for a stochastic term in the relationship to 
account for any measurement errors or random noise and are referred to as parametric methods. A third 
group, referred to as semi-parametric methods can combine elements of both parametric and non-
parametric methods (e.g. stochastic semi-parametric envelop of data (StoNED). 

4 Based on Pilat and Schreyer (2003[20]). 

5 The index number method is an extension of – and complement to – growth accounting as both use 
indices and encompass similar problems. 

6 Two approaches, the economic and the axiomatic, are commonly used for selecting from the many 
different index numbers that can be used in this type of measurement and which are surveyed by Diewert 
(1987[54]; 1996[55]; Balk, 1995[56]). In the economic approach, indices are selected on the basis of a 
particular production function. In contrast, the axiomatic approach compares the properties of the index 
number formulations with “desirable properties” and the index number that has the largest number of 
desirable properties is then used to calculate TFP. 

7 Under certain conditions, the Malmquist index is equivalent to the Fisher and the Törnkvist indices 
(e.g. Caves et al. (1982[7]); Färe, Grosskopf and Roos (1998[57]). 

8 Jorgenson and Griliches (1967[58]) were the first to use the GAA-based index to measure TFP at the 
national level. More recently, the approach has been used to measure agricultural TFP in the United States 
(Ball, 1985[59]; Ball et al., 1997[60]) ERS 2009) and worldwide (Fuglie and Wang, 2013[61]). 

9 Despite the differences in terms and presentation between the growth accounting and index number 
literature, the growth accounting measure of productivity growth is, in fact, an index number. 

10 These relationships can be tested. Further possibilities arise with econometric techniques: i) allowance 
can be made for adjustment cost (the possibility that changes in factor inputs are increasingly costly the 
faster they are implemented) and variations in capacity utilisation; ii) it is possible to investigate forms of 
technical change other than the Hicks-neutral formulation implied by the index number based approach; 
iii) there is no a priori requirement to assume constant returns to scale of production functions. 

11 In the context of agriculture there is no reason why actual TFP growth rates should not be negative. 
Measured TFP does not include agro-ecological conditions such as rainfall and soil quality, or market and 
institutional conditions, any of which may worsen over time. The anomalous results showing technological 
regress to which Nin Pratt et al. (2008) refer occur over long time periods in many countries and are unlikely 
to be caused by this type of omitted variable. See also Pritchett (2000a) for a broader discussion of TFP 
measures 

12. Van Biesebroeck (2007[62]), using simulated samples of firms, compares the robustness of five widely 
used techniques, two non-parametric and three parametric: index numbers, DEA, SFA, econometric 
methods (instrumental variables) and semi-parametric estimations. His results show that: i) when 
measurement error is small, index numbers are excellent for estimating productivity growth and are among 
the best for estimating productivity levels; ii) DEA excels when technology is heterogeneous and returns 
to scale are not constant; and iii) when measurement or optimisation errors are non-negligible, parametric 
approaches are preferred. 

 



 

 

Annex 2.A. Available data sources for 
international TFP calculations 

Jean-Christophe Bureau (from USDA-ERS material) 

AgroParisTech, Paris, France  

Methodological developments in national series of TFP 

In most OECD countries, national agencies have developed indicators of TFP growth. They have often 

developed original and approaches to measure TFP and unravel the various source of growth and isolate 

the technological change component. When doing so many national agencies have included cutting edge 

conceptual innovations developed in the academic literature. This is particularly the case of the United 

States Economic Research Service of the US Department of Agriculture (USDA-ERS), which has followed 

the recommendations of academic task forces such as Gardner et al. (1980[40]) (1980) or Shumway et al. 

(2017[41]) in developing their “Productivity Accounts for the United States”. These accounts lead to the 

construction of national TFP series, currently available since 1948.  

In these “Productivity Accounts” series, the USDA-ERS uses sophisticated measures of capital services, 

based on Perpetual Inventory Methods and a rectangular hyperbola decay functions; estimates hedonic 

prices in constructing measures of fertilizers and pesticides consumptions to account for composition and 

quality changes; adjusts service flows of labour thanks to a detailed decomposition of the labour force, with 

hours worked and compensation per hour crossed classified by sex, age, education and employment class 

so as to adjust the time series of labour for “quality” change ; estimates real rental prices of capital services 

from the nominal yield on investment grade corporate bond adjusted by and ARIMA process, etc. (Ball 

et al, (2016[42]).  

In a similar way, Australian, Canadian and EU agencies have also introduced detailed adjustment for 

composition and quality changes of inputs such as pesticides, fertilisers and land (Gray et al. (2014[43]); 

Sheng and Jackson (2015[44]); Statistics Canada (2019[45]); Cahill and Rich (2012[46]). 

Clearly, the data required to put together such sophisticated indicators are not available in all OECD 

countries, let alone in non-OECD countries. There is nevertheless considerable interest in cross-country 

comparisons that investigate international competitiveness and convergence in agricultural productivity 

across countries.  

A more pragmatic approach for international comparisons  

An international effort, led by Ball has been going on to expand the US methodology to other OECD 

countries, relying on national accounts systems and the Economic Accounts of Agriculture (EAA) at 

Eurostat for the European Union Member States as well as data from ABARES and Canadian agencies. 

This effort has made it possible to make accounting data consistent with both US and EU accounts for the 

cross-country comparison. Recent development have allowed the authors to compare TFP growth rates 

among 17 OECD countries over the period 1973 to 2011 (Ball et al. (2020[47]). This ongoing effort requires 

a considerable investment in data gathering and harmonisation. For example, the degree of sophistication 

used by USDA-ERS in adjusting land rents for land quality is difficult to duplicate even for other OECD 

countries, due to different methods of collecting data. 
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Comparisons of TFP at a more global level, including developing and emerging countries are of particular 

interest, but heterogeneous and incomplete data prevent from expanding the efforts mentioned above. 

Simpler and less data-demanding methods must be implemented.  

Compared to what would be recommended by academic literature, data availability and harmonisation 

require simple and transparent methods. One needs to use approximations. One of these approximation 

is the use of cost shares to aggregate proxy variables for output and input quantities. Indeed, when markets 

are perfectly competitive and operating in long-run equilibrium, price changes are proxies for cost changes. 

Under these assumptions, relative output prices can proxy as a competitiveness measure for purposes of 

international comparisons, assuming that the quality of output is the same across countries (Shumway 

et al. (2017[41]).  

The USDA-ERS International Productivity dataset 

Parallel to its national series, the USDA-ERS has developed the International Agricultural Productivity 

dataset, hereafter IAP (USDA-ERS, 2018[48]; Fuglie, Jelliffe and Morgan, 2021[49]). The IAP data quantifies 

total agricultural output, inputs and productivity for all countries, regions and world in a consistent way. It 

focuses on quantity changes in outputs and inputs, keeping prices fixed and generates indexes of TFP. It 

was first released in 2013 and has been updated every two years since. The last update, released in 

October 2021, covers the 1961-2019 period. This pioneering work offers consistent estimates of the 

sources of agricultural output and productivity growth, globally and by region.  

The main objective of the IAP is to decompose output growth in agriculture. The IAP accounts draw on 

data from United Nations agencies on the amounts of land, labour, capital, and major intermediate inputs 

employed in agriculture. To overcome a general lack of price information in these inputs, USDA-ERS 

assembled a set of estimates of agricultural cost shares for various countries and regions of the world, 

drawing upon more than 20 studies of national agricultural TFP as well as econometrically estimated 

production elasticities for Sub-Saharan Africa and the (formerly) centrally planned economies. For the 

remaining countries, representing about one-fourth of global agricultural output cost shares were 

approximated by applying observed cost shares from a “similar” country.  

Fuglie et al. (Fuglie, Jelliffe and Morgan, 2021[49]) provided information on the current improvements on 

the IAP dataset to the OECD TFP and Environment Network.1 The updated version of the IAP dataset 

distinguishes 200 commodities as output. It is based on FAO data for quantities (for 162 crops, 30 animal 

products, 8 aquaculture products). Prices are kept fixed, using global average farm gate price in 2014-

2016 (conversion in dollars is based on constant 2015 Purchasing Power Parity). Over the more recent 

period (1995-2019), the USDA-ERS was able to develop more accurate measures of capital inputs, 

replacing the “current inventory model” with a more theoretically consistent perpetual inventory model. 

Land is decomposed into three categories (rainfed cropland, irrigated cropland, permanent pastures). By 

assigning quality weights to different types of agricultural land, contributions to agricultural growth of 

changes in particular kinds of land are identified. Labour has one category (economically active persons) 

due to data limitations in many developing countries. Intermediate inputs include two categories, 

i.e. fertilisers (crop materials) and feed (animal materials). In order to make data as comparable as possible 

across countries, fertilisers are limited to tons of synthetic nitrogen, phosphorus and potassium plus 

nitrogen from manure applied to soils. Feed is measured as metabolizable energy (Million calories) from 

concentrates (cereals, oilseeds, etc.) 

A basis for improvement TFP data at the global level 

The IAP is already a major source of information for TFP comparisons. It is available online to all would be 

users. It has led to extensive analysis of the developments of TFP at the global level (Fuglie, 2019[50]). 
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This dataset is likely to become a major building block for collaborative work on international TFP data in 

the future. It would then allow comparisons of a version of a TFP index across all countries that would 

remain simplified, compared to what OECD countries construct for their own national series, but that would 

be comparable across countries without sacrificing theoretical consistencies. Ongoing work has been 

leading to include more refined capital services estimates in recent updates. However, the simplifying 

assumptions required by the introduction of developing countries in the IAP results in significant differences 

with the sophisticated methodology that the USDA-ERS has implemented over time when developing the 

national US TFP series.  

If one takes the data put together by USDA-ERS for national US series, (i.e. the “Productivity Accounts for 

the United States”, which leads to the ERS Agricultural Productivity in the US estimates), the IAP differs 

by several simplifying assumptions. The main differences are that: 

 Agricultural Productivity in the US data product uses prices received by US farmers to measure 

output growth, whereas the IAP data product uses global average agricultural prices to 

aggregate output. 

 Agricultural Productivity in the US data product, agricultural labour is quality adjusted by 

labour’s demographic characteristics, including gender, age, educational attainment and 

employment class, whereas the IAP data product uses a headcount of agricultural labour 

unadjusted for quality differences. 

 Agricultural Productivity in the US data product uses a perpetual inventory method to measure 

farm capital stock (i.e. the capital stock is a function of past capital expenditures, appropriately 

discounted for depreciation) whereas the IPA data product uses the current inventory method 

(based on the number of major pieces of machinery in use on farms) to measure farm capital. 

 Agricultural Productivity in the US data product includes direct measures of more purchased 

services (pesticides, seeds, energy, intermediate services), while the IAP data product 

accounts for those inputs by assuming that their growth rate reflects the growth rate of other 

measured inputs.  

Note

1 Data product release: October 2021, available on ERS Website https://www.ers.usda.gov/data-

products/international-agricultural-productivity/. Includes data (Excel spreadsheets) and documentation. 

 



 

 

Annex 2.B. The use of farm level data for the 
measurement of aggregate TFP in Australia 

Shiji Zhao, Will Chancellor and Haydn Valle 

Australian Bureau of Agriculture and Resource Economics (ABARE) 

This annex provides an outline of the methodology used by the Australian Bureau of Agricultural and 

Resource Economics and Sciences (ABARES) to measure total factor productivity (TFP) in Australia’s 

broadacre (cropping and livestock) and dairy industries. Using a bottom-up approach, aggregate TFP 

estimates are derived from ABARES’ survey data on individual farms. 

The use of farm level data to measure aggregate TFP in Australia has many advantages over approaches 

that use aggregated national accounting data (known as the top-down approach). First, it provides the 

flexibility to generate TFP estimates for specific regions and sectors; second, the availability of unit records 

(for individual farms) enables detailed econometric analysis (e.g. Sheng and Chancellor (2019[51]). Such 

analysis is often facilitated by the ability to undertake supplementary surveys and to collect additional 

specialised data, for example on technology use, labour requirements and R&D. This ability for targeted 

analysis can generate more refined insights for policy makers. Third, using data from the same source may 

avoid inconsistencies between output and inputs.1 

While the bottom-up approach to aggregate TFP estimation offers many benefits, there are also several 

limitations which deserve mention. First, this approach adds a layer of complexity in TFP model 

development and maintenance2 due to the large number of farm level input and output variables. In 

addition, the model is exposed to data limitations; specifically farm level price information which is not 

collected via survey. In this case, state or national level prices must be used. While imprecise, the use of 

aggregate price information rather than farm level prices is unlikely to have a noticeable impact on 

aggregate TFP estimates. While some model imperfections are acknowledged, these limitations are minor 

and are outweighed by the analytical power of the farm level approach. 

Concept 

The estimation of TFP using unbalanced farm level panel data follows a Fisher index growth accounting 

framework. Farm level inputs and outputs are aggregated using a three step process (Annex Figure 2.B.1). 

In step 1, specific outputs and inputs are aggregated into indexes of four types of outputs (crops, wool, 

livestock and other) and five types of inputs (labour, capital, land, materials and services). For example, 

the capital input is constructed by aggregating farm level machinery, buildings and other productive capital 

variables. In step 2, total output and total input are constructed by aggregating the respective outputs 

(crops, wool, livestock, other) and inputs (labour, capital, land, materials, services) into indexes. Finally, in 

Step 3, the TFP index is generated as the total output index divided by the total input index.  

The process in Annex Figure 2.B.1 illustrates how aggregate broadacre TFP is estimated using farm level 

data; the process for dairy TFP is the same with the exception of several different output and input 

variables. Discussion of concepts and methods are therefore broadly applicable to both the broadacre and 

dairy sectors.  
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Annex Figure 2.B.1. TFP measurement using farm level data, conceptual diagram 

 

The data 

Farm level TFP in Australia is based on data collected under the Australian Agricultural and Grazing 

Industries Survey (AAGIS) and the Australian Dairy Industry Survey (ADIS). These annual surveys are 

managed by ABARES and completed annually by approximately 1,600 broadacre farmers3 and 300 dairy 

farmers respectively. Survey selection is based on a sample weighted frame provided to ABARES by the 

Australian Bureau of Statistics (ABS). The survey collection method is via personal face-to-face interview 

which is well established as yielding the highest quality farm level data. Using data from the AAGIS and 

ADIS surveys, ABARES has constructed two unbalanced panels (1. Broadacre, 2. Dairy) of annual farm 

level data from about 1978 to 2019. Note that although the panels are unbalanced, a large proportion of 

sample farms are retained from previous years.  

Model structure 

The model structure follows four main categories; 1. Quantities, 2. Prices, 3. Indexes, and 4. Growth rates: 

Quantities 

All quantities are constructed using the AAGIS (or ADIS) survey data and are expressed as either a 

quantity (e.g. tonnes of wheat, litres of milk) or a real value (AUD). While quantity data is collected for all 

output variables, it is not available for some input variables (e.g. tonnes of fertiliser, seed). Instead, value 

data is collected and deflated using historical price series. These quantity measures are considered 

sufficiently accurate to capture trends in volume use over time.  

Prices 

Price data for each variable is required for the aggregation of inputs and outputs and the formation of the 

respective input and output indexes. A price must be matched with each variable to determine its total 

value. Aggregate price data is obtained from official statistical sources (including ABS and ABARES) or 

imputed at farm level as a ratio of total value to total quantity using the AAGIS or ADIS survey data. Weights 
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for each input and output variable are determined according to their respective share of total inputs or 

outputs.  

Indexes 

Once prices and quantities are calculated and assigned to each farm record, they are aggregated up to 

state, national or industry level. For example, state level quantities are estimated by calculating the survey 

weighted sum of farm level quantities for each variable in each state. State level prices are similarly 

calculated as the survey weighted average of the prices assigned to each variable for each farm in the 

state. State level prices are allocated uniformly to each farm for the inputs and outputs derived from official 

data sources. With a complete set of state-level prices and quantities for each variable, all input and output 

variable quantities are aggregated up into single input and output indexes. TFP is then calculated as the 

ratio of the output index and the input index.  

Growth rates 

Input, output and TFP average annual growth rates are calculated by solving a log regression of the 

relevant index (y-axis) against the year (x-axis). The coefficient of this regression is the average annual 

growth rate.  

Method 

Due to the heterogeneity of farm level inputs and outputs (e.g. tonnes of fertiliser, litres of fuel and 

kilograms of wool) it is not appropriate to apply aggregation by simply adding up quantities of different 

goods and services. Instead, aggregation must be done using an index formula; we use the Fisher index 

due to its attractive properties in the construction of productivity indexes (Fisher, 1922[5]; Diewert, 1992[52]; 

OECD, 2001[13]). A complete description of this method in the context of farm TFP estimation is available 

in Zhao et al. (2012[53]). The Fisher index 𝑄𝑜𝑡
𝐹  is defined as the geometric mean of the Laspeyres 𝑄𝑜𝑡

𝐿  and 

Paasche 𝑄𝑜𝑡
𝑃  indexes. The Laspeyres index is defined in Equation 1 as:  

𝑄𝑜𝑡
𝐿 =

∑ 𝑝𝑖0𝑞𝑖𝑡
𝑁
𝑖=1

∑ 𝑝𝑖0𝑞𝑖0
𝑁
𝑖=1

= ∑ 𝑊𝑖0
𝑁
𝑖=1

𝑞𝑖𝑡

𝑞𝑖0
    (1) 

 

Where 𝑊𝑖0 =
𝑝𝑖0𝑞𝑖0

∑ 𝑝𝑖0𝑞𝑖0
𝑁
𝑖=1

 is the share of the 𝑖𝑡ℎ item in the total value of outputs or inputs in the base  

period (denoted by 0). 𝑝𝑖0 and 𝑝𝑖𝑡 represent the prices of the 𝑖𝑡ℎ output or input item in the base and current 

periods, and 𝑞𝑖0 and 𝑞𝑖𝑡 represent the quantity of the 𝑖𝑡ℎ item in the two periods. The Laspeyres index uses 

𝑊𝑖0 to represent the prevailing value shares in the base period as weights. The Paasche index is defined 

in Equation 2 as:  

𝑄𝑜𝑡
𝑃 = 

∑ 𝑝𝑖𝑡𝑞𝑖𝑡
𝑁
𝑖=1

∑ 𝑝𝑖𝑡𝑞𝑖0
𝑁
𝑖=1

= {∑ 𝑊𝑖𝑡 (
𝑞𝑖0

𝑞𝑖𝑡
)𝑁

𝑖=1 }  −1 (2) 

Where 𝑊𝑖𝑡 =
𝑝𝑖𝑡𝑞𝑖𝑡

∑ 𝑝𝑖𝑡𝑞𝑖𝑡
𝑁
𝑖=1

 is the share of the 𝑖𝑡ℎ item in the total value of outputs or inputs in the current period 

(denoted by 𝑡). The Paasche index uses 𝑊𝑖𝑡 to represent value shares in the current period. We can 

therefore define the Fisher index as the geometric mean of the Laspeyres (1) and Paashe (2) as in 

Equation 3:  

𝑄𝑜𝑡
𝐹 = √𝑄𝑜𝑡

𝐿 𝑄𝑜𝑡
𝑃   (3) 
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Aggregate TFP is estimated using either the direct or chained index formula.4 The direct index gives the 

current period estimates relative to the base period, while the chained index compares the estimates 

between consecutive periods. 

Notes

1 Some inconsistencies in the top-down approach are well known among statistical agencies. For example, 
in the case of the industry level multifactor productivity published by the ABS, a mismatch between labour 
and capital is caused by the fact that the former was derived from household surveys and the latter from 
business surveys. 

2 Maintenance cost may escalate if the survey vehicle or questionnaire design is changed frequently. 

3 Broadacre farm types are: cropping, mixed (cropping/livestock), sheep, beef, mixed (sheep/beef). 

4 In the construction of TFP for individual farms, the EKS formula is required to achieve transitivity. 
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Incorporating environmental issues in TFP measurement is critical for this 

indicator to reflect the actual progress in what the society asks from the 

agricultural sector. Holding inputs and outputs constant, it is necessary that 

TFP reflects a change in greenhouse gases emissions, pesticide run-offs in 

water, natural capital depletion, and air pollution. Considerable 

developments in the academic world have taken place in this area of work, 

and the different approaches and empirical works undertaken are reviewed. 

Annex 3.A examines the theoretical aspects and proposes 

recommendations on the most promising avenues. 

  

3  Incorporating the environment in 

agricultural TFP accounting 
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3.1 Incorporating environmental effects in the measurement of agricultural TFP 

Traditional measures of multifactor productivity growth fail to fully account for the role of environmental 

services in production. Cardenas, Hascic and Souchier (2018) summarise why these measures are 

unbalanced. First, while income that is generated through the use of domestic natural assets is fully 

reflected, no account is taken of the natural resource input (in terms of the resource rents). Increased 

natural resource use is therefore wrongly interpreted as a rise in productivity. Second, while the costs of 

investing in pollution abatement are fully captured, no account is taken of the benefits of such investments 

because pollution is not considered as an output of the production process. Increased abatement efforts 

therefore make productivity appear falsely low. Chambers (2016) also shows that proper productivity 

measurement requires accounting for by-products, and more generally non-priced inputs and outputs. The 

latter can be either desirable outputs (e.g. landscape or other forms of public goods) or undesirable outputs 

(e.g. air pollution by ammonia, water pollution by nitrate, greenhouse gases). 

Correcting traditional TFP indicators for these omissions is important because traditional productivity 

measures can potentially lead to a misleading idea of growth prospects, and thus the choice of 

inappropriate policy options. Accounting for both environment-related inputs, such as the use of natural 

resources, and environment-related outputs allows these omissions to be corrected. It can also provide a 

better accounting of the performance of the agricultural sector, which is expected to supply food and to 

contribute to economic growth, but also to participate in the necessary ecological and climatic transition. 

3.2. Review of methodological approaches for incorporating environmental 

effects in the measurement of agricultural TFP 

The assessment of economic performance by means of the conventional TFP methods discussed earlier 

does not include any external effects – positive or negative – that an economic activity might have on the 

environment. Moreover, conventional TFP approaches do not reflect changes in resource stock levels and 

flows – which is a shortcoming, particularly for the agricultural sector, which relies heavily in the use of 

natural resources, such as land. The assessment of productivity growth should accommodate both the 

concurrence of externalities from agricultural activities and the potential depletion of resource stocks and 

flows. 

Over the last three decades, there has been growing interest in integrating environmental concerns into 

traditional technical and economic performance measures. As a result of this interest, a growing literature 

has arisen, devoted to incorporating environmental issues – overwhelmingly, negative externalities 

(pollution) – into traditional production theory, which has, to date, produced a wealth of contributions 

(e.g. Chambers (2016[1]), Tyteca (1996[2]), Allen (1999[3]), Scheel (2001[4]), Ortiz-Bobea et al. (2021[5]), and 

Zhou et al. (2008[6]), for a review of the literature). 

Generally, these environmental performance measures are derived by adjusting standard parametric and 

non-parametric productivity and efficiency analysis techniques (Coelli et al., (2007[7])). The relevant 

literature can be classified into several groups depending on how environmental impacts are dealt with. 

Three general groups of approaches can be distinguished in the literature to measure environmental 

performance: 

 Treating pollutants as an additional input or undesirable output variable (environmentally 
adjusted production efficiency models). 

 The frontier eco-efficiency models which use the frontier framework to derive eco-efficiency 
measures (also referred to as environmental efficiency – defined as the ratio of the economic 
value of output divided by an indicator of the environmental pressures involved in production 
processes). 
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 The nutrients balance-based models which view pollution as the balance of materials (nutrients) 
– defined as the difference between nutrients in inputs and nutrients in outputs – and attempts 
to minimise this balance. 

In environmentally adjusted production efficiency models, GAA and DEA are the most commonly used 

methods for calculating environmentally adjusted productivity, while in the material balance approach the 

DEA method is favoured (the stochastic frontier analysis – SFA – method is also used, albeit to a lesser 

extent). 

Treating negative environmental externalities as an additional input or undesirable 

output variable  

This is the traditional approach that the majority of studies have taken under which the environmental 

effects are modelled as either undesirable outputs or as environmentally detrimental inputs in production 

models (e.g. Färe, et al., (1989[8]); Ball, et al., (1994[9]); Chung et al. (1997[10]); Reinhard et al. (2000[11]); 

Shaik and Perrin (2001[12]); Tyteca (1997[13]). The methods discussed in the previous section, such as 

index number, GAA and DEA are used for the estimations. 

The modelling of pollution as outputs is based on the argument that reductions in bad outputs must be 

accompanied by reductions in desirable outputs, or increases in the consumption of conventional inputs 

and is therefore costly. The modelling of environmental externalities as inputs is based on the argument 

that reducing pollution must be accompanied by either decreasing desirable outputs or reducing other 

inputs, so that resources can be used for pollution-abatement activities. 

The objective in these optimisations is to minimise the amount of undesirable (bad) output with or without 

the increase of good outputs, depending on the orientation of the optimisation problems. When the 

optimisation problem involves only the contraction of the bad outputs (with or without the contraction of 

other conventional inputs), input and output distance functions have been employed. The empirical studies 

based on this approach include Coggins and Swinton (1996[14]), Färe et al., (1996[15]), Asmild and 

Hougaard (2006[16]), and Piot-Lepetit and Moing (2007[17]). 

When the optimisation process seeks to contract undesirable outputs (and also to decrease conventional 

inputs) and, simultaneously, increase desirable outputs, the directional distance functions or hyperbolic 

distance functions have been used (Chung et al. (1997[10]); Reinhard et al. (2000[11]); Lee et al. (2002[18]); 

Picazo-Tadeo et al. (2005[19]); Färe et al. (2007[20]); Starr McMullen and Noh (2007[21]); Watanabe and 

Tanaka (2007[22]); and Cuesta et al. (2009[23]). 

An input-orientated framework minimises inputs, given fixed output quantities. An output-orientated 

framework maximises outputs with fixed input quantities. The hyperbolic and directional distance functions 

allow the simultaneous expansion of outputs and the contraction of inputs. 

For measuring productivity of agriculture, taking into account by-products, the use of prices as index 

weights would present, at least, the following challenges (Kuosmanen (2013[24]). 

 There are no markets for most environmental resources and undesirable (“bad”) outputs, such as 

nutrient emissions to water systems. Therefore, market prices for the environmental variables are 

unobservable, even in principle. 

 Many economic inputs and outputs do not have market prices. Most notably, it is difficult to 

determine a price for farm labour, as this often consists of work conducted by the farmer and his/her 

family. Ideally, the price of labour input should represent the opportunity cost of labour. The 

average wage rate paid for a temporary hired labour can be observed, but it is hardly a good proxy 

for the opportunity cost of farmer’s own wage. Other economic inputs and outputs that are not 

traded in the market include intermediate inputs, such as feedstuff produced at the farm for 

animals, and the consumption of outputs at the farm. 
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 Even if prices are observed, the markets for agricultural inputs and outputs are subject to market 

distortions such as quotas, subsidies and other regulations. Thus, the observed input prices do not 

necessarily represent the opportunity cost of resources. For example, area-based payments 

influence the price of agricultural land; investment subsidies for farm capital influence the 

opportunity cost of capital inputs; and, on the output side the existence of quotas for the production 

of outputs such as milk, influences the output prices. Due to the complexity of agricultural policies 

in place in several OECD countries, estimation of the opportunity costs of inputs and outputs based 

on the observed price information available from agricultural markets is difficult. 

 The economic valuation of environmental damages or services is an important theme in 

environmental economics. In general, the valuation could be based on the stated or revealed 

preferences. Contingent valuation is a well-known example of the stated preference methods. In 

the revealed preference approaches, such as the travel cost method, the economic prices of 

environmental goods and services are inferred indirectly, based on the observed behaviour or 

choices of economic agents. Given the problems concerning not only the environmental effects, 

but also the economic prices of productive inputs and outputs, a conventional valuation study using 

either stated or revealed preferences would be extremely costly to carry out, especially for inter-

country comparisons. 

Nevertheless, as the aim of the environmentally adjusted TFP measures is capturing technological change 

or shifts in producers’ cost functions, it could be argued that a producer perspective rather than social 

perspective seems to be more appropriate. In this case, the adjustment of traditional output measures for 

undesirable outputs should be based on marginal abatement costs, which is equivalent to the producer 

shadow price, rather than on marginal damage costs (akin to the social costs of pollution approaches). 

The two approaches will differ whenever environmental policies are not optimal. Only if the pollution tax or 

regulation is socially optimal, will the private shadow equal to the social shadow price. This implies that the 

producer perspective has to be distinguished from the social welfare perspective.  

Many studies propose the use of environmental efficiency scores to construct environmental TFP indexes 

(Chung et al. (1997[10]), Hailu and Veeman (2001[25]; 2001[26]); Ball et al. (1994[9]); Yaisawarng and Klein 

(1994[27]). Yaisawarng and Klein include pollution and the amount of materials causing pollution when 

computing environmental efficiency scores, which are then used to construct a Malmquist TFP index. Hailu 

and Veeman (2001[25]; 2001[26]) estimate an input distance function to calculate environmental efficiency 

scores that are used to construct the Malmquist TFP index. Chung et al. (1997[10]) use directional distance 

functions to calculate environmental efficiency scores and construct the Malmquist–Luenberger 

productivity index. 

Obviously, the accuracy of an environmental TFP index depends on the reliability of environmental 

efficiency. In many situations, production is regulated by the material balance principle; hence, 

environmental efficiency measures should conform to this law. Coelli et al. (2007[7]) show that the majority 

of environmental efficiency measures do not satisfy the materials-balances condition, which means that 

their related environmental TFP indexes are deficient. 

The analytical tools employed fall into three broad categories: index number-based GAA, and parametric 

and non-parametric frontier approaches. As discussed earlier, the main advantage of the index number-

based GAA is that it does not involve the estimation of parameters. As a result, the index number approach 

is not constrained by degrees of freedom requirements and can be applied as long as there are two or 

more observations to be compared. This advantage is likely to be very useful in cases where there is only 

a short time-series data set, including undesirable outputs. 

However, this index-based GAA has several disadvantages. First, it requires not only quantity data but 

also data on the prices of all inputs and outputs included in the calculation. The price data requirement can 

be a problem, especially in the case of non-marketed outputs or inputs. Index number approaches also 

depend on external damage value estimates (as in Repetto et al. (1996[28]) or on the estimation of pollutant 
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shadow prices, either from a survey of abatement expenditures (e.g. Pittman (1983[29]) or from a separate 

analysis of the production technology (e.g. Pittman (1983[29]) 1983; Ball et al. (1994[9]). Pollution damage 

estimates are difficult to obtain, and damage values often have to be approximated through extrapolation 

over time and space to generate adjusted productivity growth estimates. 

Second, the approach does not allow us to identify productivity growth components that have different 

policy implications. For example, we cannot distinguish between sources of productivity change that should 

be attributed to technical change, changes in the degree of technical efficiency, and changes in the scale 

of production. 

The use of parametric output and input distance functions incorporating both desirable and undesirable 

outputs can help overcome some of the data problems associated with the index number approaches 

discussed above. Both input and output distance functions are capable of handling multi-output 

technologies, and both require only quantity data on inputs and outputs. In fact, unlike cost or profit function 

approaches, distance function approaches can be used to measure TFP without adopting behavioural 

assumptions about the producer. Marginal costs of pollution abatement (or shadow prices of undesirable 

outputs) can be computed based on the trade-off between pollution abatement and desirable outputs 

implied by the estimated distance function. 

The chosen index can be defined in terms of input distance function (which assumes radial equi-

proportionate scaling of all inputs, while keeping outputs at constant level) with a more general directional 

distance function (Chambers et al., 1996; 1998), which allows one to scale each input and output by 

different amounts.1 The TFP index constructed using the directional distance function is referred to as the 

Malmquist-Luenberger index (e.g. Chung et al. (1997[10]). The generality of the directional distance function 

does not come free, as the results depend on the choice of the direction.  

The amount of literature on measuring the environmental performance of various sectors, including, 

agriculture using non-parametric analysis – particularly DEA and SFA – has been extensively increasing 

since the 1980s.2 Pittman (1983) provided the earliest attempt at incorporating undesirable (bad) outputs 

in conventional efficiency measurements based on analysis of Wisconsin paper mills. He proposed a 

multilateral productivity index that was derived from a theoretical model where the objective was the 

maximal radial expansion of desirable outputs and contraction of undesirable outputs, holding the input 

vector constant. He found the inclusion of undesirable outputs to be an important factor in substantial 

changes in the rank order of productivity outcome measures. 

Färe, Grosskopf, Lovell and Pasurka (1989) used Pittman’s data, and adjusted productivity performance 

for environmental bads by explicitly including a pollution variable as a bad output into a production model. 

In particular, this study applied the hyperbolic DEA methods in the estimation process and introduced the 

application of the weak disposability concept to account for the fact that the firm cannot freely dispose of 

the undesirable outputs (pollution). This approach was used by Yaisawarng and Klein (1994[27]) and Tyteca 

(1997[13]) in industrial applications. Tyteca (1997[13]) then further adapted the Färe et al. (1989[8]) method 

to derive environmental efficiency scores, by measuring the degree to which the pollution variable could 

be reduced, given the fixed levels of inputs and desirable outputs. 

Some studies provided a comparison analysis of conceptual framework and the empirical performance of 

alternative approaches (e.g. Hailu and Veeman (2001[26]), who explain the relative strengths and 

weaknesses of different alternative methods, such as input-distance functions, output-distance functions, 

non-parametric methods and index number approaches using data from the Canadian paper and pulp 

industry. 

Several applications of environmentally-adjusted production efficiency models have been made to 

agriculture using a wide range of approaches including input and output distance functions and directional 

distance functions (see, for example, Piot-Lepetit et al. (1997[30]); Reinhard et al., (1999[31]; 2000[11]; 

2002[32]); Shaik et al. (2002[33]); Lansink and Silva (2003[34]); Piot-Lepetit and Le Moing (2007[17]). Asmild 
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and Hougaard (2006[35]), who disaggregated the nutrient surpluses into input and output flows, discuss 

some of the issues involved in considering pollution as an undesirable output or input. Useful surveys on 

these issues from a DEA perspective include Scheel (2001[36]), Dyckhoff and Allen (2001[37]) and Zhou 

et al. (2008[6]). A similar discussion can be found in Skevas et al. (2012[38]), who also account for the 

dynamic effects of polluting inputs in frontier models.  

The non-parametric DEA literature on environmental efficiency considers handling undesirable outputs in 

two alternative ways: either in their original forms with the assumption that these are weakly disposable, 

or in various transformed forms with the assumption that these are strongly disposable. However, choosing 

a particular approach implies the adoption of a particular, distinct treatment of undesirable outputs, and 

hence yields a distinct set of environmental efficiency estimates. 

While these studies represent an impressive research base, their impact is limited by the fact that the 

findings offer no economic interpretation: if the technical efficiency of a decision unit (firm, sector, country) 

declines (or increases) when a pollution variable is added to the model, the change provides no information 

about the economic cost (or benefit) of this outcome. For example, even though it is possible to show that 

an electricity generation plant using only natural gas will emit lower pollution, but have a higher cost per 

unit of electricity produced than a plant using only low-grade coal, the aforementioned approaches cannot 

estimate the economic consequences of the trade-off. 

Another potential problem worth noting (depending on the specification of the inputs and outputs, and the 

chosen direction vector) concerns the physical dependence of outputs on inputs. This issue is closely 

related to the possible violations of the materials balance principle, which is discussed in more detail in the 

next section. For example, consider a coal-fired power plant which generates carbon dioxide (CO2) as an 

undesirable side product. Suppose that in the chemical reaction of the combustion process the output of 

CO2 is directly proportional to the fuel input. Then the ratio of the CO2 output per fuel input is a constant, 

which is the same across all countries and all time periods. Since the material and energy contained in the 

inputs must exit the production system in outputs, the simultaneous increase of a good output and 

reduction of resources is unfeasible in this example. 

However, this does not necessarily mean that production is organised or run efficiently. Since in the 

previous example the fuel input and CO2 were assumed to be perfectly correlated, one of these elements 

could be excluded from the model as being redundant without any loss of information, in order to break 

the direct physical link from an input to an output. Moreover, even if the undesirable output is not perfectly 

correlated with the input, a high positive correlation between the two may cause problems with 

multicollinearity.  

A general problem with the environmentally adjusted TFP measures is that the measured TFP growth can 

be driven entirely by improved labour productivity or capital productivity (Kuosmanen (2013[24]). In other 

words, even though the environmental resources are included as inputs, there is no guarantee that they 

have any actual impact on the TFP index. This is because the environmentally adjusted TFP measures 

typically allow the shadow prices of inputs to be zero. For example, suppose a country employs a dirty 

technology that emits large amounts of pollution per unit of economic output, but requires only a minimal 

amount of capital input. Thanks to its high capital productivity (output per capital), such a country would 

appear very efficient according to the conventional distance functions. 

Finally, at the aggregate sectoral level, it is not always obvious whether an environmental variable should 

be treated as an input or an output. For example, GHG emissions are obviously an output from the 

perspective of production, but from the perspective of society, GHG emissions can be seen as a burden 

to nature’s absorptive capacity – which is an input. By this argument, the conventional approach in the 

environmental economics literature is to model undesirable outputs as inputs (e.g. Cropper and Oates 

(1992[39]); Hailu and Veeman (2001[25])). Recently, the appropriate modelling of environmental bads as 

inputs or outputs has attracted critical debate (see, for example, Färe and Grosskopf (2003[40]); Kuosmanen 

and Podinovski (2009[41]) 2009, for discussion and further references).3 
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The frontier eco-efficiency models 

Rather than relating conventional inputs to outputs, these models use the frontier framework to derive eco-

efficiency measures (also referred to as environmental productivity) defined as the ratio of the economic 

value of outputs divided by an indicator of the environmental pressures involved in production processes 

(Kuosmanen (2013[24]); Picazo-Tadeo et al. (2012[42]; 2014[43]). 

The proposed measure of environmental productivity has a natural interpretation as an extension of the 

simple eco-efficiency ratios to the multivariate case. Alternatively, one can interpret it as a generalised 

decoupling measure. In this approach, at least some environmental pressures must have a strictly positive 

shadow cost. The practical benefit of the approach is that we do not need data for the primary inputs, such 

as labour and capital. Further, aggregation of good outputs and intermediate inputs to value-added at the 

aggregate level, and the aggregation of individual bad outputs (e.g. different GHGs) to environmental 

pressures, helps to decrease the number of input-output variables, which is particularly useful for 

nonparametric estimation (to alleviate the curse of dimensionality) (Kuosmanen (2013[24]), 2013). 

Several empirical studies have applied this approach (Kortelainen (2008[44]); Kuosmanen and Kortelainen 

(2005[45]); Picazo-Tadeo et al. (2011[46])). For example, Picazo-Tadeo et al. (2011[46]), using a data set of 

117 crop farms in Spain, assessed the opportunities of reducing five environmental pressures (tendency 

towards monoculture that has potential impacts on biodiversity;  

N-balance, P-balance, energy balance; and pesticide risks), given the value-added of crop outputs. 

The nutrients (materials) balance approach 

The materials-balance approach, which is relatively recent in inter-country empirical studies, has lately 

attracted interest in environmental economics. The approach is flexible insofar as it can be estimated either 

through non-parametric methods (e.g. DEA) or parametric methods (e.g. Stochastic Frontier Approach, 

Stochastic Nonparametric Envelopment of Data). This approach rests on the so-called materials balance 

principle according to which the total amount of mass (i.e. materials) in inputs must equal the mass in 

desirable outputs plus the mass in the waste which potentially or actually causes pollution (the First Law 

of Thermodynamics or the Law of Mass Conservation). In other words, materials in inputs are transformed 

into desirable outputs and emissions that have potential to cause pollution (Ayres (1995[47]). 

In this approach, pollution is viewed as the balance of nutrients (materials) which is defined as the 

difference between nutrients in inputs and nutrients in outputs. In order to reduce pollution, one could 

reduce the nutrient balance by reducing the nutrient amount in the inputs. That is, instead of minimising 

inputs, the contents contained in inputs are minimised. This is done on the grounds that a firm is more 

environmentally efficient if it produces a lower nutrient balance.4 

The materials balance approach provides two principle advantages. First, the model could demonstrate 

more clearly that pollution reduction in some cases can be cost reducing, a point that has tended to be 

neglected in a number of past studies. Second and most importantly, the method shows that past methods 

which introduced pollution variables into the production technology may contain definite shortcomings 

when the materials balance condition is realised (Coelli et al., (2007[7]); Ebert and Welch (2007[48])).5 

Compared with the approaches discussed earlier, this approach not only satisfies the mass conservation 

law, but also does not involve the introduction of any extra variables into the production model because 

the materials balance does not appear as either an input/output or an indicator of environmental 

pressures.6 Consequently, as there is no undesirable output vector, the potential correlation between the 

undesirable outputs and conventional inputs often present in this kind of empirical studies is avoided.  

Another implication of the materials balance approach is that popular functional forms like the Cobb-

Douglas function are inapplicable and the frequently postulated property of weak disposability (i.e. the 
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desirable and undesirable outputs can be reduced proportionately at any given level of inputs – material 

and non-materials) is not admissible. 

The materials-balance concept is incorporated into the production model in the same manner in which 

prices of inputs are normally incorporated. Inter-temporal changes in this environmental TFP can be 

decomposed into technical change; technical efficiency change; and nutrient allocative efficiency change. 

Technical change and technical efficiency change capture the effects of technological and efficiency 

change, while nutrient allocative efficiency change accounts for changes in input combinations in terms of 

nutrients. Empirically, the estimation and decomposition can be computed using existing non-parametric 

(e.g. DEA) or parametric (e.g. SFA) techniques (Coelli et al. (2007[7]); Førsund (2009[49]); and Murty et al. 

(2012[50]). 

This decomposition further facilitates the understanding of factors driving the changes in the environmental 

performance of producing units (i.e. firms, farms, regions or countries), which in turn provides useful inputs 

into policy decision making. This approach also allows the estimation of effects on nutrient reduction by 

policy changes (e.g. taxation) (Coelli, et al. (2007[7]). 

The materials-balance approach (Ayres and Kneese (1969[51]); Georgescu-Roegen (1971[52]) has recently 

attracted interest in environmental economics (e.g. Daly (1977[53]); Baumgärter (2000[54]); Pethig (2006[55]); 

Ebert and Welsch (2007[48]); and Førsund (2009[49]). Several empirical studies have also applied the 

material balance approach in the environmental analysis in the agricultural sector in OECD countries to 

measure productivity and efficiency and analyse trade-offs between economic and environmental aspects 

(e.g. Reinhard et al. (1999[31]; 2000[11]); Reinhard and Thijssen (2000[56]); Coelli et al. (2007[7]); Lauwers 

(2009[57]); Meensela et al.  2010; Hoang and Coelli (2011[58]). Several papers in this stream of literature 

criticise the conventional models of bad outputs for being incompatible with the law of mass conservation 

and the fundamental laws of physics.  

The materials-balance principle holds true in any agricultural production system and, as such, measures 

of productivity growth and efficiency of agricultural production should satisfy the test of the materials 

balance condition. Farmers use inputs such as feed, seed, planting material, fertilisers, purchased animals, 

manure, soil, energy and water containing nitrogen, phosphorus or carbon to produce outputs. The 

materials balance equals the total amount of materials in inputs minus the amount of materials in outputs. 

The balance that goes into the land, air or water potentially causes pollution; hence, the polluting potential 

of agricultural production can be represented by the materials balance. 

In fact, studies incorporating the materials balance condition have become increasing prevalent in 

agricultural environmental efficiency analysis. Several empirical studies have also applied the material 

balance approach in the environmental analysis in the agricultural sector in OECD countries to measure 

efficiency levels and analyse economic-environmental trade-offs.7 

However, the materials balance approach faces two major limitations from the viewpoint of sustainability: 

i) ambiguous treatment of immaterial inputs (e.g. labour, capital-buildings and equipment, farm services, 

such as R&D, training, marketing); and ii) lack of universally accepted weights for various material inputs.  

The materials balance approach would yield biased results when the production process involves the 

consumption of several immaterial inputs. In such cases, the material balance approach – by failing to 

capture those inputs – would tend to identify decision units (firms, sectors, countries) that use less material 

inputs (e.g. fertilisers, pesticides) as being more environmentally efficient, regardless of the quantity 

immaterial inputs used. 

Moreover, when production processes involve more than one material, issues relating to aggregate 

pollution arise, as the model would require the specification of weights of various materials and their 

respective pollution impact. For example, the empirical study by Coelli et al. (2007[7]) investigated 

phosphorus and nitrogen, whose weights were 10:1 because the eutrofying power of phosphorus was ten 

times more than that of nitrogen. These weights are reasonable when eutrophication is the only pollution 
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caused by agricultural production. However, agricultural production also consumes many energy inputs 

(e.g. electricity, fuels, coal and wood) and the consumption of these energy inputs causes pollution (i.e. gas 

emission), but the nature of pollution caused by gas emission is very different from eutrophication, making 

their comparison ambiguous. 

Another issue worth noting concerns the dynamics of the material balance. In practice, the material balance 

equation can be used for estimating the quantities of pollutants that are not directly observable or ease to 

measure. In agriculture, it is standard to use the nutrient balance method to estimate the surplus of nitrogen 

and phosphorus. OECD applies this method for calculating nitrogen and phosphorus balances at country 

level and subsequently uses the nutrient balances to construct indicators of environmental performance 

(OECD, 2001[59]).  

It is also important to note that this nutrient balance accounting is static and therefore ignores the delayed 

environmental effects of nutrient use in agriculture that occur over a relatively long time horizon. 

Kuosmanen (2013[24]) and Kuosmanen and Kuosmanen (2013[60]) propose a dynamic material balance in 

which the nutrient stocks could be constructed from the available data of nutrient flows, similar to the way 

in which capital stocks are constructed from investments. From the conceptual point of view, taking the 

past nutrient inputs and the accumulation of nutrients in the long term explicitly into account provides a 

better proxy of the environmental pressure from nutrients than the nutrient surplus or deficit during a single 

period. In addition, using the stocks of nutrients rather than the flows resolves the problems caused by 

temporary nutrient deficit (negative productivity indices) as the nutrient stock is always positive, and so is 

the nutrient flow from the stock (i.e. the decay of stock). Although calculating the stocks is more 

appropriate, data on stocks are incomplete and calculation of polluting weights entails subjective 

judgements. 

Another issue with the use of the materials balance approach noted in the literature is that this approach 

does not facilitate the simultaneous analysis of energy (Second Law of Thermodynamics) and materials 

consumption. A fourth type of model – the exergy (i.e. useful energy) balance approach - has recently been 

proposed in response to this limitation, where exergy refers to the usefulness or value of any forms of mass 

and energy (Hoang and Rao (2010[61]); Hoang and Alauddin (2012[62]).8 

Incorporating the cumulative exergy balance over the supply chain permits cumulative pollution and the 

total effects of agricultural activity on natural resources to be incorporated into models. This allows a more 

comprehensive evaluation of the sustainability of eco-systems and the exergy balance approach is 

therefore compatible with the Life Cycle Assessment framework. 

3.3. Empirical studies 

A number of empirical studies have endeavoured to incorporate negative agricultural externalities in 

traditional TFP and efficiency estimates for agriculture. Nevertheless, only three empirical studies have 

been identified which have undertaken inter-country analysis of the aggregate agricultural sector. These 

inter-country studies employed the materials balance approach and used the frontier framework, mainly 

DEA and using the Malmquist TFP index. 

Overwhelmingly, most studies focus on a single country, usually the United States, or on a single sector 

(e.g. pigs) in a specific country. A small number of studies have been undertaken in the Netherlands, the 

United Kingdom, and France. In addition, all studies that we were able to identify incorporate only negative 

externalities (pollution). 

The literature relating to the environmental externalities of agricultural production is sizeable and spans 

several disciplines, including agricultural economics, agronomy, ecological and environmental economics, 

econometrics, production economics and operations research (Kuosmanen (2013[24]). The empirical 

literature is also wide in its scope, ranging from farm- and sector-level studies (Brummer et al. (2002[63]); 
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Reinhard et al., (2000[11]; 1999[31]), aggregate level, country-specific studies: the United States (Ball et al. 

(2004[64]); Cox and Chavas (1990[65]); Jorgenson and Gollop (1992[66]), the United Kingdom (Thirtle and 

Bottomley (1992[67]); and international cross-country comparisons (Ball et al. (2001[68]); Bureau et al. 

(1995[69]); Coelli and Rao (2005[70]); Fuglie and Rada (2013[71]); Lusigi and Thirtle (1997[72]). 

The common methodological approaches in this literature include growth accounting (Jorgenson and 

Gollop (1992[66]), index number approaches (Kuosmanen et al. (2004[73]); O'Donnell (2010[74]), and frontier 

approaches, such as the Data Envelopment Analysis (DEA) and stochastic frontier analysis (SFA) (Bureau 

et al. (1995[69]); Coelli and Rao (2005[70]), etc.). 

Recently, many empirical TFP studies in the agricultural sector have tried to take some environmental 

considerations into account (Hoang and Alauddin (2012[62]); Hoang and Coelli (2011[58]); Hoang and 

Nguyen (2013[75]) 2013; Nguyen et al. (2012[76]); Reinhard et al. (2000[11]); Reinhard et al. (1999[31]; 

2002[32]); Reinhard and Thijssen (2000[56]). However, very few empirical studies on the measurement 

environmental TFP in agriculture across countries have been undertaken. 

Inter-country empirical studies 

Ortiz-Bobea et al. (2021[5]) develop a robust econometric model of weather effects on global agricultural 

TFP and combine this model with counterfactual climate scenarios to evaluate impacts of past climate 

trends on TFP over the 1961-2015 period. Agricultural data are from the United States Department of 

Agriculture (USDA) Economic Research Service (ERS) International Agricultural TFP dataset, which 

provides the most comprehensive set of international TFP estimates for the agricultural sector. The 

historical weather data are obtained from the Global Meteorological Forcing Dataset (GMFD) for land 

surface modelling developed by the Terrestrial Hydrology Research Group at Princeton University. Their 

baseline model indicates that anthropogenic climate change has reduced global agricultural TFP by about 

21% since 1961, a slowdown that is equivalent to losing the last seven years of productivity growth. The 

effect is substantially more severe (a reduction of ~26–34%) in warmer regions such as Africa and Latin 

America and the Caribbean. They also find that global agriculture has grown more vulnerable to ongoing 

climate change. 

Hoang and Coelli (2011) used the material balance approach and an input-orientated DEA framework to 

calculate the environmental performance (traditional and environmentally adjusted TFP) of the agricultural 

sector in 30 OECD countries from 1990 to 2003. Their study focused on nitrogen and phosphorus balances 

and used FAO data. The aggregate content of nitrogen and phosphorus was estimated in three inputs 

(feed, seeds, and fertilisers), while for labour, machinery and water it was assumed to have zero nutrient 

contents.  

This empirical study yielded several important findings. First, OECD countries achieved an annual 

traditional TFP growth rate of 1.6%. Second, environmentally adjusted TFP has grown at a slower rate 

than traditional TFP growth. Third, there was great potential for OECD countries to improve their nutrient 

efficiency by either improving their technical efficiency or more importantly, by changing the combination 

of nutrient-containing inputs. Improved nutrient efficiency suggests that the eutrophication power of N- and 

P-balance entering water systems is lower. On average, OECD countries should be able to produce their 

current output with 27.7% fewer inputs or with inputs containing 57.5% less N and P eutrophication power. 

Moreover, the rankings of OECD countries changed significantly between technical efficiency and nutrient 

efficiency. Belgium-Luxembourg, Denmark, Japan, Korea and New Zealand are in the best position in 

terms of input-oriented technical efficiency. In terms of input-oriented nutrient efficiency, only Belgium-

Luxembourg and Korea retained their top rankings. 

Hoang and Rao (2010[61]) study used the frontier-based approach in an input-orientated DEA framework 

to estimate the exergy-based ecological efficiency of agriculture in 29 OECD countries for the 1990-2003 
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period. The same FAO database was also used and three environmental inputs were included: pesticides, 

water and energy consumption. The following key findings identified. 

First, there are huge opportunities for OECD countries to make their agricultural production systems more 

sustainable. On average, OECD countries have the potential to save 72.3% of cumulative exergy 

consumption. Improvements can be achieved by being more technically efficient and choosing a better 

combination of inputs. Second, the sustainable efficiency – defined as the ratio of total to minimum 

cumulative exergy content – varied enormously across OECD countries (Belgium–Luxembourg, the 

Netherlands and Denmark were identified as having the most sustainable systems, while Mexico, Iceland 

and Japan had the least-sustainable systems). Finally, the efficiency levels in 2003 were lower than in 

1990. 

The Hoang and Alauddin (2012[62]) used an input-oriented DEA framework and the same FAO dataset as 

with these two previous studies to measure the economic, environmental and ecological efficiency of the 

agricultural sector in 30 OECD countries for the 1990-2003 period. In contrast to Hoang and Coelli 

(2011[58]), which used material balance approach, the approach of this study searches for optimal input 

combinations that minimise total costs, total amount of nutrients and total amount of cumulative exergy 

contained in inputs.  

This study confirms the results obtained from the previous two studies – namely, that is a large potential 

for OECD countries to make their agricultural production systems more environmentally and ecologically 

sustainable. On average, OECD countries should be able to produce their current output with an input 

vector that contains 57.9% less eutrophication power caused by nitrogen and phosphorus, and 68.9% less 

cumulative exergy consumption, without reducing their output levels.  

The second interesting finding was that improvement in the environmental and ecological sustainability of 

OECD countries can be achieved by increasing technical efficiency, and even more significantly by 

changing the input combinations. This finding was supported by the higher correlation between nutrient 

efficiency and cumulative exergy efficiency with the allocative efficiency measures, than with the technical 

efficiency measures. 

Kuosmanen (2013[24]) provides an empirical comparison of three alternative orientations to productivity 

measurement, as well as three alternative frontier estimation techniques. In particular, he compares three 

alternative orientations to productivity measurement: purely economic (ECON), purely environmental 

(ENV), and the mixed economic and environmental (MIX).9 The TFP index used in the application is the 

conventional Malmquist index. The frontier is estimated by the panel data version of stochastic semi-

nonparametric envelopment of data (StoNED), assuming monotonicity, convexity, and constant returns to 

scale. Technical change is captured by a parametric, linear time trend (Kuosmanen and Kortelainen 

(2012[77]). 

For comparison, he also considers the conventional SFA and DEA approaches. For the SFA estimation, 

the conventional Cobb-Douglas production function was used, specifying the most productive country as 

the benchmark as in Schmidt and Sickles (1984), and capturing the technical change by a linear trend. In 

the DEA calculations, the panel data version of DEA suggested by Ruggiero (2004[78]) was applied, which 

is able to assimilate stochastic noise. Three environmental variables are used: the GHG emissions from 

agriculture, and the stocks of nitrogen and phosphorus accumulated in agricultural land. The data set 

covers 13 European OECD countries.10 The time span of the study is 15 years, from 1990 to 2004. Data 

for capital stock are from FAOSTAT, while data for other inputs are from OECD. The net production value 

(constant 2004-06 prices, 1 000 international dollars) reported by FAOSTAT was used as the output 

variable in all three alternative models. The results suggest, inter alia, that: i) the empirical fit of the ENV 

model proved better than that of the ECON model, irrespective of the estimation method; and ii) depending 

on the model specification, the DEA approach yields reasonable estimates of either the efficiency levels, 

or the TFP change – but not both. Based on these findings, the author concludes that there is a trade-off 
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between the discriminatory power and the explanatory power of DEA. The author also emphasises that 

the empirical work reported in this study is necessarily limited by data availability and time constraints. 

Box 3.1. OECD’s cross-country on-going work on environmentally-adjusted total factor 
productivity 

The OECD has developed a framework to calculate environmentally adjusted multi-factor productivity 

(EAMFTP) estimates for the whole economy. The framework builds on the literature on productivity 

measurement with undesirable outputs (Pittman (1983[29]); Repetto et al. (1997[79]). It integrates 

selected natural resources (land, timber, subsoil assets) as input factors and selected pollutant 

emissions (carbon dioxide, sulphur and nitrogen oxides) as undesirable outputs in the production 

function (Brandt et al. (2014[80])).  

The framework is based on a standard production function, whereby output Y is derived using labour 

and capital input factors. This function is complemented by natural capital and the negative effect of 

bad output on production. Two adjustments are made to the standard production function. First, natural 

capital inputs (including minerals, oil, gas, coal and timber) are aggregated into a natural resource index 

and enter the production function as a third input factor. Second, ‘bad outputs’, essentially air pollutant 

and CO2 emissions, are added to Y to derive effective output Q. In formal terms, effective output is 

defined as: 

𝑄(𝑅𝑡 , 𝑌𝑡) = 𝑓(𝐾𝑡 , 𝐿𝑡 , 𝑆𝑡)  

Where Q denotes effective output, Y output, R are the undesirable or bad outputs, K capital input, 

L labour input and S the flow of natural resources. S is an aggregate of different natural resource inputs. 

More good output can be produced only by accepting more bad output- or, conversely, bad outputs can 

only be reduced by accepting less output of goods and services. It is worth mentioning that this 

approach assumes no win-win solutions. The weights for “bad” outputs, their elasticities are 

econometrically estimated. The weights of outputs or their elasticities are equivalent to their value 

shares, while the elasticities of inputs and thus their weights in productivity measurement are equivalent 

to cost shares when producers maximise profits (minimise costs). In that sense, the relevant price for 

emissions in a productivity framework is the marginal cost facing producers to achieve the abatement 

required by different policies constraining emissions. Outputs and inputs are weighted with their 

elasticity with respect to a transformation function. 

The biggest challenge is data availability regarding the use of environmental inputs in production and 

the associated costs, in particular, the cost of the depletion and degradation of natural resources and 

their use in consumption and production. Currently the empirical analysis includes: 14 types of fossil 

fuels and minerals), and eight types of GHGs and air pollutants). Due to the unavailability of data, water 

and fish stocks are not included in the analysis at this stage. As a first step, the techniques to compute 

the monetary value of natural resources are consistent with the 2008 SNA and the 2012 Central 

Framework of the System of Environmental Economic Accounts (SEEA). Results suggest that the 

adjustment of the traditional productivity growth measure for bad outputs is small. This partly hinges on 

the fact that for lack of more comprehensive data only a limited set of bad outputs are considered (CO2, 

SOx and NOx). 

The framework was refined and applied to all OECD and G20 countries for the 1990-2013 time period 

(Cárdenas Rodríguez et al. (2018[81]). Empirical analysis of 46 countries (OECD + G20) from 1991 to 

2013 suggest that the contribution of natural capital is important in some countries. Some countries are 

becoming less dependent on natural resources to sustain growth. EAMFP growth is the main 

component of output growth for most countries. The variables included in the analysis were: GDP, 
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labour and produced capital; Natural assets: fossil fuels (oil, gas, hard coal, soft coal) + minerals (iron 

ore, bauxite, copper, lead, nickel, tin, zinc, gold, silver, phosphate); Air pollutants: CO2 (Carbon 

dioxide), CH4 (methane), N2O (nitrous dioxide), Sox (sulphur oxide), Nox (nitrogen oxides), NMVOC 

(non-methane volatile organic compounds), CO (carbon monoxide), PM10 (particulate matter). 

Source: Brandt et al. (2014[80]) ; Cárdenas Rodríguez et al. (2018[81]). 

Selected country-specific total agriculture empirical studies 

In the United States, the productivity of agriculture has been studied vigorously and several contributions 

have adjusted traditional TFP measures for the environmental impacts of production. Five of these studies 

have examined pesticide pollution, one looked at soil erosion, and one investigated nitrogen pollution. Most 

of these studies implicitly or explicitly weighted year-to-year changes in pollutants using shadow values of 

the pollutant (i.e. the opportunity cost of reducing pollutants in terms of the livestock and crop output 

forgone). Two of these analyses, however, weighted pollutant output with the difference between consumer 

willingness to pay and opportunity cost.11 

The first of these studies, Gollop and Swinland (1998[82]; 2001[83]), used both the welfare-based approach, 

which values environmental damage with social costs and the producer-based approach, which uses 

marginal abatement or producer costs for valuation, to adjust agricultural sector growth for pesticide use 

as an undesirable output for 1972-93. The authors used the results of a previous contingent valuation 

study of willingness to pay for clean water as their measure of consumer value (social costs), and estimated 

the producers' shadow price (marginal abatement cost) using a translog cost function. A standard 

Tornqvist-Theil productivity index was used. One difference to other studies is that the undesirable output 

enters the production function as a ratio to value added rather than in levels. 

Overall, the adjustment to the average annual productivity rate for the entire period was negligible – an 

increase from 1.47% to 1.48%. They also found that conventional TFP growth rates over-estimate 

productivity growth when pollution is rising and under-estimate it when pollution is reduced. In particular, 

adjusted TFP measures are lower than the traditional ones in the 1970s and higher after that, reflecting a 

decline in pollution, presumably due to environmental policies. Because the social cost of pollution is 

assumed to be higher than the private cost, the gap between the conventional TFP and welfare-based 

TFP measures is always higher than the gap between conventional TFP and producer-based TFP 

measures.  

The second study, conducted by Ball et al. (2001[68]), used a cost-indirect input distance function estimated 

with DEA to calculate productivity indexes similar to the Malmqvist index both with and without pesticide 

pollution as a bad output. While they do not report average productivity rates for the United States, it can 

be inferred from their analysis that including the two human-risk pesticide indexes reduces the average 

annual productivity growth rate from about 2.4% to -0.4% for the entire 1960-96 period. 

The third pesticide study, by Ball et al. (2004[64]) also used DEA to calculate hyperbolic distance functions 

with and without all four Kellogg et al. pesticide indexes. Inclusion of these indexes reduces average annual 

productivity rates for the 1960-96 period from 1.54% to 0.98%. They also found that productivity growth is 

overstated by a conventional Malmquist productivity index in the early years, because the latter fails to 

account for rapid increases in pesticide use and its adverse consequences. 

Conversely, productivity growth is understated by a conventional Malmquist productivity index in the later 

years, because the conventional index does not account for reductions in water contamination. This pattern 

is reflected in the behaviour of the environmental productivity index, which declines rapidly at over 4% per 

year through the mid-1970s, stabilises through the mid-1980s, and increases at over 2% per year 

thereafter. The authors conclude that by incorporating just four of many environmental impacts associated 
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with water contamination from pesticides into an environmentally sensitive productivity index, the 

productivity story for the agricultural sector in the United States changes dramatically. 

The fourth study, by Färe et al. (2001[84]), used a quadratic directional output distance function to provide 

an estimate of the shadow prices of bad outputs. Although the study did not calculate productivity rates, it 

can be inferred that the average annual productivity gains for the 1960-96 period would be adjusted 

downwards from about 1.5% to about 1.3%. 

Finally, the fifth study, by Ball et al. (2002) used DEA to construct both a standard DEA Malmqvist 

productivity index and a separate quantity index for only the human risks as a "bad" output. Using the Fare, 

Grosskopf and Weber (2001) estimate that these pollution outputs had an average shadow value 

equivalent to 17.5% of the good output value, the implied average rate of productivity gain for 1960-96 

would be reduced from 1.8% to 1.3%. 

Repetto et al. (1996[28]) adjusted agricultural productivity from Ball's national-level data by including USDA 

estimates of changes in soil erosion between 1977 and 1992 and calculated adjusted productivity indices 

for agriculture, electric power, and pulp and paper in the United States. Weights are determined by 

estimates of the marginal damage costs of emissions based on an independent contingent valuation study 

of willingness to pay for clean water conducted by the US Environmental Protection Agency. They found 

that the conventional TFP productivity growth estimates were lower than the adjusted TFP estimates in all 

three sectors.12 For agriculture, the average annual productivity growth rate was 2.30% according to the 

conventional TFP measure. However, even when only soil erosion damages are taken into account, the 

average rate is estimated to be 2.38 and 2.41%, depending on whether damage values are assumed to 

be proportional to GDP or to remain constant over time. 

Finally, Ball et al. (2005[85]) suggest a procedure for measuring productivity growth in the presence of 

externalities which allows to model joint production of good output and the external effect without requiring 

data on the shadow price of the externality. In their model, reduction of bad outputs is possible either 

through reducing the production of good outputs, given a fixed level of inputs, or by increasing input use 

while maintaining the same level of production of good outputs. In either case, the reduction of bad outputs 

is achieved by increased cost to the producer, since the environment ceases to be a free factor of 

production with a positive marginal benefit to the producer. It is also assumed that bad outputs are always 

produced when good outputs are produced. As an illustration, the authors provide an application using a 

state-by-year panel of the US agricultural sector which includes data on environmental risk due to pesticide 

leaching and runoff for the period 1960-96. They found that conventional measures of productivity are 

biased upwards when the production of negative externalities is increasing, and biased downwards when 

externalities in production are declining. 

In a nutshell, the following two main conclusions could be drawn from the US studies cited above. First, 

the inclusion of environmental impacts has a pronounced influence on measured productivity change, with 

this influence being generally negative in the early part and positive in the later part of the study periods. 

Second, TFP measures that ignore undesirable outputs are over-stated when the environmental risks 

associated with production are increasing, and vice versa.13 

Oskam (1991[86]) used a Tornqvist-Theil index to calculate EATFP for the Netherlands for the period 1949-

88 and includes estimates of the negative externalities caused by nitrogen, phosphates, potassium, 

ammonia and pesticides. Externalities are priced in terms of costs associated with reducing output of 

pollution (i.e. a shadow price approach). In particular, prices for negative agricultural externalities are 

guessed using either estimated marginal costs of environmental measures in place to reduce pollution in 

other sectors or estimates of possible marginal costs associated with measures to be introduced in the 

future. Results of this analysis show that annual growth in TSFP is approximately 5% lower for the period 

1949-88 than that for TFP. 
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A study by Barnes (2002[87]) for the United Kingdom includes estimates of the negative externalities caused 

by nitrate and pesticide pollution within a conventional TFP measure over the period 1948-95. Estimates 

of quantities of nitrogen and pesticide pollution are made by calculation of excess nitrogen (inputs of 

nitrogen to the farm system – in fertiliser and manure – minus outputs of nitrogen – in crops) and using 

official figures for quantities of active ingredients of pesticides applied to agricultural land.  

These externalities are valued in terms of the price society could be judged as willing to pay farmers in 

order to modify their production activities. More specifically, prices for these pollutants are calculated with 

reference to payments made to farmers to reduce applications of either fertilisers or pesticides under the 

Nitrate Sensitive Area and Organic Aid Scheme. The study finds that environmentally adjusted TFP was 

lower than conventional TFP in the United Kingdom from the mid-1970s onwards, although there seems 

to be some convergence between the two indices during the latter part of the period covered. Overall, the 

integration of these negative externalities leads to a reduction of around 21% in annual growth rates over 

the period 1948-95 (Barnes and McVittie (2004[88]). 
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Annex 3.A. Analytical framework 

Robert G Chambers 

Agricultural and Resource Economics, University of Maryland, United States 

This annex considers the role that by-products play in agricultural productivity. Its ultimate message is that 

proper productivity measurement requires accounting for by-products, and more generally non-priced 

inputs and outputs. To make this point, we start with a simple, but general, model of the technology. The 

productivity-measurement problem is then spelt out. Continuous and discrete productivity-accounting 

methods for measuring total factor productivity (TFP) in the presence of by-production are reviewed. We 

show that a simple correction for the presence of a by-product exists if the production technology exhibits 

constant returns to scale. We then discuss how recent developments in representing technologies with by-

products affect productivity measurement. 

The model 

The technology and optimal behaviour 

The technology is defined at time 𝑡 by 

𝑇(𝑡) = {(𝑥, 𝑟, 𝑦, 𝑧): (𝑥, 𝑟) can produce (𝑦, 𝑧) at time 𝑡}, 

where 𝑥 ∈ ℝ+
𝑁 denotes a vector of inputs that do not produce unintended by-products, 𝑟 ∈ ℝ+

𝐽
 denotes a 

vector of inputs that may generate by-products, 𝑦 ∈ ℝ+
𝑀 is a vector of good outputs, and 𝑧 ∈ ℝ+

𝐾 is a vector 

of by-products. Time, 𝑡, is included in the technology to capture how limitations imposed by our knowledge 

base condition production practices. Changes in 𝑇(𝑡) driven by 𝑡 are called “technical change”. 

We assume that 𝑇(𝑡) is closed, nonempty, and that 

(𝑥, 𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡) ⇒ (𝜇𝑥, 𝜇𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡) 

for 𝜇 > 1 (weak input disposability). Associated with the technology is the input set, 

𝑉(𝑦, 𝑧, 𝑡) ≡ {(𝑥, 𝑟): (𝑥, 𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡)}, 

depicting the input bundles that can produce the output bundle (𝑦, 𝑧) at time 𝑡. Figure 1 illustrates the input 

set by everything on or above the curve labelled 𝑉(𝑦, 𝑧, 𝑡). 

The input distance function is defined14 

𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) ≡ sup {𝜆 > 0: (
𝑥

𝜆
,
𝑟

𝜆
) ∈ 𝑉(𝑦, 𝑧, 𝑡)}. (1) 

The input-distance function measures the amount that (𝑥, 𝑟) can be “shrunk” radially while maintaining its 

ability to produce (𝑦, 𝑧). For example, in Annex Figure 3.A.1, 𝐼(𝑥𝐴, 𝑟𝐴 , 𝑦, 𝑧, 𝑡) =
||0𝐵||

||0𝐴||
. It is positively linearly 

homogeneous in 𝑥 and 𝑟. Weak input disposability ensures that 

𝑇(𝑡) = {(𝑥, 𝑟, 𝑦, 𝑧, 𝑡): 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) ≥ 1}. 

𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) is a complete function representation of 𝑇(𝑡). The isoquant is the set of inputs that provide a 

lower bound for 𝑉(𝑦, 𝑧, 𝑡): 

𝑉(𝑦, 𝑧, 𝑡) ≡ {(𝑥, 𝑟): 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) = 1}. 
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Output prices are denoted by 𝑝 ∈ ℝ++
𝑀 , the prices for inputs not associated with a by-product are denoted 

by 𝑤 ∈ ℝ++
𝑁 , and the prices for inputs with by-products are denoted by 𝑣 ∈ ℝ++

𝐾 . The cost function for the 

technology is defined 

𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡) = min
𝑥,𝑟
{𝑤𝑥 + 𝑣𝑟: 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) ≥ 1} 

if there exists (𝑥, 𝑟) such that 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) ≥ 1 and ∞ otherwise. The variable profit function dual to 

𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡) is defined 

𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) = max
𝑦
{𝑝𝑦 − 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡)} 

Annex Figure 3.A.1. Input set and input distance function 

 

For notational convenience, we treat 𝑥, 𝑟, 𝑦, and 𝑧 as scalars and assume (except where noted) that 𝐼 and 

𝐶 are smoothly differentiable.15 The cost-minimization problem in Lagrangean form is 

𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡) = min
𝑥,𝑟,𝜇

{𝑤𝑥 + 𝑣𝑟 − 𝜇𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡)}, 

where 𝜇 ≥ 0 is a Lagrange multiplier. The first-order conditions for 𝑥, 𝑟, and 𝜇 are 

 (2) 

while the envelope theorem implies (at the optimum). 
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 (3) 

The first-order conditions imply 

𝑤𝑥 + 𝑟𝑣 = 𝜇 (
𝜕𝐼

𝜕𝑥
𝑥 +

𝜕𝐼

𝜕𝑟
𝑟)

= 𝜇𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡)

= 𝜇,

 

where the second equality follows from the positive linear homogeneity of 𝐼 in (𝑥, 𝑟). Hence, at the optimum, 

𝜇 = 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡). 

The first-order condition for variable profit maximization requires 

𝑝 −
𝜕𝐶

𝜕𝑦
= 0, 

while the envelope theorem and (3) imply (at the optimum) 

  (4) 

𝑇(𝑡) exhibits constant returns to scale in (𝑥, 𝑟, 𝑦, 𝑧) if 

(𝑥, 𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡) ⇒ (𝜇𝑥, 𝜇𝑟, 𝜇𝑦, 𝜇𝑧) ∈ 𝑇(𝑡), 

for all 𝜇 > 0. Under constant returns in (𝑥, 𝑟, 𝑦, 𝑧), 

𝐼(𝜇𝑥, 𝜇𝑟, 𝜇𝑦, 𝜇𝑧, 𝑡) = sup {𝜆 > 0: (
𝜇𝑥

𝜆
,
𝜇𝑟

𝜆
, 𝜇𝑦, 𝜇𝑧, 𝑡) ∈ 𝑇(𝑡)}

= sup {𝜆 > 0: (
𝑥

𝜆
,
𝑟

𝜆
, 𝑦, 𝑧, 𝑡) ∈ 𝑇(𝑡)}

= 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡),

 

for 𝜇 > 0. The input distance function is homogeneous of degree zero in (𝑥, 𝑟, 𝑦, 𝑧). Constant returns in 

(𝑥, 𝑟, 𝑦, 𝑧) implies 

 

Take 𝜇 =
1

𝑧•
> 0 to obtain 

 (5) 

𝑇(𝑡) exhibits constant returns to scale in (𝑥, 𝑟, 𝑦) if 

(𝑥, 𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡) ⇒ (𝜇𝑥, 𝜇𝑟, 𝜇𝑦, 𝑧) ∈ 𝑇(𝑡) 
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for 𝜇 > 0, and 

𝐼(𝜇𝑥, 𝜇𝑟, 𝜇𝑦, 𝑧, 𝑡) = 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡). 

Constant returns in (𝑥, 𝑟, 𝑦) implies for 𝑦 > 0 

 (6) 

The basic problem 

Output growth has two drivers: input growth and technical change. Explaining output growth, therefore, 

requires segregating input-driven output growth from that driven by technical change. Our measure of 

technical change is the shift in the input distance function caused by changing 𝑡 holding (𝑥, 𝑦) constant. 

When technical change is measured on a continuous basis, the measure is 

𝜕ln𝐼(𝑥,𝑟,𝑦,𝑧,𝑡)

𝜕𝑡
. (7) 

The discrete measure of technical change is the index 

𝐼(𝑥,𝑟,𝑦,𝑧,𝑡1)

𝐼(𝑥,𝑟,𝑦,𝑧,𝑡0)
. (8) 

The available variates are: prices,(𝑥𝑡 , 𝑟𝑡 , 𝑦𝑡 , 𝑧𝑡 , 𝑡), and (�̇�𝑡 , �̇�𝑡 , �̇�𝑡 , �̇�𝑡 , 𝑡) in the continuous case; or prices, 

(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡1), and (𝑥0, 𝑟0, 𝑦0 , 𝑧0, 𝑡0) in the discrete case. (Dots over variables denote percentage changes 

over time.) 

Productivity accounting with by-products 

Estimating empirical approximations to 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡), 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡), or 𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) is one way to estimate 

technical change. For example, if �̂� (𝑤, 𝑣, 𝑦, 𝑧, 𝑡) is an estimated cost function, expression ([eq:envcost]) 

suggests 

𝜕 �̂�

𝜕𝑡
= −𝜇−1

𝜕 �̂� (𝑤, 𝑣, 𝑦, 𝑧, 𝑡)

𝜕𝑡

= −
𝜕ln �̂� (𝑤, 𝑣, 𝑦, 𝑧, 𝑡)

𝜕𝑡

 

as the technical-change measure. Here the second equality follows because at the optimum 

𝜇 = 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡). 

Another approach, which is more common at the aggregate level, is to use productivity-accounting 

methods. In both the continuous and the discrete place, the accounting approach, following Solow 

(1957[89]), relies on the conditions for producer equilibrium to segregate output growth due to movements 

along production frontiers from that due to shifts in frontiers caused by technical change. 

Continuous case 

Totally differentiating the equality, 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) = 1, that characterizes efficient production with respect to 

𝑡 gives 

𝜕ln𝐼

𝜕𝑡
+
𝜕ln𝐼

𝜕ln𝑦
�̇�
𝑡
+
𝜕ln𝐼

𝜕ln𝑥
�̇�𝑡 +

𝜕ln𝐼

𝜕ln𝑟
�̇�𝑡 +

𝜕ln𝐼

𝜕ln𝑧
�̇�𝑡 = 0. 



   73 

INSIGHTS INTO THE MEASUREMENT OF AGRICULTURAL TOTAL FACTOR PRODUCTIVITY AND THE ENVIRONMENT © OECD 2022 
  

Thus, in producer equilibrium 

 (9) 

where we use expressions (3) and the result that 𝜇 = 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡). 

Under the assumption of constant returns to scale in (𝑥, 𝑟, 𝑦), expression (6) implies 
𝜕ln𝐶

𝜕ln𝑦
= 1, so that (9) 

becomes 

𝜕ln𝐼

𝜕𝑡
= �̇�

𝑡
−
𝑤𝑥

𝐶
�̇�𝑡 −

𝑣𝑟

𝐶
�̇�𝑡

⏞          
𝑇�̇�𝑃

+
𝜕ln𝐶

𝜕ln𝑧
�̇�𝑡 . (10) 

The term 

�̇�
𝑡
−
𝑤𝑥

𝐶
�̇�𝑡 −

𝑣𝑟

𝐶
�̇�𝑡 

is the traditional “Solow residual”. Its 𝑇 �̇� 𝑃 label signals its traditional interpretation as total factor 

productivity growth. Total factor productivity (TFP) is defined as aggregate output per unit of aggregate 

input. Thus, TFP growth, measured in percentage terms, is the difference between aggregate output 

growth and aggregate input growth. In that context, 
𝑤𝑥

𝐶
�̇�𝑡 +

𝑣𝑟

𝐶
�̇�𝑡 is the Divisia index of input growth. 

There are different ways to interpret (10). The one we offer is that the traditional TFP growth measures 

confounds technical change and by-product growth, 

�̇�
𝑡
−
𝑤𝑥

𝐶
�̇�𝑡 −

𝑣𝑟

𝐶
�̇�𝑡

⏞            
𝑇�̇�𝑃

=
𝜕ln𝐼

𝜕𝑡
−
𝜕ln𝐶

𝜕ln𝑧
�̇�𝑡 

Thus, movements along the production frontier associated with by-product growth have been incorporated 

into what is intended to be a measure of the shift in a frontier. A true segregation of frontier shifts as 

opposed to movements along frontiers in explaining observed output growth requires proper measurement 

of the by-product contribution. The input and by-product driven adjustments along the production frontier 

are measured by 

𝑤𝑥

𝐶
�̇�𝑡 +

𝑣𝑟

𝐶
�̇�𝑡 −

𝜕ln𝐶

𝜕ln𝑧
�̇�𝑡 , 

suggesting that the appropriate measure of environmentally adjusted TFP growth is 

𝐸𝐴 �̇� 𝐹𝑃 = �̇�
𝑡
−
𝑤𝑥

𝐶
�̇�𝑡 −

𝑣𝑟

𝐶
�̇�𝑡 +

𝜕ln𝐶

𝜕ln𝑧
�̇�𝑡 

The complicating factors are two. One by products have traditionally been ignored in measuring agricultural 

TFP. And two, if data on by-products are collected, the conditions for producer equilibrium cannot be used 

to infer a value for −
𝜕𝐶

𝜕𝑧
. 

If producers face competitive and unrestricted markets where by-products are not priced, profit-maximizing 

producers choose 𝑧 to maximize producer profit requiring that 

−
𝜕𝐶

𝜕𝑧
= 0. 

In this setting, the Solow residual accurately segregates shifts in frontier from continuous movements along 

the frontier. Thus, in what follows, we assume that market settings or institutional arrangements are such 

that −
𝜕𝐶

𝜕𝑧
≠ 0. 
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The calculation of the Solow residual relies on the assumption that 𝑇(𝑡) exhibits constant returns to scale 

in (𝑥, 𝑟, 𝑦), traditionally measured inputs and outputs. The traditional physical argument for constant returns 

to scale runs: if something can be done once, it can be done twice.16 And if something can be done twice, 

it can be done thrice, and so on. If one can measure all inputs and outputs (that means accounting for all 

differentials including quality, time, space, state of Nature, etc.), that reasoning has some appeal when 

applied to all inputs and outputs. When applied to (𝑥, 𝑟, 𝑦), it seems problematic. 

An agricultural example illustrates. Constant returns in (𝑥, 𝑟, 𝑦) requires that 

 

Consider a chicken-egg farmer producing one desirable output (eggs) using variable inputs (hens and 

appropriate shelter, feed) while generating one by-product (manure). Thus, 𝑦 now represents eggs, 𝑥 

represents hens and coops, 𝑟 represents feed, and 𝑧 is manure. If this farmer produced 1500 eggs and a 

half ton of manure using 3 000 hens and 3 000 units of feed, constant returns in (𝑥, 𝑟, 𝑦) requires that the 

farmer can also produce 3 000 eggs using 6 000 hens, 6 000 units of feed, and a half ton of manure. In 

other words, twice as many hens being fed the same amount produce exactly the same manure as the 

original 3000. On average, constant returns requires each hen to generate half as much manure as before. 

On the other hand, if 𝑇(𝑡) exhibits constant returns in (𝑥, 𝑟, 𝑦, 𝑧), a similar quandary does not arise because 

manure can increase proportionately with hens, feed, and shelter. Moreover, constant returns in (𝑥, 𝑟, 𝑦, 𝑧) 

affords a method for developing a shadow price for 𝑧. By expression ([eq:crsprofit]), under constant returns 

in all inputs and outputs the firm’s variable profit, which is its economic rent for 𝑧, decomposes as 

𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) = 𝑧𝜋(𝑝, 𝑤, 𝑣, 1, 𝑡). 

𝜋(𝑝, 𝑤, 𝑣, 1, 𝑡) is the marginal rent to 𝑧 and thus its proper shadow price. And if the firm operates efficiently 

𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) = 𝑧𝜋(𝑝, 𝑤, 𝑣, 1, 𝑡)

= 𝑝𝑦 − 𝐶(𝑤, 𝑣, 𝑦, 𝑧, 𝑡),
 

whence 

𝜋(𝑝, 𝑤, 𝑣, 1, 𝑡) =
𝑝𝑦−𝐶(𝑤,𝑣,𝑦,𝑧,𝑡)

𝑧
, (11) 

so that the shadow price for pollution can be imputed by dividing observed profit by 𝑧. 

Expressions ([eq:envcost]) and ([eq:envprofit]) now imply 

𝜕ln𝐼

𝜕𝑧
=

𝜋(𝑝,𝑤,𝑣,1,𝑡)

𝐶
, (12) 

which yields: 

𝜕ln𝐼

𝜕𝑡
=
𝑝𝑦

𝐶
�̇�
𝑡
−
𝑤𝑥

𝐶
�̇�𝑡 −

𝑣𝑟

𝐶
�̇�𝑡 +

𝐶 − 𝑝𝑦

𝐶
�̇�𝑡

⏞                      
𝐸𝐴�̇�𝐹𝑃

. 

By-products carry economic rent. Thus, a profit-based decomposition of input and output growth based on 

only (𝑥, 𝑟, 𝑦) misses a primary source of intertemporal profit growth, changes in rent associated with 

changing 𝑧. Correcting entails weighting �̇� by the negative of its marginal rent.17 

If constant returns in (𝑥, 𝑟, 𝑦, 𝑧) is implausible, 𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) continues to measure economic rent to 𝑧, but 

marginal rent is not constant. Thus, this simple correction is not available. In that case, because a profit 

maximizing producer chooses output to equate marginal cost to price, technical change is appropriately 

measured by 

𝐸𝐴 �̇� 𝐹𝑃 =
𝑝𝑦

𝐶
�̇� −

𝑤𝑥

𝐶
�̇� −

𝑣𝑟

𝐶
�̇� +

𝜕ln𝐶

𝜕𝑙𝑛𝑧
�̇�. 
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Discrete case 

The task is now to convert observations on (𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡1) and (𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡0) into measures that 

segregate technical change from input and by-product growth. We pursue an index number approach. 

Because the data are observed at discrete intervals, the problem of choosing the appropriate base period, 

as familiar from comparing Laspeyres and Paasche indices, arises. There are two possible choices, either 

0 or 1, and the choice of one over the other affects the ultimate measure. The traditional resolution of this 

problem due to Fisher (1922[90]) is to create an “ideal” index by taking the geometric average of the indices 

arising from the different base periods.18 

Therefore, following Caves et al. (1982[91]), define an input-oriented productivity index as the geometric 

average of two Malmquist input-oriented productivity indexes. One taken relative to the technology 𝑡1 and 

the other relative to the technology at 𝑡0 

𝑃𝑡1,𝑡0(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑥1, 𝑟1, 𝑦1 , 𝑧1) ≡ (
𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡0)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡0)

𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡1)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡1)
)

1
2

. 

The Malmquist (1953[92]) input-oriented productivity index, 

𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡
∗)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡
∗)
, 

measures the radial adjustment in (𝑥1, 𝑟1) needed to place it on the isoquant for (𝑦1, 𝑧1) given knowledge 

at time 𝑡∗ relative to how much (𝑥0, 𝑟0) must be radially adjusted to fall on the isoquant for (𝑦0, 𝑧0) for the 

same 𝑡∗. 

This index decomposes as 

𝑃𝑡1,𝑡0(𝑥0, 𝑟0, 𝑦0 , 𝑧0, 𝑥1, 𝑟1, 𝑦1, 𝑧1) =
𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡0)

𝐼(𝑥1, 𝑟1, 𝑦1 , 𝑧1, 𝑡1)
(
𝐼(𝑥0, 𝑟0, 𝑦0 , 𝑧0, 𝑡1)

𝐼(𝑥0, 𝑟0, 𝑦0 , 𝑧0, 𝑡0)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡1)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡0)
)

1
2

. 

The first component, 
𝐼(𝑥0,𝑟0,𝑦0,𝑧0,𝑡0)

𝐼(𝑥1,𝑟1,𝑦1,𝑧1,𝑡1)
, measures efficiency in period 𝑡0 relative to efficiency in period 𝑡1. Cost 

minimizing producers operate efficienctly, so for them this component equals one. The second component, 

(
𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡1)

𝐼(𝑥0, 𝑟0, 𝑦0, 𝑧0, 𝑡0)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡1)

𝐼(𝑥1, 𝑟1, 𝑦1, 𝑧1, 𝑡0)
)

1
2

 

is the geometric average of two indexes of technical change. The first measures technical change in terms 

of the inputs and outputs observed in period 𝑡0 and the second in terms of the inputs and outputs observed 

at 𝑡1. 

Assume that: 

ln𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) = 𝛼𝑡 + 𝛽𝑡
⊤ln𝑥 + 𝜓𝑡

⊤ln𝑟 + 𝛿𝑡
⊤ln𝑦 + 휀𝑡

⊤ln𝑧 +
1

2
ln𝑥⊤𝐵ln𝑥

+
1

2
ln𝑟⊤𝐶ln𝑟 +

1

2
ln𝑦⊤𝐷ln𝑦 +

1

2
ln𝑧⊤𝐸ln𝑧 + ln𝑥⊤𝐹ln𝑟

+ln𝑥⊤𝐺ln𝑦 + ln𝑥⊤𝐻ln𝑧 + ln𝑟⊤𝐼ln𝑦 + ln𝑟⊤𝐽ln𝑧 + ln𝑦⊤𝐾ln𝑧,

 

with 𝐵, 𝐶, 𝐷, and 𝐸 all symmetric and sufficient parametric restrictions are imposed to ensure positive linear 

homogeneity in 𝑥 and 𝑟. Thus, changes in the technology over time are assumed to be captured solely by 

the first-order time-specific parameters and all second-order terms are assumed time-invariant. Then 

assuming cost minimization, so that 
𝐼(𝑥0,𝑟0,𝑦0,𝑧0,𝑡0)

𝐼(𝑥1,𝑟1,𝑦1,𝑧1,𝑡1)
 equals one, and using Diewert’s Quadratic Identity, 

standard manipulations reveal that: 
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The first three rows of ([eq:Tornqvist]) are the Törnqvist measure of productivity growth. It’s the basis for 

many sectoral or national productivity calculations.19 The final row is the correction needed to adjust for 

the presence of 𝑧. Assuming profit maximization, 

 

If constant returns to scale in (𝑥, 𝑟, 𝑦, 𝑧) is assumed, 

ln𝑃𝑡1,𝑡0(𝑥0, 𝑟0, 𝑦0, 𝑧0) =

1

2
[

𝑝1𝑦1
𝐶(𝑤1, 𝑣1, 𝑦1, 𝑧1, 𝑡1)

+
𝑝0𝑦0

𝐶(𝑤0, 𝑣0, 𝑦0 , 𝑧0, 𝑡0)
] (ln𝑦1 − ln𝑦0)

−
1

2
[

𝑣1𝑟1
𝐶(𝑤1 , 𝑣1, 𝑦1, 𝑧1, 𝑡1)

+
𝑣0𝑟0

𝐶(𝑤0, 𝑣0, 𝑦0, 𝑧0, 𝑡0)
] (ln𝑟1 − ln𝑟0)

−
1

2
[

𝑤1𝑥1
𝐶(𝑤1 , 𝑣1, 𝑦1, 𝑧1, 𝑡1)

+
𝑤0𝑥0

𝐶(𝑤0, 𝑣0, 𝑦0, 𝑧0, 𝑡0)
] (ln𝑥1 − ln𝑥0)}

  
 

  
 

+
1

2
[
𝐶1 − 𝑝1𝑦1

𝐶1
+
𝐶0 − 𝑝0𝑦0

𝐶0
] (ln𝑧1 − ln𝑧0).

 

A pragmatic issue 

Under constant returns in (𝑥, 𝑟, 𝑦, 𝑧), a straightforward method exists to correct computed productivity 

measures for the presence of by-products. Treat variable profit as the economic rent to 𝑧 to obtain an 

implicit rental rate. Then use that rental rate to adjust standard computed measures for the presence of 𝑧. 

Unfortunately, if one applied that correction to existing aggregate data used in 𝑇𝐹𝑃 calculations, the 

adjusted TFP measure could equal the unadjusted measure. The source of the problem lies in practical 

methods used to calculate implicit price and quantity indexes. 

Some existing TFP measures assume constant returns to scale in (𝑥, 𝑟, 𝑦) and use an accounting identity 

analogous to (eq:imputation) to impute either an implicit price for a fixed factor or to impute an implicit 

quantity.20 Under constant returns in (𝑥, 𝑟, 𝑦), variable profit can assume either equal zero or infinity.21 

Assume the former and fix 𝑥 at 𝑥. The goal is to impute a shadow price for 𝑥 that ensures consistency with 

zero profit for (𝑥, 𝑟). Profit at (𝑥, 𝑧) is 

𝑅(𝑝, 𝑣, 𝑥, 𝑧, 𝑡) − 𝑤𝑥, 

where 

𝑅(𝑝, 𝑣, 𝑥, 𝑧, 𝑡) ≡ max
𝑦
{𝑝𝑦 − 𝑣𝑟: (𝑥, 𝑟, 𝑦, 𝑧) ∈ 𝑇(𝑡)}, 

is quasi-rent to (𝑥, 𝑧). Imputed 𝑤 is then 

𝑤 =
𝑅(𝑝, 𝑣, 𝑥, 𝑧, 𝑡)

𝑥
. 
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Return to expression ([eq:imputation]) and substitute 
𝑅(𝑝,𝑣,𝑥,𝑧,𝑡)

𝑥
 for 𝑤. Because quasi-rents generated by 𝑧 

have been imputed to 𝑥 

𝜋 (𝑝,
𝑅(𝑝, 𝑣, 𝑥, 𝑧, 𝑡)

𝑥
, 𝑣, 𝑧, 𝑡) = 0, 

giving a zero shadow price for 𝑧. The environmentally adjusted and unadjusted productivity measures are 

equal. 

There are other issues. The imputation procedure described for 𝑥 only works under constant returns in 

(𝑥, 𝑟, 𝑦). If constant returns in (𝑥, 𝑟, 𝑦) is implausible as a structural assumption, no structural reason exists 

to believe that 

𝜋(𝑝, 𝑤, 𝑣, 𝑧, 𝑡) = 0. 

I qualify these statements with the adjective structural. That’s because theory suggests that long-run 

competitive profit should equal zero. This result is often invoked to justify the structural assumption of 

constant returns as an equilibrium approximation. But, as already argued, in a long-run competitive 

equilibrium where by-products are not priced, profit maximizing producers will exhaust marginal rents for 

𝑧, so that the Solow residual, 𝑇 �̇� 𝑃, accurately measures technical change. As Ayres and Kneese (Ayres 

and Kneese, 1969[51]) noted long ago, environmental by-products present no special problem so long as 

the environment is priced zero. 

Shadow pricing by-products 

It seems inevitable that adjusting TFP measures to accommodate unpriced by-products requires 

measuring their shadow prices. If so, accounting methods will need to be augmented by some empirical 

procedure that can calculate these shadow prices. Depending upon the empirical procedure and the 

representation chosen, this can be done via 
𝜕ln𝐼

𝜕ln𝑧
, 
𝜕ln𝐶

𝜕ln𝑧
, or 

𝜕ln𝜋

𝜕ln𝑧
. Complications arise. So far, we have imposed 

minimal structural assumptions on 𝑇(𝑡). But attaching a sign, let alone a magnitude, to 
𝜕ln𝐼

𝜕ln𝑧
, 
𝜕ln𝐶

𝜕ln𝑧
, or 

𝜕ln𝜋

𝜕ln𝑧
 

requires an assumption on how 𝑧 interacts with 𝑥, 𝑟, and 𝑦 in 𝑇(𝑡). 

Traditionally, by-product modelling followed one of two approaches. One, more prevalent in production 

economics, treats by-products as weakly disposable outputs. The intuitive idea, due to Shephard (1979[93]), 

is that by-product reduction requires proportionately surrendering good output. Färe and a constellation of 

his coauthors have applied this approach in a number of settings (Färe et al. 1993, 1998). 

The other, more prevalent in environmental economics, treats by-products as if they are “inputs” (for 

example, Barbera and McConnell (1990[94]); Cropper and Oates (1992[39]); Brandt et al. (2014[80])22). The 

intuition is simple. Assuming technical efficiency, solve 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) = 1 to obtain 𝑧 as a function of 

𝑥, 𝑟, 𝑦, 𝑡,  𝑧(𝑥, 𝑟, 𝑦, 𝑡). Then by the implicit function theorem: 

𝜕𝑧

𝜕𝑦
= −

𝐼𝑦(𝑥, 𝑟, 𝑦, 𝑧, 𝑡)

𝐼𝑧(𝑥, 𝑟, 𝑦, 𝑧, 𝑡)
. 

If 𝑧 is treated as though it were a good output, its marginal effect on 𝐼 would have the same sign as 𝑦, 

whence 
𝜕𝑧

𝜕𝑦
< 0. Good output 𝑦 and 𝑧 are then substitutes. And reducing bad output, if it is unpriced, 

increases good output which benefits the producer. Producers have no economic incentive to pollute, and 

even in the absence of regulation, pollution would never be a problem at the margin. On the other hand, if 

it is treated as an input, just the reverse happens and good production and pollution become complements, 

again at the margin.23 

A growing literature has noted conceptual problems with both approaches. If taken literally, they can require 

asserting the existence of production technologies that violate fundamental laws of nature (Førsund 
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(1998[95]; 2009[49]); Pethig (Pethig, 2006[55]); Murty and Russell (2002[96]; 2006[97]); Murty et al. (2012[50]); 

Hoang and Coelli (2011[58]); Kuosmanen and Kuosmanen (2013[60]). The key problem is a failure to 

recognize that material balance imposes restrictions on physical technologies. 

Material balance is not a new idea. Ayres and Kneese (1969[51]) emphasized its role in economic modelling 

50 years ago. Briefly, material balance requires recognizing that certain material inputs, our 𝑟, are partially 

converted or incorporated in final goods 𝑦. By the “Law of the Conservation of Mass”, the unconverted 

remainder exists as a residual, part of our 𝑧, that must be absorbed by the environment. With this in mind, 

consider the “by-product as input” specification. This approach requires 𝑧′ ≥ 𝑧 ⇒ 𝐼(𝑥, 𝑟, 𝑦, 𝑧′, 𝑡) ≥

𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) (see, for example, Brandt et al. (2014[80]). Intuitively, increasing 𝑧 shifts production isoquants 

for 𝑥 and 𝑟 towards the origin allowing more input bundles to be capable of producing 𝑦. And by expression 

([eq:envprofit]), the producer’s shadow price for 𝑧 is positive. The producer has a marginal incentive to 

increase by-production. 

Our chicken farmer illustrates what this “by-product as input” formulation can require for a physical 

technology. Recalling that example, suppose that current (𝑥, 𝑟, 𝑦, 𝑧) (now interpreted as 3000 hens, 3000 

units of feed, 1500 eggs, a half ton of manure) satisfy 

𝐼(3000,3000,1500, .5, 𝑡) ≥ 1. 

If 𝑧′ ≥ 𝑧 ⇒ 𝐼(𝑥, 𝑟, 𝑦, 𝑧′, 𝑡) ≥ 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡), then 

𝐼(3000,3000,1500,4, 𝑡) ≥ 𝐼(3000,3000,1500, .5, 𝑡) ≥ 1, 

so that (3000 hens, 3000 units of feed, 1500 eggs, four tons of manure) is also technically feasible. 

Producing four tons of manure is possible from the exact same level of feed and other inputs that produced 

one half ton. The obvious question (which is the opposite of my earlier query): If eggs, hens, shelter and 

feed are all held constant, where does the extra manure come from? 

For another example, consider pollution from applying pesticides to crops. In this case, 𝑟 represents 

pesticides applied and 𝑧 represents pesticides escaping into the environment. Call the crop being produced 

strawberries. The damage-control, production model (Lichtenberg and Zilberman (1986[98]) 1986) suggests 

that the production process be modelled as 

𝑇𝑆(𝑡) = {(𝑥, 𝑟, 𝑦, 𝑧): 𝑦 ≤ 𝑓(𝑥, 𝑡)exp(𝑔(𝑟 − 𝑧, 𝑡)) at time 𝑡}, 

where 𝑓(𝑥, 𝑡) represents maximal amount of strawberries obtainable from 𝑥 and exp(𝑔(𝑟 − 𝑧, 𝑡)) represents 

damage control as a nondecreasing function of the pesticide staying on the plant, 𝑟 − 𝑧. The function 𝑔 

has embedded in it such factors as pest pressure. 

In this formulation, increasing 𝑧 while holding 𝑟 constant results in less active ingredient on the plant, less 

damage control, and less production. By-production has a negative marginal product and thus a negative 

shadow price. Pethig (2006[55]) contains an extended discussion of such issues in a more general 

framework. Nutrient-balance approaches (for example, Hoang and Coelli (2011[58]), Kuosmanen and 

Kuosmanen (2013[60]), Serra et al. (2014[99]), Chambers et al. (2014[100]) invoke similar reasoning for 

agricultural nutrients. 

By-production in agricultural systems can involve wasting valuable material inputs. If possible, the producer 

would avoid this wastage. Unfortunately, physical reality can intervene and ensure that some must occur. 

Anyone who has fed an animal in containment knows this first hand. Moreover, US land-grant institutions 

devote large amounts of research funds to improving the efficiency with which animals and plants convert 

material inputs, such as feed, fertilizer, phosphates, etc. into output. But conversion rarely reaches 100%, 

and by-products can result. 

The “by-product as weakly disposable output” formulation postulates that 

𝐼(𝑥, 𝑟, 𝜇𝑦, 𝜇𝑧, 𝑡) ≥ 𝐼(𝑥, 𝑟, 𝑦, 𝑧, 𝑡) 
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for 𝜇 < 1. That is if (𝑦, 𝑧) is producible from a fixed input bundle, then any radially smaller output bundle is 

technically feasible. Thus, if 𝑧 is to be shrunk by 50%, good output needs to be shrunk by the same output 

to maintain technical feasibility. This can conflict with material balance if there exist material inputs, such 

as 𝑟, that are not fully absorbed into 𝑦. Murty and Russell (2002[96]; 2006[97]) and Murty et al. (2012[50]) 

provide a detailed criticism of this formulation. 

The work of Frisch (1965[101]), Førsund (1998[95]; 2009[49])(1998, 2009), Murty and Russell (2002[96]; 

2006[97]) and Murty et al. (2012[50]), and Hoang and Coelli (2011[58]) suggests a more nuanced approach 

that involves modelling production systems that generate by-products as interdependent production 

processes. Their approaches use more than a single set or a single distance function (transformation 

function, production function, etc.) to model the production system. Frisch (1965[101]) introduced this 

formulation to accommodate multiple output technologies. Later, Førsund (1998[95]; 2009[49])(1998, 2009), 

Murty and Russell (2002[96]; 2006[97]) and Murty et al. (2012[50]) adapted that approach to encompass by-

product production. These authors provide detailed discussions of this approach to which I refer the 

interested reader for more details. 

To illustrate its potential implications for TFP measurement, we recycle the strawberry production example. 

The essence of the damage-control model is that pesticides are applied to prevent damage. Applying them, 

however, can allow some to escape into the environment. Picture spray application of a chemical pesticide. 

Some of the spray ends on the plant, some on the (human) applicator, and some in the surrounding 

environment. 

How much escapes into the environment depends upon how it is applied. If the spraying equipment is 

leaky or the applicator is inattentive, less reaches the plant than if the equipment were not leaky or the 

applicator were attentive. It’s reasonable to assume that pesticide reaching the plant, “effective application” 

so to speak, is an intermediate output whose production depends upon other inputs included in 𝑥. The 

Frisch-Førsund-Murty-Russell (FFMR) approach takes this view and treats the production of the 

intermediate output and the production of the final output, 𝑦, as separate production processes.24 To that 

end, write 

𝑇𝑍(𝑡) = {(𝑥, 𝑟, 𝑦, 𝑧): (𝑥, 𝑟) can produce 𝑟 − 𝑧 at time 𝑡}, 

as the intermediate production process. The overall production technology consists of the input-output 

bundles that are in both the strawberry production process, 𝑇𝑆, defined in ([LichtenbergZilberman]) and 

the intermediate output production process, 𝑟 − 𝑧, 𝑇𝑍. That is, 

𝑇(𝑡) = 𝑇𝑆(𝑡) ∩ 𝑇𝑍(𝑡). 

This specification recognizes the distinct role that (𝑟, 𝑧) play in production systems by refining the simple 

model. That adds texture but complicates the analysis. For example, to develop a shadow price for by-

products or to develop our technical-change measure, we need the distance function for this formulation. 

By results reported in McFadden (1978[102]), it can be written 

𝐼(𝑥, 𝑟, 𝑦𝑜, 𝑧𝑜 , 𝑡) = sup {𝜆 > 0: (
𝑥

𝜆
,
𝑟

𝜆
, 𝑦𝑜 , 𝑧𝑜, 𝑡) ∈ 𝑇𝑆(𝑡) ∩ 𝑇𝑍(𝑡)}

= min{𝐼𝑆(𝑥, 𝑟 − 𝑧𝑜 , 𝑦𝑜 , 𝑡), 𝐼𝑍(𝑥, 𝑟, 𝑟 − 𝑧𝑜 , 𝑡)},
 

where 

𝐼𝑆(𝑥, 𝑟 − 𝑧𝑜 , 𝑦𝑜, 𝑡) = sup {𝜆 > 0: 𝑦𝑜 ≤ 𝑓 (
𝑥

𝜆
, 𝑡) exp (𝑔 (

𝑟

𝜆
− 𝑧𝑜) , 𝑡)  at time 𝑡}, 

and 

𝐼𝑍(𝑥, 𝑟, 𝑟 − 𝑧𝑜 , 𝑡) = sup {𝜆 > 0: (
𝑥

𝜆
,
𝑟

𝜆
)  can produce 

𝑟

𝜆
− 𝑧𝑜 at time 𝑡}. 

There are two isoquants for two variable inputs, (𝑥, 𝑟). One is for process 𝑍 and the other for 𝑆. As drawn, 

the 𝑍 process is more 𝑥-intensive than the 𝑆 process. The production isoquant for 𝑇(𝑡), is the lower 
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boundary of the cross-hatched area that falls above both isoquants. Because that isoquant is partially 

formed by the isoquant for 𝑇𝑍 and partially by that for 𝑇𝑆, which production process dictates the relevant 

isoquant for (𝑥, 𝑟) and thus frontier behavior for the technology can vary. Figure 3.A.2 illustrates the case 

where 

𝐼(𝑥, 𝑟, 𝑦𝑜 , 𝑧𝑜, 𝑡) = 𝐼𝑆(𝑥, 𝑟 − 𝑧𝑜 , 𝑦, 𝑡). 

However, by increasing the 
𝑟

𝑥
 mix, one can find input bundles for which the binding isoquant is that 

associated with 𝑍. 

Annex Figure 3.A.2. Distance Function FFMR technology 
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Annex Figure 3.A.3. By product changes and input sets 

 

By construction 𝑧′ ≥ 𝑧𝑜 ⇒ 𝐼𝑆(𝑥, 𝑟 − 𝑧′, 𝑦, 𝑡) ≤ 𝐼𝑆(𝑥, 𝑟 − 𝑧𝑜 , 𝑦, 𝑡). In words, increasing pesticide runoff, all else 

equal, decreases the amount of 𝑟 that reaches the crop. That implies greater pest damage and less final 

production. One can visualize this as the production isoquant for process 𝑆 shifting out as 𝑧 increases. 

On the other hand, it seems reasonable that 𝑧′ ≥ 𝑧𝑜 ⇒ 𝐼𝑍(𝑥, 𝑟, 𝑟 − 𝑧′, 𝑡) ≥ 𝐼𝑍(𝑥, 𝑟, 𝑟 − 𝑧𝑜 , 𝑡). Increasing 𝑧 

implies manufacturing less of the intermediate output 𝑟 − 𝑧 so that the relevant input isoquant shifts back 

towards the origin. The intuition is that less care and attention needs to be devoted in preventing the 

pesticide applied from escaping into the environment. Because changing 𝑧 causes the isoquant for the Z 

process and the S process to shift in different directions, the shadow price attached to 𝑧 will differ according 

to whether 

𝜕𝐼

𝜕𝑧
=
𝜕𝐼𝑆

𝜕𝑧
, 

or 

𝜕𝐼

𝜕𝑧
=
𝜕𝐼𝑍

𝜕𝑧
. 

Figure 3.A.2 illustrates a case where these expressions have different signs, making the ultimate sign of 

the shadow price indeterminate. 

What’s true for the shadow price of 𝑧 is also true for the shadow price of 𝑡 that defines our technical-change 

measure. For the FFMR example, measured technical change can capture either 
𝜕𝐼𝑆

𝜕𝑡
 or 

𝜕𝐼𝑍

𝜕𝑡
. 

Final remarks 

Computing an environmentally adjusted TFP measure requires measuring the producer’s shadow price of 

by products. The tradition in some areas is to assume that shadow price, 
𝜕𝐼

𝜕𝑧
 is positive. One easily sees 

why. By-products released into the environment carry a social cost. Thus, to construct a measure of green 

GNP, those costs should be subtracted from value-added if green GNP is to be a representative measure 

of an economy’s welfare. 
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That’s not the problem at hand. And, that intuition should not bias our thinking, especially if it requires a 

conceptual model that violates physical realities. The problem in productivity accounting is to distinguish 

output growth driven by movement along production frontiers (input or output variations) from output growth 

driven by technical change. That requires measuring the producer’s private marginal cost or benefit of by-

products. That measure’s magnitude and signs are empirical issues. Empirical analysis of that measure 

requires postulating a model of the production process. Because “true” models are not known in 

economics, that model’s structure can predetermine empirical outcomes. Common approaches to 

incorporating by-products in structural production models can endow empirical technologies with properties 

that physical production systems cannot replicate. To avoid such outcomes, productivity accounting in 

agricultural systems needs to be consonant with the physical realities of the biological systems. 

By-products require special treatment in productivity accounting because they are unpriced components 

of the production systems. But other unpriced and currently uncounted inputs and outputs for agricultural 

technologies exist. Perhaps, the most obvious examples are offered by naturally occurring variates such 

as weather-driven natural moisture, temperature, and other climatic conditions. Even though they are 

viewed as stochastic from the producer’s perspective, once they occur they play a deterministic and 

measurable role in determining production outcomes. Hence, they will be reflected in computed TFP 

measures. But unless, their role is properly accounted for, their effect will be confounded with by-products 

and other unmeasured variates in the measuring true technical change. 
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Notes

1 Distance functions themselves impose no functional form for the technology, and do not require price 

data for aggregation. This second property, in particular, lends well to environmental applications in the 

absence of market prices for environmental quantities, such as ecosystem services, and there is now a 

large literature on their use in this area. 

2 The literature is vast. For example, in a survey on DEA in energy and environmental studies, Zhou et al. 

(2008) listed a total of 100 studies published from 1983 to 2006. For methodological overviews, see 

Kumbahakar and Lovell (2000) for SFA and Coelli et al. (2005) for DEA. For a recent comprehensive 

review of both approaches, including theory and application, see Sickles and Zelenyuk (2019). 

3 One important study worth noting is Korhonen and Luptacik (2004), where it is shown that in the DEA 

method the specification of environmental factors (e.g. GHG emissions) as inputs or outputs does not 

affect the efficient frontier. However, the specification can affect the scaling properties of the technology 

(e.g. the returns to scale, scale elasticity and scale efficiency) and the measurement of efficiency as a 

distance to the frontier. 

4 For a technical presentation of the mateials balance approach ad the calculation of environmental 

efficiency and TFP see Hoang and Wilson (2017).   

5 Coelli et al. (2007) demonstrated this violation using the materials-balance approach for the groups of 

input- and output-oriented models, while Hoang and Coelli (2009) provided a proof in studies using 

directional distance functions. 

6 For a comprehensive explanation of the materials-balance principle, see Lauwers et al., 1999; Coelli et 

al., 2005; 2007; and Lauwers, 2009. 

7 Reinhard and Thijssen (2000) analysed Dutch dairy farms using an SFA technique. Coelli et al. (2007) 

investigated the environmental performance of 117 pig-finishing farms in Belgium using a DEA technique. 

Meensel et al. (2010) applied both DEA and SFA techniques to the same data set used in Coelli et al. 

(2007) to analyse trade-offs between environmental and economic efficiency. Hoang and Nguyen (2013) 

compared SFA and DEA in an application to rice farms on South Korea. Guesmi and Serra (2013) analysed 

the environmental efficiency of Spanish crop farms by incorporating the material balance approach. Hoang 

and Coelli (2011) and Hoang and Alauddin (2012) studied crop and livestock production in developed 

countries using the DEA technique. Nguyen et al. (2012) investigated the environmental performance of 

rice farms in South Korea. Hoang and Coelli (2011) use the material balance principle-based 

environmental efficiency developed by Coelli et al. (2007) to construct the environmental TFP index. 

8. The innovation comes from the combination of various techniques which have been commonly used in 

the efficiency literature of production economics and exergy analysis in ecological economics. 

9 The ECON model includes the following inputs: capital (gross capital stock, constant 2005 prices); labour 

(number employed); and agricultural land. The ENV model includes the following variables (treated as 

input factors): agricultural total GHGs: (tonnes CO2 equivalent); nitrogen stock (author’s calculations, 

based on the nitrogen surplus reported by OECD); phosphorus stock (author’s calculations, based on the 

phosphorus surplus reported by OECD); agricultural land. The model MIX contains all six input variables 

of both ECON and ENV models. 
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10 Austria, Denmark, Finland, France, Germany, Greece, Italy, the Netherlands, Norway, Portugal, Spain, 

Sweden and the United Kingdom 

11. The Kellogg et al. estimates are indexes of the relative toxicity of runoff waters and groundwater 

leaching, with four separate indexes to measure risk to humans, to fish, to algae and to crustacean. These 

data were developed from simulation models evaluated for each state and each year from 1960 to 1996. 

12. After making the adjustment, average annual TFP growth over the 1970s and 1980s, which is negative 

without adjustment in the electricity industry, turns positive, increasing by almost one percentage point. In 

the agricultural, and pulp and paper sectors the increase was more modest – by 0.1 and 0.3 percentage 

points, respectively.  

13. It was also found that the estimated abatement cost elasticities are statistically significant, ranging from 

less than 1% to nearly 6%. 

14 For the sake of conciseness, I work with the input set, the input distance functions, and input-based 

productivity indexes. It is straightforward to rework the same arguments to accommodate output sets, the 

output distance function, and output-based productivity measures. 

15 It is straightforward to rework the calculus-based arguments in terms of superdifferentials and 

subdifferentials in the nonsmooth case. See, Chambers 2021. 

16 I consider the economic argument below. 

17 Here the specific argument hinges upon 𝑧 being a scalar. However, it is straightforward though 

computationally burdensome in the current framework to extend the argument to the case where 𝑧 is 

multidimensional. 

18 Aczél (1990) showed that the geometric average is a preferred merged relative score. 

19 Productivity accounting is often based on flexible functional forms other than the transcendental 

logarithmic. However, computed versions of indexes for flexible functional forms typically closely 

approximate one another. Thus, while ([eq:Tornqvistprofit]) may not be exactly relevant in many instances, 

it is a close approximation that has the distinct advantage of widespread familiarity. And we use it here for 

the purposes of illustration. It is an easy matter to develop an exactly parallel analysis for other flexible 

functional forms. The results extend directly. 

20 To conserve space, I only consider the problem of imputing an unobserved factor price. A completely 

parallel argument shows that, if information is available upon 𝑤 but not upon 𝑥 and this same logic is used 

to impute the value of 𝑥, the imputed 𝑥 value confounds its value with 𝑧. 

21 If 𝑝𝑦 − 𝑤𝑥 − 𝑣𝑟 > 0 for technically (𝑥, 𝑟, 𝑦, 𝑧), constant returns in (𝑥, 𝑟, 𝑦), implies 𝜇(𝑝𝑦 − 𝑤𝑥 − 𝑣𝑟) is 

technically feasible for 𝑧 and 𝜇 > 0. If a positive profit exists, it can be made infinitely large. 

22 See particularly their section entitled “A framework for thinking about bad outputs and its shadow prices”.  

23 I use the “by-product as input” terminology because it is common in the environmental economics 

literature. The true issue, however, is what production economists think of as their disposability property 

within the technology. The “by-product as input formulation” imposes the same disposability properties 

upon by-products that are usually imposed upon inputs. 

24 While the production processes are separate, they are not required to be Leontief-Sono separable. 



 

 

Simone Pieralli 

School of Agriculture and Environment, Massey University, New Zealand 

This chapter focuses on the definition of the numerator aggregate of the 

productivity index, i.e. aggregate output and make several recommendations for 

TFP measurement. Gross output should be used as a measure of output 

quantities; a price aggregate should be used to construct quantity index, 

excluding disappeared products and including new products. Payments and 

subsidies that are directly incident on the decisions of the producer should be 

included in the price, but no other subsidies should be included. All outputs 

should be measured before tax. Outputs and inputs should be accounted for in 

the same manner, with similar data, accounting for their quality changes over 

time. Inventory needs to be updated frequently. Annex 4.1 provides a detailed 

illustration in the case of Canada, with a focus on how to account for farm 

support policies in the measurement of TFP. 

  

4  Commodity outputs 
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4.1. The concept of output in agricultural TFP measurement 

A rough definition of productivity is a ratio between an aggregate output and an aggregate input quantities. 

Productivity increases over time if one can produce more aggregate output with less aggregate input. 

Achieving agricultural productivity growth is fundamental to future life on the planet. On one hand, 

agriculture is supposed to provide food to an always increasing population, around 7.5 billion at present 

and raising to around 10 billion by 2050. On the other hand, land area expansion of food production will 

not be possible in the coming years, thus implying that increases in food production will need to come from 

a wise increase in the capacity of production from limited resources (productivity of land or yield). Yield is 

a commonly recognised measure of partial agricultural productivity. As land is increasingly scarce, it is 

fundamental to improve agricultural productivity performance to produce more (good) output with less input 

(land). However, land is not the only input and it is not the only scarce and costly input. For example, 

labour, machinery, and intermediate materials are increasingly important for aggregate measures of 

productivity. Increases in these inputs will increase the aggregate input and thus reduce the agricultural 

productivity. Moreover, there are other incidental factors of production. Thus, a more appropriate measure 

of agricultural productivity would not only include good output and land but also the other inputs under the 

control of the producer, while at the same time controlling for incidental inputs and outputs. The scope of 

the analysis in this chapter will be at the national level and not at the farm or sectoral level, even though 

we will digress on the importance of the different levels and how the analysis should change if one 

considers a more aggregate or a more disaggregate level. 

4.2. Measuring agricultural output quantities 

This chapter of the manual will focus on the definition of the numerator aggregate of the productivity ratio, 

i.e. on the output aggregate. There are different methods with which to measure aggregate output. While 

aggregate measurement of output may seem a simple issue and the focus has been largely on aggregating 

inputs in the agricultural productivity literature, the definition of what is considered to be output is far from 

easy and straightforward. 

From a methodological point of view, the importance of measuring correctly the numerator of the 

productivity ratio (as its denominator) is clear if a correct characterisation of the ratio is the goal of the 

analysis. The importance of a correct numerator of the ratio has been recognized also recently (Cahill, 

2019) to be critical to identify measures of trend that provide approximations of technological progress and 

can help in identifying slowdowns in output and productivity growth. 

If one were to categorize measures, two measures of output stand out in the reference works of the various 

organizations: one is a measure of gross output and the other is a measure of value-added output. 

Gross output is defined in the OECD Productivity Manual as “the goods or services that are produced 

within a producer unit and that become available for use outside the unit. This is a gross measure in the 

sense that it represents the value of sales and net additions to inventories without, however, allowing for 

purchases of intermediate inputs” (Schreyer et al., 2001). 

If one deducts purchases of intermediate inputs from the outputs, then one would obtain a measure of 

output in terms of value added (Schreyer et al., 2001). The OECD Productivity Manual shows the different 

properties and uses of the two measures noting potential complementarities in the use of both measures. 

The definition of the measures, however, implicitly means that one needs to have a good measure of gross 

output in either case to obtain an output measure, either in gross or value-added terms (Cahill, 2019). 

Given conditions of equilibrium, profit maximization, and under constant returns to scale, the measure of 

productivity under value added is always larger than the measure of productivity under gross output 

measurement (Schreyer et al., 2001). 
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A closer application to the agricultural industry can be found in other manuals from other organizations, 

such as the Eurostat Economic Accounts for Agriculture (EAA). This Manual adapts some principles of the 

European System of Integrated Accounts (ESA) but adapts concepts to the specific case of agriculture. 

Similarly, to the gross output definition of the (Schreyer et al., 2001) Manual, the ESA Manual as cited in 

the Economic Accounts for Agriculture (EU Parliament and Council, 2004), recognizes that 

‘the output of the industry represents all of the products produced over the accounting period in 

question by all the units of the industry except for goods and services produced and consumed 

over the same accounting period by the same unit.’ (Eurostat, 1997) 

By adhering precisely to this definition, a substantial portion of product on farms is actually not included in 

the definition of gross output. To solve this issue and adapt the definition to the agricultural industry in 

order to account for a significant portion of the agricultural output consumed on farm, the output definition 

has been modified to include all intermediate outputs, on a production unit, that are from different basic 

farm activities. 

The EEA Eurostat (1997) Manual (p.15) states that ‘‘agricultural output represents the sum of production 

by all units in the ‘industry’, excluding production for intermediate consumption by the same unit, plus 

production used as intermediate consumption by the same unit, provided this output is intended for two 

different basic activities (such as crop products intended for use as animal feeding stuffs) and it meets 

certain criteria’’ (Eurostat, 1997). This definition recognizes the importance of intermediate goods produced 

and consumed in the agricultural industry. 

Another important organization topical for agriculture in the world is the Food and Agriculture Organization 

of the United Nations (FAO, 2018). FAO recommends, on the basis of international comparability, 

measuring productivity through a measure of value added and not of gross output as the other 

organizations. However, FAO also recognizes the potential for other measures to be available and 

potentially better for some uses. 

“Agricultural value added is generally compiled on a consistent basis within a country’s system of 

national accounts (SNA) for all industries, following the SNA, and is therefore adapted to 

comparisons across industries and countries. Taking the perspective of international comparability 

and consistency across sectors, using the concept of value added rather than gross output to 

measure agricultural productivity may be more appropriate (FAO, 1993). It is also the approach 

recommended in these Guidelines.” (FAO, 2018) 

The same organization acknowledges ‘‘that other measures can also be used depending on the objective 

of the productivity measurement and the data available.’’  Indeed, FAO(2018) also recognizes that 

‘‘Schreyer et al. (2001) [...] does not clearly recommend one measure over another but emphasizes their 

complementarity.’’ 

FAO (2018) defines gross output to 

“correspond to the total agricultural output minus the share of the output used as inputs in its own 

production, such as seeds for crops. This measure corresponds to the crop output available for 

uses other than crop production. [Gross outputs] capture the value generated by agricultural 

activity because the intermediate inputs used in the production process are not deducted from the 

output measures (except seeds and feed, for the gross and final output).” (FAO, 2018) 

This output definition corresponds with the gross output measure contemplated in Schreyer et al. (2001). 

FAO (2018) explains the value-added definition by stating that: ‘‘The agricultural value added corresponds 

to the total output minus all inputs, agricultural and non-agricultural, used in the production of agricultural 

commodities.’’ The importance of the value added is that ‘‘Using the value added as the numerator of the 

productivity indicator enables direct measurement of the returns to factors of production such as land, 

labour and capital. The contribution of intermediate inputs, such as fertilizers or feed, is accounted for in 
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the measurement of the value added’’ (FAO, 2018). If one identifies the Solow residual as a measure of 

productivity instead of a measure of Hicksian neutral technological change, as it is widely accepted, 

sources of input change are purged out from output change in an attempt to residually isolate productivity 

growth. In that attempt, labour, capital and land productivity are determined as precisely as possible. A 

simple possibility to achieve that is to use a value-added measure. A stronger increase in output growth 

with respect to input growth signifies increases in productivity. If one is interested in attributing variation in 

output growth to different sources, then the total variation in output growth should be investigated. 

Even though this work draws heavily on the Schreyer et al. (2001) manual, it differs in many ways. First, 

FAO (2018) analyses specifically the agricultural context, mainly in developing countries. It also considers 

specifically the problems of the whole data production cycle from collection of micro-data to the national 

aggregation. 

Moreover, FAO (2018) is fundamental in the policy agenda because it is one of the main references for 

international organization approaches to productivity in developing countries. FAO (2018) also mentions 

the present work by the OECD Network on Environmentally adjusted Total Factor Productivity as the future 

reference on adjusting environmentally agricultural productivity in developing countries. 

All approaches that look at value-added measures implicitly require a good measure of gross output. From 

that gross output measure, one can then subtract intermediate inputs to get a value-added measure (Cahill, 

2019). This argument reinforces that the focus should be on measuring at first, as best as possible, the 

gross output quantities. Measuring gross output as sectoral output less intra-sectoral purchases has been 

adopted as the standard among US government agencies (Cahill, 2019). 

Shumway et al. (2016) note that the Economic Research Service of US Department of Agriculture 

measures gross output ‘‘as the sum of marketings, net inventory accumulation, and consumption by farm 

households. The gross measure has become the standard now used by many government agencies.’’   

While both measures (gross output and value-added) are appropriate at the industry level, Shumway et al. 

(2016) recognize clearly that the gross output measures are less restrictive in terms of the separability 

conditions between different groups of inputs inside the agricultural sector and outside the agricultural 

sector. Production and price data are collected by National Agricultural Statistical Service (NASS) through 

surveys of farmers or purchasers (Shumway et al., 2016). Using these data ensures agricultural product 

is measured at the ‘‘sector border between agriculture and processing’’. 

The Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES) defines gross 

output to be the ‘‘aggregated volume of all commodities and services that are produced on farms or that 

are related to on-farm activities’’ (Sheng and Jackson, 2015). 

There is almost unanimous consensus on the necessity to measure gross output if a measure of 

agricultural productivity is desired. 

One of the remaining issues is accounting for the quality of outputs. Even ERS, which is one of the most 

advanced agencies calculating productivity, is still not considering the problem accurately (Shumway et al., 

2016). This chapter of the Guidelines will return to this issue in one of the following sections on the 

importance of new products. 

Moreover, until now we disregarded the problem behind the measurement of an adequate output volume 

index if only values are available. For example, ABARES Australian commodity statistics database 

provides data on many output quantities and their prices (Sheng and Jackson, 2015). The same is true for 

the Canadian accounts of productivity (Cahill and Rich, 2012). However, prices and quantities are not 

available for all products. If instead only values are available, measuring output volume often requires a 

good output price index to obtain an implicit output quantity index. In that way, one can obtain an output 

volume index as a ratio between a value of output and an output price index. 
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For example, USDA/ERS applies Törnqvist indexes to aggregate prices of multiple commodities in one 

index, at various levels of aggregation (Shumway et al., 2016). While the Törnqvist aggregator is consistent 

for a translog production function, other alternatives exist such as the chained Fisher index (Shumway 

et al., 2016). This alternative method of aggregation is used by ABARES to aggregate indices. Three sub-

indices are produced first for crops, livestock, and other products; a common price index is then obtained. 

Sheng and Jackson (2015) at ABARES apply a Fisher index to obtain the price index used for the output 

value deflation, in order to get implicit quantities. Depending on the data available, this problem sheds light 

on the need of good and relevant output price series. This will be the topic of the following section. 

4.3. Output prices 

An agreed price for output should be the valuation of output that is most relevant to the producers when 

deciding to produce a certain livestock or crop. It should be the amount closest to what the decision-maker 

retains when selling an agricultural product. 

Almost all sources identify as the correct price retained by the producer the ‘‘basic price’’. The System of 

National Accounts (EC et al., 2008) states that ‘‘the preferred method of valuation of output is at basic 

prices, although producers’  prices may be used when valuation at basic prices is not feasible.’’ Producer 

prices are different from basic prices because they include taxes but exclude subsidies. While producer 

prices may be a simpler way to consider the evaluation of output than basic prices because they rely only 

on basic farm accounts, they may be less relevant to producers’  decisions than basic prices. The System 

of National Accounts (EC et al., 2008) clarifies that ‘‘basic price is the amount receivable by the producer 

from the purchaser for a unit of a good or service produced as output, minus any tax payable, and plus 

any subsidy receivable by the producer as a consequence of its production or sale. It excludes any 

transport charges invoiced separately by the producer.’’   

This definition of the basic price is the valuation of output that is most relevant to the producer because it 

highlights the “amount retained by the producer”  (EC et al., 2008) including local policies. It is the expected 

price that the farmer can hope to get after production. It is also critical to recognize that these prices include 

per-unit subsidies paid specifically on a single unit of product (Cahill, 2019) and not the subsidies 

generically given to the producer but not specifically paid on single units of output. 

The EEA Eurostat (1997) Manual adopts almost verbatim the same basic price definition of the System of 

National Accounts (EC et al., 2008) and additionally considers the problem of other output components: 

‘‘Components of output such as sales, payments in kind, additions to stocks and intra-unit consumed 

products should be valued at the basic price. Similarly, output for own final use (i.e. own-account fixed 

capital goods and own consumption) should be valued at the basic price of similar products sold on the 

market’’ (Eurostat, 1997). All unfinished products should be based on the actual costs incurred plus an 

amount corresponding to the anticipated operating surplus (Eurostat, 1997). More on unfinished products 

in a later dedicated section. 

As also realized by Shumway et al. (2016), USDA/ERS (2020a) defines what the Economic Research 

Service at US Department of Agriculture does and states that prices should ‘reflect the value of that output 

to the producer’, which is explained to mean that ‘subsidies are added and indirect taxes subtracted from 

market values’. Prices should be ‘inclusive of distorting subsidies and exclusive of distorting taxes’ 

(Shumway et al, 2016) More precisely, Shumway et al. (2016) clarify that ‘net distorting payments 

(deficiency, diversion, loan deficiency, market gains, certificate gains, milk income loss payments) are 

added to individual commodity output prices, and distorting taxes (dairy assessment) are subtracted. Non-

distorting flex payments are treated as transfer payments and not included in output price’. 

FAO (2018) defines the basic prices as ‘‘prices received at the farm gate by the farmer’’  excluding 

‘‘transport costs and margins even if the farmer transports the goods from the farm to the market’’. 
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However, basic prices are defined inconsistently as ‘‘net of any tax paid or subsidy received by the farmer’’ 

(FAO, 2018). 

For the present Guidelines, it is clear from an economic evaluation point of view that the basic prices should 

be used to value gross output, including specific unit subsidies, but excluding non-specific subsidies on 

output. All prices, both on the input and output side, should be deducted of the taxes paid so that all data 

should be before tax. On the contrary, output prices should include subsidies that a decision-maker can 

reasonably think to obtain if she decides to produce a certain product instead of another. 

4.4. Agricultural support policies 

As stated in the previous section, the concept of basic price is critical to understand which policies 

augmenting or decreasing the farm gate price need to be included. The relevant subsidies and taxes for 

the basic price are all subsidies granted and taxes levied per unit of product. This definition does not 

include all the taxes imposed on the producer that are not specific to units of product. For example, 

excluded taxes are those on land or on buildings. Subsidies not specific to products are identified in the 

same way so that subsidies on specific units of products are included but subsidies on land area 

(unspecific) are not. In this section, the Guidelines will rely mainly on the classification of the OECD Product 

Support Estimates (PSE) manual and the considerations made there. 

The OECD PSE Manual (OECD, 2016) provides the principles for classifying producers’ support in different 

categories, depending on who is the intended recipient, the unit of measurement, and the type of 

aggregation. 

All support should be measured in gross terms, meaning that ‘‘no adjustment is made in the indicators for 

costs incurred by producers in order to receive the support’’ (Principle 4 of OECD PSE Manual). All support 

should be measured at the farm-gate level (Principle 5 of the OECD PSE Manual) because only support 

for primary producers has to be included (OECD, 2016). More importantly, the OECD PSE manual states 

that ‘policy measures supporting individual producers are classified according to implementation criteria’. 

Implementation criteria are, for example, the ‘basis on which support is provided (a unit of output, an animal 

head, a land unit, etc.); (ii) whether support is based on current or non-current production parameters; and 

(iii) whether production is required to receive support or not’. These policy characteristics are important 

because they affect how much policies are effective and how producers are influenced to behave. 

Depending on the criteria, an evaluation of every support measure should analyse their effect on the 

economic decision-making of producers. As said before, subsidies have to be commodity-specific to be 

included in the productivity accounting. In particular, for example, if the subsidy is given on a per unit of 

product basis and the product price is affected directly by the subsidy, then the subsidy changes the 

incentives to the producer and decision-maker in favour of the subsidised commodity. Cahill (2019) 

recognizes that an alteration of the relative prices between produced commodities may incentivize the 

production of one commodity and disfavour the production of another. For that reason, it is critical that 

subsidies specific to a product have to be considered in productivity accounts if they interfere in the 

marginal decisions of a producer (Cahill, 2019). If instead it is an inframarginal transfer, it does not have 

to be included in the accounting of productivity because it does not directly affect decisions made by 

producers at the margin. 

By augmenting the price of a commodity through a subsidy, producers can potentially decide to produce 

more of that product on their farm. By increasing the output price of certain commodities, the subsidies 

improve the value of certain outputs. That also means that it is critical to only include the relevant additions 

to output price to obtain the right amount of ‘incentives’  included in the price and, because of how the 

output volume is calculated, also to obtain the correct amount of output quantity. 
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We introduce here the data on the support to products as categorised in the OECD Product Support 

Estimates (PSE). The categories of interest for the current support payments on output are those included 

as either: 

 based on output (category A2 of PSE) 

 based on current Area/Animal Numbers/Receipts/Income (category C of PSE) 

 based on non-current Area/Animal Numbers/Receipts/Income (category D of PSE). 

With the help of Figures 4.1 to 4.3, we analyse in the following paragraphs the behaviour of these support 

categories in three of the main OECD countries between 1986 and 2020: European Union, United States, 

and Canada. To help the comparison on the incidence of support with respect to the total value of 

production in different countries, we show the payments in different countries in terms of percentage points 

of the total value of production, in each of the countries, for every year. 

Figure 4.1 shows the payments based on output in category A2 of the OECD PSE as a percentage of total 

value of production in the three countries. From relatively low values between 2% and 4% in the mid-

1980s, support payments have gone down until mid-1990s. Successively, payments have increased both 

in the European Union and the United States for the years between 1995 and 2005. Some of these 

increases reflect decreases in Market Price Support. A pictorial representation of Market Price Support is 

in Figure 4.4. As can be seen in Figure 4.1, Canada continued to diminish payments in PSE category A2 

between 1996 and 2005. After that period, payments have gone progressively down everywhere in these 

three countries. Just recently in 2018 and 2020, the United States showed an increase in this type of 

payment. 

Figure 4.1. Payments based on output 

% of total value of production 

 

Figure 4.2 shows the numbers for the payments based on current Area, Animal numbers, Receipts, and 

Income. Figure 4.2 shows a large increase in the numbers of the European Union after the 1992 MacSharry 

reforms to level around 12-15% of the value of production. The 1992 EU reform compensated the farmers 

with coupled direct payments based on current levels of production. This increase was compensating a 

decrease in reduced support prices as shown in Figure 4.4. This increase in coupled direct payments is 

part of a cycle that ends after 2004 with the entry into force of the 2003 Common Agricultural Policy Reform 

(after the Agenda 2000), decoupling subsidies from current production. Similar coupled payments, but at 

lower levels, occurred in the United States and Canada between 1996 and 2004. 
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Figure 4.3 shows the payments on non-current Area, Animal numbers, Receipts, and Income. Numbers 

are very low for the whole period to peak (at very low percentages) in the years between 2006 and 2010, 

as countries phased out the coupled support from the previous decade. 

Figure 4.2. Payments based on current Area/Animal Numbers/Receipts/Income 

% of total value of production 

 

Figure 4.3. Payments based on non-current Area/Animal Numbers/Receipts/Income 

% of total value of production 

 

To understand better the movements in the categories of subsidies specific to outputs, we show in 

Figure 4.4 the payments done on the base of Market Price Support. As a percentage of total value of 

production in each of the countries, these numbers are quite high in each of the three countries. After the 

early 1990s, also with the introduction of the World Trade Organization in 1995, support as a percentage 

of production has gone down especially in the European Union and in Canada. For example, in the 

European Union Market Price Support was above 25% in 1993 but had dropped to around 15% in 2004, 

and by 2008 to below 7%. This behaviour showed a dramatic change in the way support has been given 

to farmers during last 35 years. Changes in modalities and amounts of support to farmers have varied the 

incentives to farmers during the same period. The consequences of these changes go beyond the scope 

of the present Guidelines and could be dealt with in future research. 
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Figure 4.4. Payments based on Market Price Support 

% of total value of production 

 

Before closing this section, we will briefly consider the productivity accounting approach in the United 

States, specifically for crop insurance. The peculiar situation of the US crop insurance is considered by 

Shumway et al. (2016) who clearly outlines why the insurance indemnity should be added and the premium 

subtracted from the level of product-specific support that should be included in the productivity accounts 

(Shumway et al., 2016). This explanation hinges on the possible productivity-decreasing effects of policies, 

inducing increases in outputs and inputs, when instead the true technology is exhibiting decreasing returns 

to scale and the chosen combinations of inputs and outputs are beyond the point of maximum productivity. 

4.5 Income and other taxes 

All data in the productivity accounts should be before income tax because those are the quantities 

signalling increases or decreases in total gross output. There are a plethora of potential different ways to 

manipulate the output quantity numbers to alter outcomes, if one were to consider these quantities after 

income and other taxes. 

On the one hand, different laws for different administrative structures inside each country, depending on 

the commercial type of enterprise and the tax regime adopted by that enterprise, may affect differently the 

results post-tax of two enterprises with different structure. Same pre-tax gross outputs may imply very 

different post-tax outputs, depending on the administrative structure of each producer enterprise. Different 

laws may apply to different income streams depending on the structure adopted. For example, inside the 

same country, a cooperative and a limited liability company may be taxed differently for income purposes. 

On the other hand, laws in different countries imply that the same gross output quantities might be different 

after national and local taxes are imposed on the pre-tax results for the same administrative structure. A 

cooperative’s profit may be taxed very differently depending on the country of residence legislations. 

One of the aims of this OECD effort is to allow for cross-country comparability. It is critical to understand 

that cross-country comparability is very difficult to obtain if gross pre-tax output data are subjected to 

different sets of taxes for different administrative structures in the same country and in different countries 

for the same administrative structure. Different administrative structures of enterprises may 

disproportionately help some and disadvantage others when considering post-tax results. 

For the above reasons, it is paramount to only consider gross pre-tax output data before national taxation 

on income and other taxes are imposed. Only in this manner these Guidelines will ensure an accurate 
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account of the productivity and of the actual produced product, given how much input was used. These 

same Guidelines should apply also to the input side of the productivity accounting. Indeed, the same types 

of differences and issues apply on the input side. Tax rules and provisions may help differentially 

producers, depending on the administrative structure and on the countries of residence legislation. 

4.6. Intra-sectoral use 

These Guidelines believe that intra-sectoral use of product should be included in the calculation of the 

output. This is necessary because they are part of the output of the industry even though they are used as 

input for other productive activities in the same sector (but across activities). Data availability will define 

how well intra-sectoral use of output can be accounted for. As part of the market output (intended for sale 

at economically significant prices) the following should also be included in the System of National Accounts 

(EC et al., 2008): ‘‘The value of goods or services supplied by one establishment to another belonging to 

the same market enterprise to be used as intermediate inputs where the risk associated with continuing 

the production process is transferred along with the goods’’. This definition also clarifies that only when the 

risk associated with continuing the production process is transferred along with the goods to the next stage 

of production then the use should be recorded as intra-sectoral. 

4.7. Non-commodity and inseparable outputs, capital formation and work in 

progress 

Production is recognised to be a continuous process over the entire production period. If an accounting 

period ends while production is still occurring, then production shall be accounted as work-in-progress 

(Eurostat, 1997). More on this in the next sub-section on Inventories. 

It is also clear that if inputs are accounted for in this type of production, then also the outputs should be 

considered on the output side of the account. If instead the inputs cannot be considered appropriately, 

then the outputs should be removed as well. 

All previous accounting considerations rely on very specific accounting methods, which most times may 

not be available in all circumstances. Given there are many potential ways in which different agents operate 

in the market and many different configurations of how to account for specific improvements to the capital 

on farm, it is also more difficult to think of a standard way of considering different production structures and 

plans. 

For example, in some cases, farm labour resources may be used to build an improvement on farm such 

as a well or a barn, which may not be accounted for as output of the farm, so the question would be how 

to consider the non-commodity input if the output is not considered (Cahill, 2019). 

Most importantly, there could be categories of cases, depending on the aggregation level at which the 

analysis is done, that are very specific and require attention. 

“If activities are inseparable secondary activities, the output should be recorded in the value of the 

output of the agricultural industry because processing activities are not recorded as either output 

or intermediate consumption”. (Eurostat, 1997) 

The System of National Accounts (EC et al., 2008) clearly states that work to produce a certain output may 

be split over various years. In that case, it is not sensible to attribute all the output to the year in which the 

work is completed. That is because the output needs to be attributed proportionally to when it has been 

created. 
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For that reason, the increase in value of a certain product that takes more than one year to produce can 

be split in different years and ‘treated as increases in fixed capital or inventories’ (EC et al., 2008). 

Inventories will be briefly treated in the next section. 

For example, the increase in the value of trees or animals would take into account the value of the trees 

or animals reaching maturity. Once the maturity has been reached, then the decline in value should be 

recorded as consumption of fixed capital (EC et al., 2008). 

4.8. Inventories 

The importance of inventory cannot be overemphasized in calculating correctly productivity. Inventory is 

important because it is critical to understand how stocks of resources flow through the businesses and, 

thus, through the sector and the industry in a country. To understand the impact of inventories at the sector 

level, the following part of this sub-section takes a step back and concentrates on the effect of inventory 

on a farm/agribusiness. 

There are costs associated with too low or high inventories (stocks) maintained on the farm and inventory 

numbers also affect tax payments. Inventory concerns the stock of any item or resource used in a business. 

Inventory can be raw materials in the propriety of the business, work-in-progress (parts that were partially 

processed but are not completed), and finished goods (unsold completed products in possession of the 

firm). Depending on the firm, the definitions of what is a work-in-progress or a finished product may change. 

This depends on the purpose of the business. Some businesses can consider finished products what 

others consider raw products. Moreover, different decision-makers can intend the same product as either 

a work-in-progress (for example, a growing lamb) but also the decision-maker can transform the same 

growing lamb into a finished product if they suddenly decide to sell it for a good price on the market. Finally, 

stocks on farm usually get older and their value changes. Here, we use a simplified treatment and leave 

more detailed treatment to other sources. 

Products finished in one period and not sold (entering the inventory) should be recorded in that period at 

the value of that period and then should be going out of the inventory at the time in which they exit the 

inventory with the relevant prices at that time. This is the so-called Perpetual Inventory Method (PIM). In 

cases in which prices are stable (not much inflation) and depending on the time the stock stays in the 

business, the changes in inventory are not so relevant. In cases in which the changes in prices are relevant, 

the changes between valuations of different periods may be important (EC et al., 2008). The changes in 

the inventory may be important especially if products are valued to enter the inventory at the moment of 

production but valued at the current price when they exit the inventory. Moreover, as stocks change value, 

inventory value may need to be updated for tax reasons. The taxation regulation may require a yearly 

update of inventory values for following closely the development of inventory values. Productivity accounts 

should follow, as closely as possible, the changes in value of the inventories to reflect the changes in 

outputs produced and capital used over time. 

4.9. New and disappearing products 

New and disappearing products are two sides of the same issue. The challenges posed by changing 

product bases are far from trivial. While output values are present when functioning markets are available, 

output quantities may actually not be available. ‘More importantly, the volume changes associated with 

new and disappearing products can be properly reflected when current values are deflated by price indices’ 

(EC et al., 2008). 

As mentioned in EC et al. (2008), statisticians recur to indexes of output prices to obtain implicit output 

quantities. However, values of disappearing and new products may be difficult to consider. The difficulty 
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results especially from the need to update output price indexes continuously to reflect the changing nature 

of the outputs valued. On one hand, old products need to be dismissed from the representative index, 

while, on the other hand, new products need to be included. “One major practical problem in the 

construction of index numbers is the fact that products are continually disappearing from markets to be 

replaced by new products” (EC et al., 2008) 

This is, in a sense, a similar problem to considering quality of output products, which will be discussed in 

a later section. In these Guidelines, we can state that capturing the new products and not considering old 

products relies heavily on updating lists of present products considered in the accounting. 

If no farmer is producing a certain crop in a country until a certain year, it is reasonable that the crop is 

absent from the accounting in that country and, potentially, it will not be in the index price of that country 

the first year it is cropped. However, it will probably be in the output. The update of the output index price 

is critical to ensure implicit output quantity is correctly recovered. Recovering output quantity is not done 

properly when dividing a value of output (including the new product) by an output price index not including 

the new product price and the correct weight associated. 

For example, if quinoa is introduced commercially in New Zealand in one year, it is possible that it does 

not figure in the output price indexes of that year to deflate the value of the agricultural output harvest 

(including the quinoa). However, even when the quinoa value is included in the output price index of the 

year in which the quinoa has been first harvested, it would not be included in a previous year base output 

price index. This is also why, to minimize lack of comparability between different years, chain linking of 

price indexes would be recommended. Lack of comparability may arise if base year and present year 

output prices and quantities are not homogeneous in terms of quality. On the issue of constant-quality 

comparisons we will come back in a later subsection. 

4.9. Missing data and data quality 

Methods to deal with missing data and to address issues around data quality 

Quality of data is a critical characteristic for the methods and the reliability of results originated from these 

methods. Shumway et al. (2016) states that ‘‘The issue of data quality is an ongoing concern of all involved 

with data collection, processing, and use’’ (p.31). 

The productivity accounting researcher hopes to have a set of data at very disaggregated levels and 

aggregate successively to higher levels these data (e.g. Sheng and Jackson, 2015; USDA/ERS, 2020a; 

Cahill and Rich, 2012). This aggregation can result in sets of aggregated prices and quantities or only in 

sets of revenues and quantities or, as more often occurs, in sets of revenues and prices corresponding to 

the products included in those revenues. 

At odds with intuition, some data series are missing even though data from different aggregation levels or 

similar products may be present. For example, the price, quantity or value data series may be missing for 

some regions but present for the whole country in national statistical agencies’ databases. Apart from the 

doubts that can arise from such a case on the quality of the series that are present, one needs to find 

reasonable ways to understand if the aggregation procedure is correct by going back to the disaggregate 

series. That implies imputing some of the series not present. Another example is one where the series 

have been discontinued since a certain moment in time (e.g. no data series after 2000) or have not been 

calculated backwards if the series started later in time (e.g. no data series before 2000). 

The main agencies’ productivity manuals involved in the measurement of productivity do not say anything 

specific on how to tackle the challenges of reliable measurements of prices or quantities when these are 

not available (Cahill, 2019). The missing data and the capability to check for quality in the data collected 

is, however, critical for the results on productivity accounting. 
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Alternative procedures have to be considered when inconsistencies arise in data, either because volume 

(quantity), price, or value (quantity times price) series are not consistent. Alternative ways to impute the 

data ‘‘must be considered including the possibility of projecting (or extrapolating) forward estimates for 

earlier years or using alternative indicators of the volume growth in a particular case (15.96)’’ (EC et al., 

2008). For example, data series like ‘‘intermediate consumption by product by industry’’ (EC et al., 2008) 

may be very challenging. The researcher may need quantity assumptions on the relative composition 

inside the value series. Evaluation of growth rates from before or after the missing part of the series can 

also help (15.111) (EC et al., 2008). 

A typology of missing data may be considered to clarify approaches that can be used to tackle specific 

problems. We will first consider the issue of missing price data and then the issue of missing quantity data. 

The issue of missing price data is somewhat easier to tackle if one can rely on price data of products 

assumed similar and if one is willing to make some assumptions about the behaviour of the missing series. 

Following Cahill (2019), we first consider the potential issues arising from missing price data series. For 

example, basic price data could be missing: 

A. for a particular commodity for a certain period of time (1961-1983) but be present for a later time 

period (1984-2020) 

B. for an interval within a longer time series present: for example, data could be unavailable between 

1982 and 1985 but available until 1981 and since 1986 for a given commodity 

C. for a later period of analysis (1990-2020), but available for the previous period between 1961 and 

1989. 

Under the assumption that trends remain constant over time, one could find various methodologies to 

impute missing price series. Potential solutions are as follows, as partly identified by Cahill (2019): 

 For Type (A): If an alternative series is found, one could use Ordinary Least Squares (OLS) 

regression method to find an average trend increase as the coefficient of a regression of the 

alternative series (regressand) over a time trend (regressor). Then one could impute the missing 

part of the series thanks to using the estimated average trend coefficient to backcast the missing 

series. 

 For Type (B): One could use linear (or more complicated spline) interpolation between observations 

that are present at the higher end (e.g. 1981) and lower end (e.g. 1986) of the present series. Then 

one could interpolate the absent part of the series. 

 For Type (C): One could extrapolate in the future using either OLS or other regression methods, 

calculating average growth coefficients similar to Type (A) problems (in-sample) and thanks to 

assuming these trends growth would remain the same in the future. In this way, one is able to 

extrapolate the missing part of the series into the future. 

As a generic possibility, alternative to the other methodologies analysed, under the assumption that prices 

move in a parallel fashion in a market for similar commodities, one could think of finding alternative price 

series to proxy for the missing one, potentially with some adjustments. For example, one could find: 

 A series for a similar product at a different point in the value chain such as prices at the wholesale 

or retail level for farm-gate products. 

 An alternative derived product price series for closely related commodities (e.g. prices for infant 

milk formula if price of skim milk powder is missing). 

 An alternative substitute product price series for a closely related commodity (e.g. prices of a red 

apple variety if prices for another red apple variety are missing). 

Given the above assumption that prices move in a parallel fashion, one can then calculate ratios between 

consecutive years and apply these to an index for the first year if the series is completely missing. 
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Alternatively, one can calculate average wedge ratios between the alternative and the present series in 

the years when both prices are available and then impute an average wedge ratio between series for the 

years that are missing. 

The other set of cases are potential missing data on quantity. If series on revenues are available and prices 

can be imputed with relatively inoffensive assumptions, then one can obtain implicit quantities. 

If one instead considers the case when revenues or prices are missing and there is no way to recover 

simply implicit quantities, the issue with missing quantity data is more complicated. This complication stems 

from the absence of substitute series to use as proxy for similar quantity series and the assumptions 

needed might be much more complicated in order to obtain imputed quantity series. 

We make reference to the same typologies of missing data as in the case of prices but we consider 

quantities to be missing (instead of prices) and, additionally, revenue data are absent. These 

methodologies may be valid under quite strict assumptions of common trends in the quantities produced. 

Similar to the case when prices are missing, for the different types of missing quantities, one can have: 

 If the first part of a quantity data series is missing, one could estimate with OLS the average trend 

increase as the coefficient of a regression of the non-missing part of the quantity data series over 

a time trend. Then one could impute backwards the missing part of the quantity series through the 

estimated average trend coefficient. 

 If a portion in the middle of a quantity data series is missing, one can then use interpolation between 

present observations to impute the absent ones. 

 If the later part of a quantity data series is missing, one can extrapolate to the future, using 

regression methods, the average yearly growth rate estimated on the present portion of the series, 

under the assumption that the growth rate would remain the same in the future. 

One could also extend this to provide numerical examples with real data but we refrain from this in this 

version of the Guidelines in the interest of space. 

Data quality is critical for the calculation of productivity. For the time series that appears to be incorrect or 

where there is low confidence in the quality of the information, one may wish to perform quality checks. 

For a quality check in circumventing the absence of data, one can consider analysing the variability of 

results, when using alternative imputation methods. If results change drastically from alternative 

assumptions, more investigation into the problem may be warranted. 

Another issue which is sometimes faced is that the sources of data are of varying type and quality. For this 

reason, it is fundamental that productivity measurements be made on matched input and output data, at 

best from the same source (Schreyer et al., 2001). While the natural candidates for industry-level measures 

of output are the systems of national accounts, these can suffer potential drawbacks depending on how 

they are constructed. 

For example, one problem is that the production accounts may be constructed as industry-level value 

added figures from aggregate measures of GDP based on the income or expenditure side of national 

accounts (Schreyer et al., 2001). A top-down approach would then be used instead of being created by 

aggregating up sectors on the basis of solid disaggregated statistics. Starting from disaggregated statistics 

is one of the solid methodologies suggest to approach the problem in this Manual. Moreover, the measures 

of outputs often may not be in agreement with the measures of inputs because primary sources for ‘‘data 

on production may be different from primary sources on employment, investment, or intermediate inputs’’ 

(Schreyer et al., 2001). 

The European Economic Accounts for Agriculture (EAA) clarify some of the issues that can occur if some 

aggregate prices are not available. If quantities cannot be valued at regional level, then a top-down method 

of evaluation may be better. When output cannot be measured at the regional level, for example for animal 

output, it may be better to estimate the output with a model and adjust quantities to the ones present in the 
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account (Eurostat, 1997). Finally, for secondary activities, there may be no regional source if that type of 

activity was not there historically (Eurostat, 1997). The situation on these issues is improving dramatically 

in the later years in the European Union, thanks to efforts in representativity of micro-economic farm 

surveys (FADN, 2021). These surveys could become a source of information for creating some of the more 

aggregate missing series. 

4.10. Control total for output 

An approach to circumvent the issue of having reliable data is to have a control total. Researchers, missing 

reliable volume or price data, can rely on more aggregate values of inputs and outputs and use those for 

cases where prices and volumes are absent. With a price deflator calculated for the total output for which 

prices and quantities are absent, one can then use that deflator for the more disaggregated set of data, on 

the assumption that prices follow the same pattern as the observed ones. This is termed “control total”  by 

practitioners (Cahill, 2019). 

4.11. Aggregation 

Aggregation is a very complicated issue and many sources have attempted to solve the problem by 

proposing consistent ways to go from disaggregate to more aggregate series. All manuals discuss 

aggregation issues and methods to deal with this problem in consistent manners. The OECD discusses 

this in Chapter 7 and Annex 6 (Schreyer et al., 2001). The System of National Accounts discusses this 

issue in Chapter 15 (EC et al., 2008). Sheng and Jackson (2015) and USDA/ERS (2020a) use consistent 

methodologies to aggregate series of prices and quantities, through either Fisher or Törnqvist indexes. 

Shumway et al. (2016) considers index number issues and aggregation mainly from the inputs side. In 

addition to highlighting the classical studies by Diewert, Cahill (2019) suggests ‘a concrete set of examples 

might be useful, going from individual series to estimated price indexes, deflation of current dollar values 

and estimation thereby of implicit constant dollar quantities of gross output’. However, for space reasons, 

we refrain from expanding this section with examples. 

4.12. Accounting for quality changes over time 

Different qualities of goods, similarly to different goods (new and old), need to be considered to enable 

consistent constant-quality comparisons. Constant-quality comparisons are the only comparisons that 

make sense because one compares goods of similar quality in a specific time period. ‘Price and volume 

indices are compiled by comparing the prices or quantities of goods of the same characteristics or quality 

(that is, homogenous goods) over time.’ (EC et al., 2008) 

4.13. Methods to measure averages and trends in output growth and how to 

detect slowdowns 

A commonly understood measure of success in economics is a measure of representative sustained 

growth in an economy. That representative measure of sustained growth can come in different forms, for 

example gross domestic product. With respect to pure production measures, partial, multi-factor, or total 

factor productivity measures have the appeal to measure performance against one or multiple limiting 

resources. 
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An increase in the average TFP growth rate is a signal of an improved economy. It is a signal of a better 

capability of the economy of producing more output with less inputs, over a prolonged period of time. A 

decrease in the average TFP growth rate is instead signalling a worsening economy, showing a lower level 

of output can be produced with the same inputs. 

While most practitioners estimate empirically TFP growth rates in terms of averages and report these 

numbers as examples of success in an economy, the method for estimating these averages is far from 

clear and settled. 

Many agencies across different countries report different types of average growth rates over time. 

Averages are reported for different periods so that they represent the growth occurring in that specific 

period. It is important to track the average growth occurring in different periods of time because it signals 

improvement or deterioration of the economy. 

While agriculture has seen sustained growth for many decades after the Second World War, various 

sources show signals of slowdown in recent decades, especially after the year 2000. The early detection 

of slowdowns is critical to make sure policy remedies are put in place to redirect the economy swiftly. For 

these reasons, it is paramount to have a variety of averages relating to differing periods. USDA/ERS 

(2020b) reports the methodology used for calculating annual growth rates directly in their data. ‘The rate 

of growth in an economic series 𝑋 between years 𝑡 and 𝑡 + 1 is defined by 𝐿𝑛(𝑋𝑡/𝑋𝑡+1). The average rate 

of growth in series 𝑋 over years 𝑡 to 𝑡 + 𝑛 is the coefficient 𝛽 from the regression 𝐿𝑛(𝑋𝑡) = 𝛼 + 𝛽𝑡. This is 

determined in Excel using the formula 𝐿𝑛(𝑙𝑜𝑔𝑒𝑠𝑡(𝑋𝑡: 𝑋𝑡+𝑛)), where (𝑋𝑡: 𝑋𝑡+𝑛) corresponds to the addresses 

of the cell range containing the series.’ (USDA/ERS, 2020b) USDA/ERS (2020a) reports averages for 

periods of changing time length: around 70 years, 10 years, 6 years, and 4 years. These varying lengths 

allow the detection of slowdowns within different periods. The methodology to calculate the average growth 

rate in this case is the following: 𝐿𝑛(𝑋𝑡/𝑋𝑡−𝑛)/𝑛, where 𝑛 is the number of periods over which the average 

is calculated. 

Independently of the average type used, when choosing the data on which the average is calculated, there 

is always a risk of discovering ad hoc slowdown by defining break points in an arbitrary ways, for example, 

by making a different period start in 1966 or in 1967. Sometimes, the definition of the break points can 

vastly change the results. Moreover, understanding whether an average is significantly smaller in one 

period with respect to another requires testing statistically the difference between averages related to 

different time periods. 

One method to avoid the issue of the definition of the breaking points is to repeat the calculation of the 

averages of trend growth rates as moving averages with running windows of different length. That would 

imply repeating, for example, the running mean (moving average) calculations for periods of four years 

starting with the change in 2014-15 until 2017-18, but also starting in 2015-16 until 2018-19, and starting 

in 2016-17 and ending in 2019-20. That gives a variety of partially overlapping moving averages. 

Depending on the size of the running window length, the speed of slowdown detection can be faster (with 

a shorter window length) or slower (with a longer window length). 

After calculating the average growth rates, there are statistical ways to test equality among entire 

distributions of growth rates relating to differing multi-year periods or year-to-year chain-linked growth rates 

in differing periods. If one is willing to make distributional assumptions on the growth rates, one can 

summarize distributions by comparing calculated averages with a statistical hypothesis test. Depending on 

the type of distribution assumed, a full characterisation of the distributional behaviour can occur analysing 

only some of the moments’  distribution. For example, if we know the distribution is normal with a known 

variance (second moment), a simple comparison of averages (first moment) is enough to compare fully 

the distributions. If we assume the distribution is normal but of unknown variance, a simple t-test can be 

used to test the equality of distributions. 
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Without making distributional assumptions, one can test equality of distributions by comparing the largest 

distance between cumulative distribution functions (Kolmogorov-Smirnov test) or comparing the integrated 

square difference between cumulative distribution functions through Li tests (Li, 1996; Li et al., 2009). 

4.14. Conclusions and recommendations 

This chapter analysed issues related to the treatment of output in productivity accounting by considering 

the multi-faceted aspects that relate to its measurement, to measurement of output prices, to output quality, 

to output growth and its composition and quality changes over time. A schematic list of main 

recommendations arising from this chapter are as follows: 

 Use gross output as a measure of output quantities. 

 As representative output price to deflate output values, use an aggregated index of different output 

prices. 

 Use only the prices of outputs that are relevant in the output price index. That means no 

disappeared products should be included and included products be updated for new ones 

appearing. 

 In the same spirit, use only “portions” of output prices (payments and subsidies) that are directly 

incident on the decisions of the producer. In other terms, only subsidies on units of products should 

be included in the price, but no other subsidies should be included. 

 All outputs should be measured before tax. 

 In a sort of “matching principle”, outputs and inputs should be accounted for in the same manner, 

with similar data, accounting for their quality changes over time.  

 If a product is produced in one year, it should be accounted for in that year, in terms of productivity 

measurement. This means inventory needs to be updated frequently.  

 Aggregation should be used as much as possible in a coherent manner to enable a consistent set 

of productivity accounts at the national level. 

 Averages may be calculated as summary measures of productivity growth over time but their 

representativity of the growth distribution is conditional on distributional assumptions.  

 Summary measures (such as moving averages) of productivity growth rates should be updated 

frequently to be representative. 

 The appearance of productivity growth slowdowns should be tested statistically, either with a test 

assuming distributional assumptions or with distribution-free nonparametric tests. 
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Annex 4.A. Treatment of agricultural policies in 
the measurement of Canadian TFP growth 

Deepananda Herath 

Agriculture and Agri-Food Canada 

The purpose of this annex is to explain the approach used in the Production Account of Canadian 

Agriculture (PACA) to handle agricultural support policies which have a bearing on the measurements of 

total factor productivity (TFP) growth. In addition, this note explores the types of agricultural support 

programs in Canada to be accounted for the measurements of environmentally adjusted TFP growth in 

agriculture. 

A background document by Cahill (2019) for the second meeting of the OECD Network on Agricultural 

Total Factor Productivity and the Environment described the measurements of gross output in a production 

account. Section II.3 of that document discussed the approaches to incorporate program payments in a 

production account.  

This annex expands on Cahill (2019) and is organized as follows. In section 2, the note elaborates on the 

OECD classification of the agricultural support policies under the producer support estimates (PSE) and 

general services support estimates (GSSE). Section 3 provides an exploratory schematic of the potential 

pathways of economic influence of such support policies on TFP measurements. Section 4 explains the 

current approach for accounting for these policies in the PACA and section 5 presents program payments 

in Canada that are relevant for environmentally adjusted TFP growth measurements. The last section 

provides relevant conclusions.  

Significance of agricultural support policies in a production account  

The support policies for agriculture in the OECD countries are based on a wide spectrum of measures 

(Cahill and Martini, 2010). In the OECD classification of agricultural support policies, the “general services 

support estimate” (GSSE) includes the programs for agricultural knowledge and innovation systems, 

inspection and control, development and maintenance of infrastructure, marketing and promotion, and 

public stockholding; yet, the GSSE policies do not include any transfers to individual producers. 

Contrary to the general services support, some programs provide support directly to the individual 

producers through transfers from taxpayers or from consumers. These include direct payments to farmers 

that are based on commodity outputs, input uses, non-commodity criteria, price support through border 

control measures, or grant and tax credit concessions to farmers (Cahill and Martini, 2010).  

All of such possible sources of transfers to individual producers arising from policy measures are included 

in the Producer Support Estimate (PSE) of the OECD framework of measuring support. Coverage in the 

PSE is defined as the measures whose incidence is at the farm level and that are directed specifically to 

agricultural producers or that treat agriculture differently from other agents in the economy (Cahill and 

Martini, 2010 p. 14). In others words, PSE is the additional money producers receive in a particular year 

because of government interventions in agricultural markets.  

The PSE support policies in Canada were estimated to be about CND 5.7 billion in 2019, which accounted 

for 75% of the total support to agriculture (OECD, 2020). In the OECD countries, the producer support 

(PSE) as a share of farm revenue (PSE over gross farm receipts or %PSE), on average, was about 18% 

in 2019 (OECD, 2020 p.51). Yet in Canada, this was much lower, at about 9% in 2019. However, in the 
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1980s and 90s in all of the OECD countries the %PSEs were much higher. For instance, in Canada the 

%PSE in 1986-88 was around 38%, though it did decline rapidly (Annex Figure 4.A.1). These reductions 

were brought about by support policy changes in consequence to Uruguay Round’s Agreement on 

Agriculture in 1995 under the aegis of WTO for curtailing coupled subsidies in the developed countries 

(Hedley, 2007).  

Annex Figure 4.A.1. %PSE as a share of gross farm receipts 

Canada, 1986 to 2019 

 

Source: PSE Monitoring and Evaluation reference Table-OECD 

However, it is expected that PSE levels as high as 38% of farm cash receipts should influence the TFP 

measurements because farm product prices and their volumes (i.e. farm cash receipts) are important 

inputs in the TFP measurements. The linkage between the support policies and TFP measurement 

crucially depends on how the support policies are accounted for in the production accounts.  

OECD classification of agricultural support policies  

The policies that are included in the PSE measures support farmers mainly by either (see Figure 2): 

 Market price support: by imposing tariffs, tariff quota rates, export subsidies or non-tariff trade 

barriers. These support policies drive up the domestic prices paid by consumers for farmers relative 

to the border prices (consumer financed). 

 Direct payments: by supplementing market receipts for farmers with payments using budgetary 

allocation (taxpayer financed). 
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Annex Figure 4.A.2. OECD Measures of domestic support 

 

Source: Baffes and de Gorter (2005) and PSE Monitoring and Evaluation reference Table-OECD. 

The categories of support measures in the “market price support” and the “direct payments” are handled 

very differently in a production account. The principal reason behind this differential treatment is the ability 

to identify the support policies at the level of individual commodities and the ability to identify the payments 

per unit of output or input. The distinction is important to differentiate between “coupled” and “decoupled” 

payments. 

The PSE support measures are classified according to the implementation criteria. The PSE manual’s first 

demarcation criterion of policies is for those implemented based on “commodity production” versus “non-

commodity criteria.” For this, the question 1 for policy classification in the PSE manual asks (OECD 2016 

p. 34): 

“Does the policy measure provide an implicit or explicit transfer to individual producers on the basis 

of output, inputs, area, animal numbers, receipts or income used for or resulting from current or 

former commodity production?” 

When the answer is “yes”, then question 2 demarcates whether this transfer is conditional on current 

commodity output, thus question 2 asks: 

“Does the policy measure provide a transfer to agricultural producers that is conditional and based 

on current commodity output?” 

If the answer is “yes” to this question, such policies become the first category of policies in the PSE 

calcification known as: (A) support based on commodity output (in the current period). To be included in to 

a production account, the policy needs to target current commodity output.  

 TOTAL SUPPORT ESTIMATE 

General 

Services 

Support 

Producer 

Support 

Estimate 

Consumer 

Support 

Estimate 

It includes taxpayers’ 

transfers provided to 

agriculture collectively 

for research & 

development, 

inspection services, 

agricultural schools, 

infrastructure, 

marketing & 

promotion, and public 

stockholding. 

 

 

 

2015-2019 average 

CND million 2,137 

 

Taxpayer 

financed 

Consumer 

Financed 

Coupled Decoupled 

Payments based on 

output and input use 

(per unit). 

2015-2019 average 

CND million 306 

 

Payments based on area, 

historical entitlements, input 

constraints, and overall farm 

income.  

2015-2019 average            

CND million 1,747 

Includes transfers from 

consumers arising from 

policy measures which 

create a gap between 

domestic and border 

prices of specific 

agricultural 

commodities. 

2015-2019 average    

CND million 2,814 

Direct payments to 

(from) consumers of 

agricultural 

commodities for 

domestically produced 

consumption.  

 

 

2015-2019 average  

CND million - 3,145 
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Next, the PSE classification demarcates whether the support policy on the current commodity output is 

implemented in a manner that affects the domestic prices; thus, question 3 asks: 

“Does the policy measure affect the domestic market price for consumers and producers of a specific 

commodity?” 

If the answer is yes to the question 3, then the policy is classified as: (A1): market price support. If the 

answer is no, then the policy is classified as: (A2): payments based on output. Thus, policies in the A2 

category are the “payments based on current output” and these provide program payments at the individual 

commodity level that are based on current production; the payments could be readily converted to “unit of 

output” (i.e. $ per tonne of current production). A well-known support payment in this category is a 

deficiency payment which provides a “target price” (above market price) for current output by dollar per 

tonne basis.  

A similar demarcation is needed for use of inputs. The next step in the PSE support classification is to 

classify support on input use. Question 4 thusly asks: 

Does the policy measure provide an explicit or implicit payment to individual producers using a specific 

input, or group of inputs, or services to produce agricultural commodities? 

If the answer is yes for question 4, the support policy is classified as: (B): payments based on input use. 

Questions 5 and 6 are asked respectively to identify whether payments are implemented on variable input 

use, fixed capital formation, and on-farm services. As of the PSE category of A2 for “unit of current output”, 

the B1 category identifies the payments implemented on the variable input use. Thus, the B1 category of 

the PSE classification identifies policies implemented to provide program payments on the basis of “unit of 

input in the current production.” In Canada, the current fuel rebate provided by the provincial government 

is an example of program payments per unit of variable input use in current production.  

Question 7, demarcates whether the support is received for the “production base” rather than the output 

levels or input levels. Question 7 asks: 

Does the policy measure provide a payment to agricultural producers conditional on planting crop(s) or on 

maintaining a herd of livestock, and based on the current area (A), animal numbers (An), receipts (R), or 

income (I) of a single commodity, a specific group of commodities, or all commodities? 

If the answer is yes, then the policy is classified as: (C): payments based on current A/ An/ R/I production 

required, where (C1): payments based on current Revenue / Income and (C2): Payments based on current 

Area / Animal Numbers. Almost all of the current direct program payments in Canada such as subsidized 

crop insurance and whole farm income stabilization payments (e.g. AgriStability) are in the category C of 

the PSE classification. These are not based on current output, input use or prices, hence they are referred 

to as “decoupled” payments from current production (see Section 4.2 for more discussion on this).  

As explained below in Section 4, among all of the payment categories in the PSE, only the A2 (direct 

payments per unit of output of current production) and B1 (direct payments per unit of variable input use 

of current production) categories are accounted for in the TFP measurements in PACA. These are the 

“coupled” program supports in which the payments are based on the unit of output or unit of input in current 

production. Most OECD countries discontinued such coupled payment programs in the process of GATT 

negotiations in the Uruguay round (1986 to 1994) leading to the WTO’s Agreement on Agriculture in 1995 

(Josling, 2010).  

In Canada, such coupled payments on the outputs peaked in 1989 to CND 639 million (11% of the total 

PSE) and dwindled to about CND 30 million by 2001(0.005% of the total PSE). Since 2002, no output-

based coupled payments are regularly recorded for Canada. From the input side, the provincial fuel tax 

refund and rebate continues to be the only significant coupled payment on the variable input use on current 

production, which on average was about CND 299 million during the 2015-2019 period (6% of the average 

PSE during this period). 
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As the Annex Figure 4.A.3 below depicts, about 95% of the PSE in Canada is comprised of the following 

categories of support policies in 2019: 

 (A1) Market Price Support (51.3%)  

 (B) Payments based on input use (8.4%) 

 (C) Payments based on current area (A), animal numbers (An), receipts (R) or income (I), 

production required (35.1%)  

Annex Figure 4.A.3. Categories of Producer Support Estimates: Canada (1986-2019) 

 

Source: PSE Monitoring and Evaluation reference Table-OECD. 

Economic linkages for support policies to appear in a production account 

The enumeration of outputs and inputs into a production account begins with disaggregated data on prices 

and quantities of outputs and inputs of the total farm economy for a significant stretch of time. These arrays 

of outputs and inputs are not usually available in physical volumes but in dollar values; hence, price indices 

are used to deflate the monetary values of outputs and inputs to generate an estimate of implicit quantities 

of outputs and inputs. TFP growth across a given time period is calculated using these implicit quantities 

of outputs and inputs. 

Thus, in theory, any support policy that influences individual commodity outputs and their prices and/or 

input use and their prices could play a role in a production account. Annex Figure 4.A.4 attempts to provide 

a somewhat simplified overview of pathways (1 to 4) of support policy influence on the TFP measurements.  

The support policies in the “Policies A” box are typically fully coupled programs which are implemented by 

targeting outputs and inputs of current production. Their impacts are identifiable per “unit of output” 

(e.g. per tonne) or “unit of input” (e.g. liter of fuel). The typical support policies in this category are the 

deficiency payments per unit of output (A2 in the PSE classification) and the rebates per unit of inputs (B1 

in the PSE classification) for the purpose of farm income support and income stabilization.  
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Annex Figure 4.A.4. Potential pathways of policy influences on the TFP measurements 

 

Alhough all of the policies in Box B could theoretically influence the TFP measurements, these are 

generally excluded in a production account. The impacts of these policies are framed in the literature mostly 

in terms of “second order impacts” such as wealth, insurance, entry/exit, and risk tolerance impacts and 

not on the “direct impact” on the prices of the inputs and outputs of the current production as the policies 
in box A (Thompson et al., 2020; Moro and Sckokai, 2013; OECD, 2005).  

In an assessment of the approaches to decide what program payments should be included into TFP 

measurements in four manuals on productivity measurements (OECD, FAO, ERS, EAA), Cahill (2019) 

noted that: “The manuals are not very helpful in defining what types of subsidies should be included” (p.10). 
Cahill (2019 p. 1) asserts that:  

“If a policy raises the return per unit marketed or produced, it should be included in the price 

because the first order conditions for cost minimization/profit maximization equate output prices to 

marginal costs or use output prices to defined marginal revenue product. If, at the margin, a 

producer receives a subsidy for the next unit marketed or produced, this effect should be 

incorporated in the price. Otherwise, it is an inframarginal transfer or some other kind of payment 

that, while affecting farm income, is a return that should be incorporated somewhere other than in 

the productivity account”.  

The “fully coupled” program payments (policies A) are adequately captured in the above assertion by Cahill 
(2019). The current frameworks of the TFP measurement in many countries treat policies A in this fashion 

(see Shumway et al., 2015 for the United States). The approaches as to how such policies are treated in 

PACA is discussed below. However, the existing TFP measurement frameworks in many countries do not 

capture the influences of “Polices B.” Since none of the “Policies B” makes a gap between “basic” prices 
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(see below) and market prices faced by the farmers for current production (i.e. the policy-driven price is 

the market price), these policies are not accounted for in the TFP measurements. 

Treatment of the support policies in the PACA 

Currently, the PACA addresses the 1st pathway (Annex Figure A.4.4) or support “policies A” in the TFP 

measurement. These are the PSE categories of the “payments based on current output” (A2) and the 

“payments based on current variable input use” (B1). These support policies modify market prices faced 

by the farmers for inputs and outputs and thereby influence the TFP measurements.  

According to the OECD (2001) manual on measuring productivity: “From the perspective of productivity 

measurement, the choice of valuation should reflect the price that is most relevant for the producer’s 

decision making; regarding both inputs and outputs” (p.79). Hence, the prices must include the subsidies 

such as deficiency payments or various rebates that are received and taxes (indirectly) paid for inputs and 

outputs by farmers to reflect the values obtained or given up.  

When the prices are corrected for subsidies and taxes, such prices are known as basic prices. In the OECD 

System of National Accounts, basic price is defined as: “The basic price is intended to measure the amount 

actually retained by the producer. It therefore excludes taxes payable, but includes subsidies receivable, 

as a consequence of production or sale. It excludes any transport charges invoiced separately by the 

producer” (OECD, 2001 p. 79). Because the basic price captures the amount retained by the producer, it 

is the price most relevant for the producer’s decision-making.   

Most of the practitioners who measure the TFP growth do indeed account for program support that creates 

a divergence between market prices and basic prices for inputs and outputs for current production. The 

deficiency payments on the prices of current output to bridge a shortfall from a “target price” or rebates on 

the current input to lower the input costs are based on per unit of output or input, hence such support 

programs (policies A of Annex Figure A.4.4) modify the market prices faced by the farmers. 

Policies related to the 1st pathway in PACA 

Currently, the PACA captures support policies when these are identifiable as per unit direct payments to 

farmers both on outputs of individual commodities and inputs of the current production. The PACA 

presently covers the period from 1961 to 2011 and is being updated for 2016. During this period, 

particularly until 1991, there were a number of agricultural support programs that were commodity-specific 

deficiency payments or input rebates which modified market prices faced by farmers, hence influenced the 

TFP measurements. However, today there are no commodity-specific deficiency payments for outputs 

within Canada’s agricultural policies and programs, yet input rebates do continue.  

Annex Table 4.A.1 below summarizes Canada’s agriculture support policies which provided the direct 

payments based on the prices for the current production for outputs and inputs. The most significant 

agricultural support program in the 1960s relevant to the PACA is the deficiency payments that were made 

under the 1958 Agricultural Stabilization Act (ASA). The federal government allotted deficiency payments 

as a “prescribed” price for nine “named” commodities (cattle, hogs, sheep, butter, cheese, eggs, wheat, 

oats, and barley). For other “designated” commodities the prescribed prices were paid, as the authorities 

felt the need in the period of low prices for a duration recommended by the authorities with the agreement 

of the federal government (Garland and Hudson, 1968 p.209-211). For instance, during the period of 1958 

to 1968/69, 17 “designated” commodities for one or more years, along with the nine “named” commodities, 

were brought under the “floor price” payments. 
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Annex Table 4.A.1. Canadian agricultural support programs for deficiency payments for individual 
commodities and per unit basis input rebates 

Program Years Coverage Funding source Basis of 
payment 

Remarks 

Agricultural 
Stabilization Act  

1958-1975 Individual commodities Federal Floor price Floor price was 80% of the last 10-
year average 

Agricultural 
Stabilization Act –
Amendment 

1975-1991 Individual commodities Federal Floor price Floor price was 90% of the last 5-
year average adjusted by the change 
in cash production costs between the 
previous five years and the current 
period (outside Canadian wheat 
board jurisdiction) 

Western Grains 
Stabilization Act 
(WSGA) 

1976-1991 Individual commodities Federal Guaranteed per 
metric ton net 
cash flow 

In the Canadian wheat board 
jurisdiction, the WSGA guaranteed 
per-metric-tonne net cash flow in the 
current year will not fall below the 
average for last five years for 
specified grains and oil seeds.  

National Tripartite 
Stabilization 
Program 

1986-1992 Individual commodities Federal/provincial/producers Guaranteed 
margin 

Support equals payment per tonne 
adjusted for cash cost plus some 
percentage of the gross margin (vary 
by commodity) 

Assurance 
Stabilisation des 
Revenus Agricole 
(ASRA) 

1986 to 
present 

Individual commodities Provincial (Quebec) Guaranteed 
margin 

The margin between estimated cost 
of production and market price is paid 
as a guaranteed margin. 

Various input 
Rebates 

1971 to 
current 

Commercial feed and 
seed; machinery fuel 
heating fuel; electricity; 
fertilizer and lime; 
telephone; pesticides; 
twine, wire and 
containers 

Federal/ 
Provincial/ 
Municipal 

Per unit basis 
rebate to 
reduce 
expenditure 

National and provincial estimates of 
rebates paid directly to farmers 
represent a reduction in business 
costs incurred in the production of 
agricultural commodities.  

Sources: Garland and Hudson, 1968: Berthelet, 1985, Barichello, 1995; Hedley, 2007. 

First, this prescribed price was 80% of the 10-year moving average and subsequently changed to 90 

percent of the average price over the three preceding years (Barichello, 1995). Often, a payment was 

announced after some or all of the commodity had been marketed, so that the Board reports frequently 

refer to payments made for commodities produced one, two, or three years ago. In these cases, payments 

to that commodity are added together over all years and then applied to the appropriate production year. 

This is an accrual rather than a cash accounting approach, thus, the value of gross output in any year 

reflects the returns that accrued to it, even if payments were made several years later (Cahill and Rich, 

2011 p.43). 

The program payments under the WGSA, the national tripartite stabilization program and the ASRA (in the 

province of Quebec) were either “target prices” or “target margins” in a sense of deficiency payments per 

unit of output. The payments under all of these deficiency payment programs for relevant commodities 

were collected from diverse sources. These were included into the PACA in the following manner: 

The outputs without intra-sectoral use (such as fruits, potatoes, sugar beet) 

The payments from one or more of these deficiency payment policies made to a particular commodity in 

any year are added together and converted to unit payments by dividing the total payments to that 

commodity by gross output, i.e. the “unit payment” from these policies in that year. The price for gross 

output is then the market price plus this unit payment. This is the “basic price” as proscribed in the OECD 

productivity manual (2001). These adjusted prices are used in the output price deflators. 
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The outputs with intra-sectoral use (such as grains and oil seed for feeds and seeds) 

When a commodity is used within farms and does not receive market price, such a portion of output is not 

eligible for government deficiency payments. Hence, market price (alternatively, opportunity cost) is used 

to value on-farm consumption because the policy distortions are not dependent on use of the output 

(Shumway et al. 2015 p.29). For all the grains and oil seeds and one special crop (dry peas), own 

consumption within the farm is corrected to obtain “marketed” volumes. Then, as in the a) above, “basic 

price” is estimated on the marketed volume and used in the output price deflator.  

The last support payment policy in Annex Table 4.A.1 is related to the “payments based on variable input 

use”. The rebates are paid on the input uses for current production by many levels of governments. As 

indicated in Annex Table 4.A.1, nine inputs received various levels of rebates based on the use in current 

production. The price deflators for these individual inputs are adjusted by the expenditure share of the 

rebate. Then these adjusted input price deflators were used to obtain “implicit quantities” of these inputs 

in the PACA. 

4.2. Policies related to the 2nd, 3rd and the 4th pathways of Annex FigureA.4.4 

The policies in “Box B” could make a difference in the TFP measurements relative to the “world without 

these policies”. However, in the sense of opportunity costs of returns and outlays, the market prices reflect 

such opportunity costs for a farmer, hence market prices are the relevant prices for the producer’s decision 

making in the current period. Thus, there is no basis to bring these policy influences through a divergence 

between opportunity costs and the market prices as practitioners treat policies in the “Box A” of Annex 

Figure 4.A.4. 

Therefore, currently no “market price support” (2nd pathway) policies are addressed in the PACA. Since 

the market price faced by the producers is also the “supported” price (e.g. supply managed commodities) 

no adjustments is needed to reflect “basic” prices with these policies. The current Canadian decoupled 

payments (3rd pathway of the Annex Figure A.4.4) from AgriStability (whole-farm income based deficiency 

payment triggered by a certain level of margin), AgriInvest (subsidized savings account), AgriInsurance 

(production or crop insurance), and AgriRecovery (disaster payments as a safety net) and other ad hoc 

federal and provincial forms of programming are not included in the PACA. This is because these support 

policies are not related to current marketing or production, and the payments from these programs are 

usually related to past price, past production, expected yield, etc., and thus unrelated to the prices in the 

current period. In addition, the GSSE policy measures that are collectively supporting agriculture producers 

through research and development or programs to support their innovative activities and augmenting their 

capital stocks are also not included in the PACA, because their incidence is not at the individual producer 

level. 

However, as Baffe and de Grooter (2005) noted it is important to emphasize that because the decoupled 

support is not affected by production decisions, it does not necessarily imply that decoupled support does 

not affect production decisions. A recent literature review by DeBoe (2020) on the impacts of agricultural 

policies on productivity and sustainability performance in agriculture summarized research covering a 

range of agricultural policies from France, United States., European Union, Germany, the Netherlands, 

Sweden, Finland, and Norway in terms of the impacts of these policies at the farm level (DeBoe, 2020, 

p. 8). DeBoe reported four main policy impact pathways from this literature: 

 Changing relative prices of inputs and outputs, affecting farmer’s choice of what to produce and 

how to produce it (e.g. purchased input use; land use; labour use, including on-farm versus off-

farm labour decisions; technology choice). 

 Increasing or reducing income constraint (income or wealth effects), which may in turn affect 

investment decisions and input use, particularly decisions about labour allocation and dynamic 
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input use decisions, and may reduce incentives to produce efficiently or adopt productivity 

enhancing innovations (effort effect).  

 Increasing and reducing risk exposure (insurance effect), which may reduce incentives to produce 

efficiently or adopt productivity-enhancing innovation, or incentives to adapt to risks such as climate 

change (moral hazard effect, potential for adaptation or maladaptation). 

 Incentivising structural change (farm entry and exit, changes in farm and market structure and 

innovation or technological change).  

The program payments being capitalized into land values have being extensively researched. In 

summarizing numerous research on the issue, Latruff, and Le Mouël (2009) concluded that government 

payments and other types of support (price support, quotas) are important in explaining land prices and 

they account for a large share of these prices around 15%–30%, although it could be up to 70% depending 

on specific regions and dates. These “second order” impacts of decoupled support policies do influence 

farm households’ various choices and are extensively researched in the literature (see ERS, 2004; Baffes 

and de Gorter, 2005; OECD, 2006; Moro and Sckokai, 2013; Thompson et al., 2020). 

Program support for environmentally adjusted TFP growth 

Though not included in the PACA, some of these polices in Box B of Annex Figure 4.A.4 would be important 

in measuring environmentally adjusted TFP growth. In the PSE classification, under the category of 

“payments based on input use (B)”, the second sub-category (B2) is for the payments for “fixed capital 

formation”. There are a number of farm program payments which contribute to improving the stock of 

natural capital within this category. In the process of accounting for natural capital (e.g. soil productivity), 

the program payments for individual producers to enhance their stock of natural capital would be need to 

be accounted for in the measurements of environmentally adjusted TFP growth. 

One of the most prominent and consistent farm program payments under the PSE category of the fixed 

capital formation was the “property tax exemption.” The provincial and municipal governments provide 

such tax exemptions to incentivise the restoration and stewardship of environmentally sensitive farmlands. 

Tax incentives are a type of payment for ecosystem services. Instead of a direct subsidy to a landowner 

for protection or improved management of natural assets, the landowners receive a credit towards their 

tax payments.  

The Federal Ecological Gifts program is a good example of a tax deduction program in Canada. It provides 

tax deductions for landowners who either donate ecologically sensitive land or donate the rights to land 

through conservation easements. The value of the eco-gift is assessed in terms of the fair market value of 

the donation. Since the program’s inception in 1995, 1260 ecological gifts valued at over CAD 807 million 

have been donated. This represents over 180,000 hectares of protected wildlife habitat (Government of 

Canada, 2017). 

At the provincial level, such tax exemptions include: Ontario Conservation Land Tax Incentive Program; 

Ontario Managed Forest Land Tax Incentive Program; and the British Columbia Natural Area Protection 

Tax Exemption Program (Vancouver Island). The qualified lands in general are those with important natural 

heritage features, provincially significant wetlands, provincially significant areas of natural and scientific 

interest, habitats of endangered species and lands with forests classified as ‘Managed Forest’.  

The above property tax exemptions are grouped under the B2 category of PSE payments for the “input 

use for fixed capital formation” and ranged from CND 230 million (1992) to CAD 25 million (in 2002: see 

Annex Figure 4.A.5. These are the program payments for building up of “natural capital” stock; thus in a 

production account for environmentally adjusted TFP growth, these are needed to be included into the 

“capital stock” side of the extended inputs. 
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Annex Figure 4.A.5. Property tax exemption for land stewardship 

 

Source: PSE Monitoring and Evaluation reference Table-OECD. 

At the individual producer level, there were four noteworthy programs that directly paid farmers for their 

stewardship of the environment (Eagle et al., 2015). These are as follows: 

The Wildlife Crop Damage Compensation (PSE category PC 70) was originally designed to incentivize 

landowners who maintain wildlife habitat (wetlands) on their farm. Later, the program was modified to 

compensate for crop damages as a result of maintaining such wildlife. However, the intended program 

outcome is conservation of wildlife habitats. 

The Greencover Canada Program (PSE category PIV 9) helped producers improve their grassland 

management practices, protect water quality, reduce greenhouse gas emissions, and enhance biodiversity 

and wildlife habitat, for example, by planting trees and shrubs on agricultural land and establishing cover 

crops to protect soil from erosion. This was introduced under the Agricultural Policy Framework (2003 to 

2008). The participation was voluntary but the programs were made conditional on developing an 

environmental farm plan by the applicant. Farmers were instructed to use a confidential process to 

systematically identify environmental risks and benefits from their farming operation, and to develop an 

action plan to mitigate the risks (Office of the Auditor General of Canada, 2008).  

The National Farm Stewardship Program (PSE category PIF 8) supported the adoption of environmentally 

beneficial practices by agricultural producers in the management of land, water, air, and biodiversity, for 

example, by improving on-farm storage and handling of agricultural waste, and building fencing to prevent 

livestock damage adjacent to waterways.  

The Cover Crop Protection Program (PSE category PHNR 29) assisted farmers in planting cover crops on 

flooded croplands to mitigate further soil erosion with such flooding. 

The level of support from these four programs from 1986 to 2019 are in Annex Figure 4.A.6. The significant 

increase of these land and wildlife stewardship program payments happened under the five-year program 

suites of the Agricultural Policy Framework (APF) from 2003 to 2008. However, since the end of the APF 

programs in 2009, only the wildlife crop damage compensation is still in effect. Collectively, all these 

programs never exceeded CND 140 million during that period. 
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Annex Figure 4.A.6. Payments for environmental stewardship in Canada 

 

Source: PSE Monitoring and Evaluation reference Table-OECD. 

Conclusions 

Agricultural program payments directly based on the current outputs and inputs play an important role in 

the prices received and paid for by farmers, particularly from mid-1980s to 2000s, in Canada. Their 

exclusion in the price indices for the TFP measurements would inflate implicit output quantities and deflate 

implicit input quantities. Depending on the size of these program payments, these omissions could cause 

biases in the TFP measurements. 

The current approach in the PACA to include these program payments is based on the basic price concept 

of the System of National Accounts and the recommended methods of the OECD productivity manual. To 

use the basic price as the “true price” faced by the producer, the program implementation criteria needs to 

be at the level of per unit of output or input of current production. The payments in this manner have a 

“direct” impact on the program recipient’s production decisions. Hence, production decisions are influenced 

or coupled to the program support. If the program support is not related to the current output or input use 

at the level of per unit of output or input, such “direct” impact is absent and therefore unlikely to play a role 

in “true prices” faced by the producers, as the case with all the decoupled support payments. 

Some program payments could contribute to “natural capital” stock of farms in the extended input classes 

for environmentally adjusted TFP measurements. However, the relative significance of such programs in 

Canada in the recent past has declined.  
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Increasing food supply relative to greenhouse gas (GHG) emissions is 

essential for the agricultural sector, but conventional total factor productivity 

(TFP) measures do not consider GHG emissions. This chapter discusses 

the various possibilities for the empirical analyst to adjust agricultural TFP 

analysis for GHG emissions. We argue that the relatively new multi-

equation modelling approach is suitable for implementing GHG emissions 

in the production technology and computing their shadow price. We 

propose a natural extension to the growth accounting approach to adjust for 

GHG emissions, as well as propose a method to model the ability of the 

forestry sector to serve as a carbon sink over time. An empirical application 

at the country level illustrates the potency of both approaches. 

  

5  Non-commodity (bad) outputs: 

GHG emissions 
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5.1. Introduction 

Total factor productivity (TFP) growth is commonly characterised as the output growth that cannot be 

explained by input growth (e.g. Alston, 2018). Traditionally, the focus has been on marketed quantities of 

inputs and outputs, which leaves TFP growth largely unexplained. Jorgenson and Griliches (1967) 

hypothesise that taking into account all quantities of inputs and outputs of the production process would 

render the observed TFP growth negligible.1 

The current chapter can be seen as a step to open the black box of agricultural TFP growth by explicitly 

considering GHG emissions, an important by-product of agricultural production that is non-marketed in the 

sector. GHG emissions from agriculture account for almost one quarter of total GHG emissions (Pachauri 

et al., 2014), making its decoupling from agricultural production instrumental for tackling climate change. 

Extending TFP measures with GHG emissions is in this light useful for monitoring purposes. 

The remainder of this chapter is structured as follows. The following section reviews the most prominent 

ways to model pollution in the production technology, followed by a demonstration of how the duality 

principle can be employed to compute the shadow price of pollution. Then, we turn to the introduction of 

pollution-augmented TFP indices, covering both theoretical and empirical approaches. Subsequently, we 

focus on modelling forests as a separate abatement technology that serves as a carbon sink. We apply 

the augmented TFP indices to respectively 172 and 170 countries2 for the years 1992-2016 hereafter. The 

final section concludes. 

5.2. Modelling pollution in the production technology 

Let 𝑥 = (𝑥1, … , 𝑥𝑀) ∈ ℝ+
𝑀 be the vector of marketed input quantities that is transformed to the vector 

marketed output quantities, 𝑦 = (𝑦1, … , 𝑦𝑁) ∈ ℝ+
𝑁. This production process also yields a vector of pollution 

quantities, 𝑧 = (𝑧1, … , 𝑧𝐹) ∈ ℝ+
𝐹 . Following Førsund (2021), we distinguish between “single-equation 

modelling” and “multi-equation modelling” of pollutants in the production technology. The main distinction 

between the two approaches is related to the assumptions imposed on 𝑧. 

Single-equation modelling of pollutants 

Earlier studies employed single-equation modelling of pollutants, extending the conventional technology 

with pollution within the same technology set. Baumol and Oates (1988) proposed in an influential 

handbook to treat 𝑧 as strongly disposable inputs. Obviously, pollution is not an input in the production 

process from the physical perspective. However, the empirical question is whether it can be modelled as 

a strongly disposable input. The rationale for doing so is that the level of pollution is positively correlated 

with the level of output, as is the case for strongly disposable inputs. Under this framework, the pollution-

adjusted technology set 𝑇 can be defined by the following transformation function 𝑓(𝑥, 𝑦, 𝑧): 

𝑇 = {(𝑥, 𝑦, 𝑧) ∈ ℝ𝑀+𝑁+𝐹|𝑓(𝑥, 𝑦, 𝑧) ≤ 0} (1) 

Following, for instance, Chambers et al. (1998), we assume that 𝑇 is closed and convex, inputs and good 

outputs are strongly disposable, there is no free lunch, and inaction is possible. Strong disposability of 

inputs and good outputs can be represented formally by the following monotonicity assumptions, 

respectively3: 

𝑓𝑥(𝑥, 𝑦, 𝑧) ≤ 0 (2) 

𝑓𝑦(𝑥, 𝑦, 𝑧) ≥ 0 (3) 

Regarding the bad outputs 𝑧, the following monotonicity assumption is imposed: 

𝑓𝑧
𝑆𝐷(𝑥, 𝑦, 𝑧) ≤ 0 (4) 
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Examples of this approach include Tyteca (1997), Reinhard et al. (1999), Hailu and Veeman (2001a), and 

Yang and Pollitt (2009). For a comprehensive overview, we refer to Dakpo and Ang (2019). 

The observation that pollution is an output from the physical perspective has led to alternative modelling 

strategies. To account for the fact that the level of pollution is positively correlated with the level of output 

as well as that it can be abated, Färe et al. (1986) assume that pollution is subject to null-jointness (that is, 

it is possible not to produce and not emit pollution) and can be modelled as a weakly disposable output. 

The latter means that pollution reduction requires reduction of conventional output quantities by the same 

factor: 

(𝑦, 𝑧) ∈ 𝑇 ⇒ (𝜃𝑦, 𝜃𝑏) ∈ 𝑇  for 0 ≤ 𝜃 ≤ 1 (5) 

The weak disposability assumption is mostly oriented towards data envelopment analysis (DEA). The 

assumption is generally imposed as an equality constraint in envelopment models. This restriction allows 

for local parts of the production space with negative trade-off between good and bad outputs. It implies 

that, in contrast to 𝑓𝑧
𝑆𝐷(𝑥, 𝑦, 𝑧) the sign of 𝑓𝑧

𝑊𝐷(𝑥, 𝑦, 𝑧) is ambiguous: 

𝑓𝑧
𝑊𝐷(𝑥, 𝑦, 𝑧) ⋚ 0.4 (6) 

As mentioned by Dakpo et al. (2016) and Førsund (2021), this approach is presently the most popular one, 

as evidenced by hundreds of studies. 

Multi-equation modelling of pollutants 

Coelli et al. (2007), Førsund (2009), and Murty et al. (2012), among others, criticise the single-equation 

modelling approach because it imposes untenable axiomatic assumptions on the technology set that may 

violate the materials balance condition. This can be most evidently seen if 𝑧 were modelled as a strongly 

disposable input. In this case, pollution can substitute for all inputs in the production. However, when 

employing pollution-generating inputs (e.g. coal), the materials balance would dictate an increase in 

pollution (e.g., CO2 emissions), holding all other inputs and outputs constant, which contradicts the 

modelling assumption of substitution. Coelli et al. (2007) and Murty et al. (2012) illustrate that such a 

violation of the materials balance condition would also occur if pollution were modelled as a weakly 

disposable output. 

In what follows, it is convenient to partition 𝑥 into a sub-vector of polluting inputs, 𝑥𝑝 ∈ ℝ+
𝐽
, and sub-vector 

of non-polluting inputs, 𝑥𝑛𝑝 ∈ ℝ+
𝐾. Murty et al. (2012) propose to model the pollution-adjusted technology 

𝑇𝑀𝑅𝐿 as the intersection between a conventional and a polluting sub-technologies following some 

discussion in Frisch (1965):5 

𝑇𝑀𝑅𝐿 = 𝑇1 ∩ 𝑇2 = {(𝑥𝑝 , 𝑥𝑛𝑝, 𝑦, 𝑧) ∈ ℝ
𝑀+𝑁+𝐹|𝑥𝑝 and 𝑥𝑛𝑝  can produce 𝑦 and 𝑧} (7) 

with 

𝑇1
𝑀𝑅𝐿 = {(𝑥𝑝, 𝑥𝑛𝑝 , 𝑦) ∈ ℝ

𝑀+𝑁+𝐹|𝑔(𝑥𝑝, 𝑥𝑛𝑝, 𝑦) ≤ 0} (8) 

𝑇2
𝑀𝑅𝐿 = {(𝑥𝑝, 𝑧) ∈ ℝ

𝐹+𝐽|𝑧 ≥ ℎ(𝑥𝑝)} (9) 

𝑇1
𝑀𝑅𝐿 represents the conventional sub-technology. As before, we assume that inputs and outputs are 

strongly disposable: 

𝑔𝑥(𝑥, 𝑦) ≤ 0 (10) 

𝑔𝑦(𝑥, 𝑦) ≥ 0 (11) 

𝑇2
𝑀𝑅𝐿 represents the residual-generation sub-technology, in which costly disposability is assumed: 

ℎ𝑥𝑝(𝑥𝑝) > 0 (12) 
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5.3. Shadow price of pollution 

Goods and services are not always marketed, yet producers may still derive value from them as "shadow 

prices". As underlined by Starrett (2000 p. 16), shadow prices "play the same role in allocation as do market 

prices for traded goods". Shadow prices reflect the private cost incurred by producers for reducing pollution 

in terms of foregone profit. They differ in this sense from the social costs of externalities (e.g. health issues, 

water, and air pollution). The estimated shadow prices can be used in environmental regulations like 

carbon taxation, as it is directed to affect production behaviour. 

Let 𝑝 = (𝑝1, … , 𝑝𝑁) ∈ ℝ+
𝑁 and 𝜇 = (𝜇1, … , 𝜇𝐹) ∈ ℝ+

𝐹  respectively be the observed vector of output prices and 

the unobserved vector of shadow prices of pollution.  

Single-equation modelling of pollutants 

The pseudo-revenue maximization problem subject to the pollution-adjusted technology 𝑓(𝑥, 𝑦, 𝑧) is 

defined as: 

𝑅 = max
𝑦,𝑧

𝑝𝑦 − 𝜇𝑧 𝑠. 𝑡. 𝑓(𝑥, 𝑦, 𝑧) ≤ 0 (13) 

From the first order conditions, we can compute shadow price 𝜇 as follows: 

𝜇 = −𝑝
𝑓𝑧(𝑥,𝑦,𝑧)

𝑓𝑦(𝑥,𝑦,𝑧)
 (14) 

If we can assume economic behaviour and have information on the pollution-adjusted technology and the 

output price, we are thus able to uncover the shadow price. The magnitude and sign of 𝜇 depend on the 

axiomatic properties imposed on the transformation function 𝑓(𝑥, 𝑦, 𝑧). 

If we model 𝑧 as a strongly disposable input, we use the transformation function 𝑓𝑆𝐷(𝑥, 𝑦, 𝑧). In this case, 

we have: 

𝜇𝑆𝐷 = −𝑝
𝑓𝑧
𝑆𝐷(𝑥,𝑦,𝑧)

𝑓𝑦
𝑆𝐷(𝑥,𝑦,𝑧)

≥ 0 (15) 

Here, 𝜇𝑆𝐷 is non-negative, as we have imposed the monotonicity properties of pollution and output, 

respectively, as 𝑓𝑧
𝑆𝐷(𝑥, 𝑦, 𝑧) ≤ 0 and 𝑓𝑦

𝑆𝐷(𝑥, 𝑦, 𝑧) ≥ 0. 

If we model 𝑧 as a weakly disposable output, we use the transformation function 𝑓𝑊𝐷(𝑥, 𝑦, 𝑧). In this case, 

we have (in the DEA framework): 

𝜇𝑊𝐷 = −𝑝
𝑓𝑧
𝑊𝐷(𝑥,𝑦,𝑧)

𝑓𝑦
𝑆𝐷(𝑥,𝑦,𝑧)

⋚ 0 (16) 

Here, the sign of 𝜇𝑊𝐷 is ambiguous, for we have imposed the monotonicity properties of pollution and 

output, respectively, as 𝑓𝑧
𝑊𝐷(𝑥, 𝑦, 𝑧) ⋚ 0 and 𝑓𝑦

𝑆𝐷(𝑥, 𝑦, 𝑧) ≥ 0. 

Multi-equation modelling of pollutants 

If we implement 𝑧 in the multi-equation modelling framework, then using the implicit function theorem, we 

can define 𝑥𝑝 = 𝑙(𝑧) and write for a weakly efficient observation (Murty et al., 2012; Dakpo and Ang, 2019): 

𝑔(𝑙(𝑧), 𝑥𝑛𝑝, 𝑦) = 0, (17) 

which yields the following trade-off: 

𝑑𝑦

𝑑𝑧
= −

𝛿𝑔

𝛿𝑥𝑝

𝛿𝑙

𝛿𝑧
≥ 0 (18) 
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Maximising the pseudo-revenue function then yields: 

𝜇𝑀𝑅𝐿 = −𝑝
𝛿𝑔

𝛿𝑥𝑝

𝛿𝑙

𝛿𝑧
≥ 0 (19) 

Pollution-adjusted TFP measures 

This section describes how pollution can be modelled in a TFP framework using a theoretical and empirical 

approach. 

Conventional TFP measures considering marketed inputs and outputs are usually categorised in two 

approaches (e.g. Lovell, 2016). In the theoretical approach, one estimates production functions, which in 

practice boils down to the computation of distance functions. This only requires information on the 

quantities of inputs and outputs. Examples include Malmquist, Hicks-Moorsteen and Färe-Primont indices. 

No such estimation is needed in the empirical approach, by which, however, not only information on 

quantities but also on prices is needed. An important example of the latter is the Törnqvist-Theil index, a 

growth accounting measure. 

In the theoretical approach, extension of TFP measures with pollutants necessitates accurate modelling of 

production technology, as described above. Since GHG emissions are non-marketed in the agricultural 

sector, they do not have an observed price. Nevertheless, it is possible to recover the shadow price of 

GHG emissions from the technological characteristics by exploiting the dual relationship to the profit 

function. These shadow prices can be used in conjunction with market prices and quantities to compute 

pollution-adjusted TFP growth in the empirical approach. 

How should pollution-adjusted TFP growth be conceptualised? Conventional TFP growth straightforwardly 

rewards output growth and penalises input growth. Pollution-adjusted TFP indices should reward output 

growth and penalise pollution growth. The treatment of polluting inputs is, however, less obvious. On the 

one hand, one may argue that they should be penalised, for increases in pollution-generating inputs 

decrease TFP for a given aggregate production level. On the other hand, one may argue that they should 

be rewarded, as increases in the polluting inputs per unit of pollution indicate a decrease in pollution 

intensity in the by-production technology. Moreover, increases in the polluting inputs require abatement at 

the cost of production to keep the pollution level constant. The overall effect of polluting inputs is thus 

ambiguous. 

Theoretical approach 

Single-equation modelling 

The single-equation modelling approach has traditionally been used to generate pollution-adjusted TFP 

measures. Treating pollutants as strongly disposable inputs in an input distance function framework, Hailu 

and Veeman (2000) and Hailu and Veeman (2001b) develop Chavas-Cox and Malmquist TFP indices 

adjusted for pollution, respectively, by which the level of all inputs is contracted for a given level of outputs 

and pollutants. 

Starting with Pittman (1983) and through popularisation by Färe, Grosskopf, and co-authors, pollution is 

often treated as a weakly disposable output within a TFP framework. This is done by computing hyperbolic 

distance functions or directional distance functions. Formulations include the Luenberger indicator (Azad 

and Ancev, 2014), Malmquist-Luenberger indicator (Chung et al., 1997), Hicks-Moorsteen index, and 

Luenberger-Hicks-Moorsteen indicator (Abad, 2015). These pollution-adjusted TFP measures have in 

common that they reward output growth and penalise pollution growth for a given level of input use. 
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Multi-equation modelling 

Recently, there have been several attempts to develop pollution-adjusted TFP indices within a multi-

equation modelling framework, which is done by computing directional distance functions or radial distance 

functions. Baležentis et al. (2021) develop a Luenberger indicator that rewards output growth and penalises 

pollution growth, keeping the level of all inputs constant. Dakpo et al. (2019) introduce a Färe-Primont 

index that rewards output growth and penalises pollution growth and non-pollution-generating inputs, 

keeping the level of pollution-generating inputs constant. 

Empirical approach 

Single-equation modelling 

Brandt et al. (2014), Dang and Mourougane (2014a; 2014b), and Cardenas et al. (2011) use single-

equation modelling to extend a growth accounting TFP framework with pollution and natural capital. Here, 

we focus on their implementation of pollution and employ the notation of this chapter for coherence. Their 

approach assumes that pollution can be modelled as a strongly disposable input. Denoting time by 𝑡, we 

thus have 𝑓𝑆𝐷(𝑥, 𝑦, 𝑧, 𝑡) ≤ 0. Log-differentating 𝑓𝑆𝐷(𝑥, 𝑦, 𝑧, 𝑡) with respect to time yields the following 

pollution-adjusted TFP measure of the Törnqvist-Theil-type: 

𝑑 ln(𝑓𝑆𝐷(𝑥, 𝑦, 𝑧, 𝑡))

𝑑𝑡
= −∑휀𝑓𝑦𝑖

𝑆𝐷

𝑑 ln 𝑦𝑖
𝑑𝑡

𝑀

𝑖

−∑휀𝑓𝑦𝑖
𝑆𝐷

𝑑 ln 𝑧𝑖
𝑑𝑡

𝐹

𝑖

−∑휀𝑓𝑦𝑖
𝑆𝐷

𝑑 ln 𝑥𝑖
𝑑𝑡

𝑁

𝑖

 

≡ ∑
𝑝𝑖𝑦𝑖

𝑝𝑦−𝜇𝑧

𝑑 ln 𝑦𝑖

𝑑𝑡

𝑀
𝑖 −∑

𝜇𝑖𝑧𝑖

𝑝𝑦−𝜇𝑧

𝑑 ln 𝑧𝑖

𝑑𝑡

𝐹
𝑖 − ∑

𝑤𝑖𝑥𝑖

𝑤𝑥

𝑑 ln 𝑥𝑖

𝑑𝑡

𝑁
𝑖 ,  (20) 

where 휀𝑓𝑑𝑖
𝑆𝐷 denotes the elasticity of 𝑓𝑆𝐷(𝑥, 𝑦, 𝑧, 𝑡) with respect to 𝑑𝑖. We refer to Brandt et al. (2014, p. 26-

28) for the analytical derivation. Even though they use an output distance function that evaluates the 

frontier for maximum simultaneous expansion of output and pollution, pollution is axiomatically treated as 

a strongly disposable input in which 𝑓𝑧
𝑆𝐷(𝑥, 𝑦, 𝑧) ≤ 0.  This equation clarifies that the elasticity is linked to 

the (shadow) prices. Since Brandt et al. (2014) use an output distance function that evaluates the frontier 

for maximum simultaneous expansion of output and pollution, the abatement cost of pollution is expressed 

in relation to the quasi-revenue, 𝑝𝑦 − 𝜇𝑧. The correct specification of the production technology and 

resulting shadow price is thus essential for accurately measuring pollution-adjusted TFP growth. Observe 

that equation (18) rewards output growth and penalises increases in all inputs and pollution. 

Multi-equation modelling 

To the best of our knowledge, there are no studies yet employing the empirical approach to multi-equation 

modelling. The empirical application of the current Chapter presents such a method. 

Estimation 

Thus far, we have remained silent on how the production technology can be estimated. Estimation is, 

however, essential for both the theoretical and empirical approach to pollution-adjusted TFP measurement. 

All methods described below represent the production technology by distance functions. 

Data Envelopment Analysis 

Data Envelopment Analysis (DEA) is a popular way to approximate the production technology using linear 

programming. The main advantage is its ability to be operational under minimal assumptions on 

disposability and convexity. In the DEA context, pollution has traditionally been implemented in a 
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productivity framework using single-equation modelling, both as a strongly disposable input (Reinhard 

et al., 2000) and weakly disposable output (Piot-Lepetit and Le Moing, 2007). To this end, recent attempts 

also focus on multi-equation modelling (Dakpo et al., 2019; Baležentis et al., 2021). 

DEA has also been employed for computing the shadow prices of pollutants. Piot-Lepetit and Vermersch 

(1998) treat pollution as a weakly disposable output, while Chambers et al. (2014) and Dakpo et al. (2017) 

use multi-equation modelling. 

A disadvantage of DEA is that it is deterministic. Deviations from the production frontier are entirely 

attributed to inefficiency, thus ignoring statistical noise and making the computation sensitive to outliers. 

Moreover, non-unique shadow prices arise at the "kinks" in the frontier.  

Goal programming 

Like DEA, the goal programming approach of Aigner and Chu (1968) allows deterministic estimation of the 

production frontier and corresponding shadow prices. Here, one assumes a functional form and solves a 

linear or quadratic programming problem. Just like DEA, one can easily impose monotonicity assumptions. 

The main advantage in comparison to DEA is that the approximated production frontier is smooth. For this 

reason, it is still being used often, especially in the context of shadow-pricing. Färe et al. (2005) apply goal 

programming to compute the shadow price, assuming that the pollutant is a weakly disposable output. 

Goal programming shares the problems of ignoring statistical noise and making the computation sensitive 

to outliers with DEA. Moreover, it is prone to misspecification of the functional form. 

Stochastic Frontier Analysis 

Stochastic Frontier Analysis (SFA) decomposes the deviation from the production frontier into inefficiency 

and statistical noise. In the SFA context, pollution has often been implemented in a productivity framework 

using single-equation modelling, both as a strongly disposable input (Reinhard et al., 1999; Reinhard et 

al., 2000) and weakly disposable output (Färe et al., 2005). Recent attempts also focus on multi-equation 

modelling to this end (Kumbhakar and Tsionas, 2016; Lai and Kumbhakar, 2021). 

SFA has also been employed for computing shadow prices of pollutants, especially in the context of single-

equation modelling (Malikov et al., 2018). 

SFA is prone to misspecification of the functional form. Moreover, imposing monotonicity constraints is not 

trivial in this context. 

Forests as carbon sinks 

GHG emissions can be absorbed by carbon sinks, with forests being the most notable example. 

Let 𝐿 > 0 be the forest land area that contains carbon stock 𝐶 > 0. The forest technology set 𝑆 can be 

defined by the following transformation function 𝑟(𝐿, 𝐶): 

𝑆 = {(𝐿, 𝐶) ∈ ℝ2|𝑟(𝐿, 𝐶) ≤ 0} (21) 

Strong disposability of land and carbon stock can be represented by the following monotonicity 

assumptions, respectively: 

𝑟𝐿(𝐿, 𝐶) ≤ 0 (22) 

𝑟𝐶(𝐿, 𝐶) ≥ 0 (23) 
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Application: GHG emission-adjusted TFP growth 

Data 

Our measure of GHG-emission-adjusted TFP growth requires data on inputs, outputs, and GHG 

emissions. The data on inputs and outputs are drawn from the database from the United States Department 

of Agriculture – Economic Research Service (USDA-ERS), which is described in detail by Fuglie et al. 

(2012) and Fuglie (2015). We distinguish one output and six inputs. The output is the total gross agricultural 

production (in constant $1,000 2004-2006 prices). The inputs include land (in 1 000 hectares of rainfed 

cropland equivalents), labour (in 1,000 persons), livestock inventory (in 1 000 head of cattle-equivalents 

by size), machinery (in number of 40-CV tractor-equivalents), synthetic fertilisers (in metric tonnes of N, 

P2O5, and K2O nutrients) and feed (in metric tonnes of dry matter 89%). Livestock inventory, synthetic 

fertilisers, and land are regarded as GHG-emitting inputs. The total agricultural GHG emissions also 

contain components from net forest conversion and fires in organic soils and tropical forests. Therefore, 

agricultural land is considered as a GHG-emitting input. GHG emissions are drawn from the FAOSTAT 

database. Table 5.1 shows the summary statistics. 

Table 5.1. Descriptive statistics of the data during 1992-2016 

Variables 1. Quartile 3. Quartile Mean Median Standard 

deviation 

Agricultural output (total value of crop and animal 
production using constant 2004-2006 global average 

farmgate prices, in $1000 purchasing-power-parity dollars) 

476,657.9 7,078,572.0 11,910,911.1 2,327,290.5 42,428,952.8 

Agricultural land - 1000 hectares of rainfed-cropland-
equivalents (rainfed cropland, irrigated Cropland and 

pasturement pasture, weighted by relative quality - see 

Land Weights) 

501.5 7,144.6 12582.8 2575.0 38,383.5 

Labour (1000 persons economically active in agriculture,  

15+ yrs, male & female) 
136.0 2,951.3 5,872.4 711.5 29,966.9 

Livestock (1000 head of cattle-equivalents) 582.9 9,217.3 11,631.2 2,669.8 35,176.6 

Machinery - number of 40-CV tractor-equivalents of farm 
machinery in use (includes tractors, harvester-threshers,  

milking machines, water pumps) 

1,179.7 99,029.8 219,225.0 11,309.6 803,679.7 

Fertilizer (Metric tonnes) 5,100.0 363,500.0 880,849.9 54,199.8 3,843,597.8 

Feed (1000 Mcal of Metabolizable Energy (ME)) 350,307.6 14,913,870.5 22,406,370.5 2,881,231.6 76,453,343.6 

Total GHG Agricultural land GHG emissions (CO2 eq) 3,932.9 51,388.3 69,680.0 14,462.8 195,307.0 

Agricultural land (factor share) 0.11 0.32 0.23 0.23 0.11 

Labor (factor share) 0.22 0.37 0.28 0.25 0.11 

Livestock (factor share) 0.05 0.31 0.17 0.16 0.11 

Machinery (factor share) 0.02 0.16 0.10 0.09 0.08 

Fertilizer (factor share) 0.06 0.13 0.11 0.06 0.08 

Feed (factor share) 0.05 0.12 0.11 0.09 0.07 

Number of observations 4,300 
    

Method 

Here, we propose a growth accounting approach in line with Brandt et al. (2014), Dang and Mourougane 

(2014a; 2014b), and Cardenas et al. (2011) that builds on the insights of the by-production approach yet 

is still empirically tractable. 

Let us first consider the following conventional TFP change measure of the Törnqvist-Theil-type with regard 

to 𝑇1
𝑀𝑅𝐿: 
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𝑑 ln(𝑔(𝑥,𝑦,𝑡))

𝑑𝑡
= ∑

𝑝𝑖𝑦𝑖

𝑝𝑦

𝑑 ln 𝑦𝑖

𝑑𝑡

𝑀
𝑖 − ∑

𝑤𝑛𝑝𝑖𝑥𝑖

𝑤𝑥

𝑑 ln 𝑥𝑛𝑝𝑖

𝑑𝑡

𝐾
𝑖 − ∑

𝑤𝑝𝑖𝑥𝑝𝑖

𝑤𝑥

𝑑 ln 𝑥𝑝𝑖

𝑑𝑡

𝐽
𝑖 , (24) 

where 𝑤 = (𝑤1, … , 𝑤𝑁) ∈ ℝ+
𝑁 represents the vector of input prices in the conventional sub-technology, 

𝑇1
𝑀𝑅𝐿. Here, 𝑤 is further partioned into a sub-vector of prices of the polluting inputs, 𝑤𝑝 ∈ ℝ+

𝐽
, and sub-

vector of the prices of the non-polluting inputs, 𝑤𝑛𝑝 ∈ ℝ+
𝐾. This equation is the classical measure of TFP 

change in which output growth is compared to input growth. The outputs (inputs) are weighted by their 

revenue (cost) share. 

Then, let us consider the following productivity change measure with regard to the by-production 

technology of the Törnqvist-Theil-type with regard to 𝑇2
𝑀𝑅𝐿: 

𝑑 ln(ℎ(𝑥𝑝,𝑡))

𝑑𝑡
= ∑

𝑐𝑖𝑥𝑝𝑖

𝑐𝑥𝑝

𝑑 ln 𝑥𝑝𝑖

𝑑𝑡

𝐽
𝑖 −

𝑑 ln 𝑧

𝑑𝑡
. (25) 

where 𝑐 = (𝑐1, … , 𝑐𝐽) ∈ ℝ+
𝐽
 represents the vector of shadow prices of the polluting inputs in the by-

production sub-technology, 𝑇2
𝑀𝑅𝐿. Here, the growth in polluting input is compared to growth in GHG 

emissions. Observe that equation (25) rewards growth in polluting input and penalises growth in GHG 

emissions. The polluting inputs are weighted by their cost share expressed in shadow prices in 𝑇2
𝑀𝑅𝐿. The 

shadow prices 𝑐 differ from the market prices 𝑤𝑝 expressed in 𝑇1
𝑀𝑅𝐿. 

Let 𝑓𝑀𝑅𝐿(𝑥, 𝑦, 𝑧, 𝑡) be the function representing the intersection of the conventional technology and the by-

production technology, where 𝑡 denotes time. We assume it can be represented as 𝑓𝑀𝑅𝐿(𝑥, 𝑦, 𝑧, 𝑡) =

𝑔(𝑥, 𝑦, 𝑡)ℎ(𝑥𝑝 , 𝑡). Log-differentiating 𝑓𝑀𝑅𝐿(𝑥, 𝑦, 𝑧, 𝑡) with respect to time and assuming that there is only one 

pollutant yield the following GHG-emission-adjusted TFP measure of the Törnqvist-Theil-type: 

𝑑 ln(𝑓𝑀𝑅𝐿(𝑥, 𝑦, 𝑧, 𝑡))

𝑑𝑡
=
𝑑 ln(𝑔(𝑥, 𝑦, 𝑡))

𝑑𝑡
+
𝑑 ln (ℎ(𝑥𝑝, 𝑡))

𝑑𝑡
 

≡ [∑
𝑝𝑖𝑦𝑖

𝑝𝑦

𝑑 ln 𝑦𝑖

𝑑𝑡

𝑀
𝑖 −∑

𝑤𝑛𝑝𝑖𝑥𝑖

𝑤𝑥

𝑑 ln 𝑥𝑛𝑝𝑖

𝑑𝑡

𝐾
𝑖 − ∑

𝑤𝑝𝑖𝑥𝑝𝑖

𝑤𝑥

𝑑 ln 𝑥𝑝𝑖

𝑑𝑡

𝐽
𝑖 ] + [∑

𝑐𝑖𝑥𝑝𝑖

𝑐𝑥𝑝

𝑑 ln 𝑥𝑝𝑖

𝑑𝑡

𝐽
𝑖 −

𝑑 ln 𝑧

𝑑𝑡
] . 26 

Equation (26) shows that GHG-emission-adjusted TFP growth can be decomposed into components of 

conventional TFP growth in the conventional sub-technology, 
𝑑 ln(𝑔(𝑥,𝑦,𝑡))

𝑑𝑡
, and productivity growth in the by-

production sub-technology, 
𝑑 ln(ℎ(𝑥𝑝,𝑡))

𝑑𝑡
. It also makes explicit the ambiguous contribution of growth in the 

polluting inputs. If ∑
𝑤𝑝𝑖𝑥𝑝𝑖

𝑤𝑥

𝑑 ln𝑥𝑝𝑖

𝑑𝑡
> ∑

𝑐𝑖𝑥𝑝𝑖

𝑐𝑥𝑝

𝑑 ln 𝑥𝑝𝑖

𝑑𝑡

𝐽
𝑖

𝐽
𝑖 , the net contribution is negative, and vice versa. However, 

the polluting inputs and GHG emissions do not have observed prices in the by-production technology, 

which complicates computation of 𝑐. Adopting the distance function framework of Dakpo et al. (2019) to 

the current growth accounting framework, we propose the following simplified GHG-emission-adjusted TFP 

measure,  

𝑑 ln(𝐺𝐻𝐺𝑇𝐹𝑃)

𝑑𝑡
:
𝑑 ln(𝐺𝐻𝐺𝑇𝐹𝑃)

𝑑𝑡
= ∑

𝑝𝑖𝑦𝑖

𝑝𝑦

𝑑 ln 𝑦𝑖

𝑑𝑡

𝑀
𝑖 −∑

𝑤𝑛𝑝𝑖𝑥𝑛𝑝𝑖

𝑤𝑥

𝑑 ln 𝑥𝑛𝑝𝑖

𝑑𝑡

𝐾
𝑖 −

𝑑 ln 𝑧

𝑑𝑡
. (27) 

Let us compare equation (27) to the proposal of Brandt et al. (2014), Dang and Mourougane (2014a; 

2014b) and Cardenas et al. (2011). Similarly, the proposed measure rewards increases in production and 

penalises growth in non-polluting inputs and pollution, using revenue shares and cost shares. By contrast, 

we disregard changes in the polluting inputs because of their ambiguous contribution. Moreover, since 

there is only one pollutant being considered in a separate by-production sub-technology, we do not need 

to compute its shadow price for cost share purposes. 

Results 

The TFP results can be found in Table 5.2. The results are presented by aggregating countries per region. 

The countries in each region can be found in Table 4.4 in Fuglie (2010). 
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Table 5.2. Average annual growth rate (%) of GHG-emission-adjusted TFP over 1992-2016 

Variables 
𝑑 ln(𝑔(𝑥, 𝑦, 𝑡))

𝑑𝑡
 

𝑑 ln (ℎ(𝑥𝑝, 𝑡))

𝑑𝑡
 

𝑑 ln(𝐺𝐻𝐺𝑇𝐹𝑃)

𝑑𝑡
 

Africa, Developed (South Africa) 2.50 -0.4 2.10 

Sub-Saharan Africa (except South Africa) 0.62 0.9 1.51 

Latin America & Caribbean 1.76 1.8 3.60 

North America (Canada & United States) 1.78 0.3 2.10 

Asia 2.67 0.7 3.44 

Europe 1.00 0.4 1.42 

West Asia & North Africa 1.43 -0.3 1.11 

Oceania 1.53 1.8 3.36 

Former Soviet Union 1.96 1.0 2.95 

World 1.60 0.7 2.30 

Overall, world GHG emission-adjusted TFP has increased by 2.3% annually, which is driven by 

conventional TFP growth (1.60% per year on average) and productivity growth in the by-production 

technology (0.7% per year on average). In Latin America & Caribbean, and Oceania, the change in the 

productivity in the by-production sub-technology is the major component of the GHG-emission-adjusted 

TFP growth. While GHG TFP has increased worldwide, it has decreased in developed Africa (South Africa) 

and North Africa & West Asia. 

5.7. Application: Forests as carbon sinks 

Data 

The data on the carbon stock (carbon contained in biomass) and forest area are drawn from the FAOSTAT 

database. We consider 170 countries for the years 1992-2016. Table 5.3 shows the summary statistics.6 

Table 5.3. Descriptive statistics of forest area and carbon stock over 1992-2016 

Variables 1. Quartile 3. Quartile Mean Median Standard deviation 

Forest area (1000 hectares) 520.1 12,501.0 23,620.2 3,457.0 83,137.4 

Carbon stock in forest biomass (million tons) 32.0 875.8 1752.0 218.6 5,888.3 

Number of observations 4,250 
    

Method 

Let us denote the time period of the observation by 𝑠 and the time period of the technology by 𝑡. Consider 

the following output distance function with regard to the forest technology 𝑆: 

�⃗⃗� 𝑜
𝑡(𝐿𝑠 , 𝐶𝑠) = inf

𝜃
{𝜃 > 0| (𝐿𝑠,

𝐶𝑠

𝜃
) ∈ 𝑆𝑡}. (28) 

Equation (28) can be used as a building block of the following Malmquist productivity index (Caves et al., 

1982), which indicates the carbon stock capacity of forestry between time period 𝑡 and 𝑡 + 1, 

𝐹𝑂𝑅𝑜(𝐿
𝑡 , 𝐶𝑡 , 𝐿𝑡+1, 𝐶𝑡+1): 

𝐹𝑂𝑅𝑜(𝐿
𝑡 , 𝐶𝑡 , 𝐿𝑡+1, 𝐶𝑡+1) = √

�⃗⃗� 𝑜
𝑡(𝐿𝑡+1,𝐶𝑡+1)

�⃗⃗� 𝑜
𝑡(𝐿𝑡,𝐶𝑡)

�⃗⃗� 𝑜
𝑡+1(𝐿𝑡+1,𝐶𝑡+1)

�⃗⃗� 𝑜
𝑡+1(𝐿𝑡,𝐶𝑡)

. (29) 
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If 𝐹𝑂𝑅𝑜(𝐿
𝑡 , 𝐶𝑡 , 𝐿𝑡+1, 𝐶𝑡+1) > 1, the carbon sink capacity of forestry has increased over time, and vice versa. 

Following Färe et al. (1994), 𝐹𝑂𝑅𝑜(𝐿
𝑡 , 𝐶𝑡 , 𝐿𝑡+1, 𝐶𝑡+1) can be decomposed into components of efficiency 

change, 𝐸𝐶, and technical change, 𝑇𝐶: 

𝐹𝑂𝑅𝑜(𝐿
𝑡 , 𝐶𝑡 , 𝐿𝑡+1, 𝐶𝑡+1) = [

�⃗⃗� 𝑜
𝑡+1(𝐿𝑡+1,𝐶𝑡+1)

�⃗⃗� 𝑜
𝑡(𝐿𝑡,𝐶𝑡)

] × [√
�⃗⃗� 𝑜
𝑡(𝐿𝑡+1,𝐶𝑡+1)

�⃗⃗� 𝑜
𝑡+1(𝐿𝑡+1,𝐶𝑡+1)

�⃗⃗� 𝑜
𝑡(𝐿𝑡,𝐶𝑡)

�⃗⃗� 𝑜
𝑡+1(𝐿𝑡,𝐶𝑡)

] ≡ 𝐸𝐶 × 𝑇𝐶. (30) 

If 𝐸𝐶 > 1, there is a catch-up to the frontier over time, and vice versa. If 𝑇𝐶 > 1, there is an upward shift of 

the frontier, and vice versa. 

We approximate equation (28) using data envelopment analysis (DEA). Consider 𝐼 observations in period 

𝑡. Assuming constant returns to scale, the forest technology for observation 𝑘 in period 𝑠 is approximated 

as: 

�̂�𝑡(𝐿𝑘𝑠, 𝐶𝑘𝑠) = {(𝐿𝑘𝑠 , 𝐶𝑘𝑠)| ∑ 𝜏𝑖𝑡𝐼
𝑖=1 𝐿𝑖𝑡 ≥ 𝐿𝑘𝑠 , ∑ 𝜏𝑖𝑡𝐼

𝑖=1 𝐶𝑖𝑡 ≤ 𝐶𝑘𝑠}, (31) 

where 𝜏𝑖𝑡 are the intensity weights enveloping the data for the technology of period 𝑡. The constraints 

impose strong disposability of inputs and outputs, respectively. Applying the output distance function 

defined in equation (28) using the approximation defined in equation (31) allows computation of equations 

(29)-(30). 

Results 

The average annual growth rates of the Malmquist productivity index are presented in Table 5.4. Efficiency 

change and technical change components are also displayed. The magnitudes are generally very low. 

Overall, the carbon stock per unit of the forest area has decreased by 0.25% on average worldwide. 

Moreover, this productivity has decreased on all continents at different scales (the highest decrease being 

Europe followed by North America). The significant component of forest carbon stock productivity change 

is related to efficiency change, although its magnitude is generally small. Technical change generally 

equals unity. This means that the production possibility frontier does not change over time. 

Table 5.4. Average annual growth rate of forest carbon stock productivity over 1992-2016 

Variables Malmquist index Efficiency change Technical change 

Africa, Developed (South Africa) 1.0000 1.0000 1.0000 

Sub-Saharan Africa (except South Africa) 0.9998 0.9998 1.0000 

Latin America & Caribbean 0.9998 0.9998 1.0000 

North America (Canada & United States) 0.9977 0.9977 1.0000 

Asia 0.9992 0.9992 1.0000 

Europe (except USSR republics) 0.9912 0.9912 1.0000 

West Asia & North Africa 0.9981 0.9981 1.0000 

Oceania 0.9925 0.9926 1.0000 

Former Soviet Union 0.9995 0.9995 1.0000 

Conclusions 

This chapter focuses on how to appropriately adjust TFP measurement for GHG emissions. We make a 

distinction between single-equation modelling approaches and multi-equation modelling approaches to 

inclusion of pollutants in general, and GHG emissions in particular. Although single-equation modelling 

approaches have been used most often in empirical applications, the relatively new multi-equation 

modelling approaches are more accurate. 
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This chapter presents a GHG-emission-adjusted TFP measure based on growth accounting that 

incorporates the insights from multi-equation modelling approaches. It also presents a productivity 

measure that incorporates the carbon stock of forests. We apply the approaches to respectively 172 and 

170 countries for the years 1992-2016. 

The results show that world GHG emission-adjusted TFP has increased by 2.3% annually, which is driven 

by conventional TFP growth (1.60% per year on average) and productivity growth in the by-production 

technology (0.7% per year on average). The forest carbon stock productivity has decreased by 0.25% per 

year, which is driven by efficiency change rather than technical change. The magnitudes are generally 

found to be very low. 

We have several recommendations for future research. First, there is a need to apply the proposed 

approaches to richer datasets than the USDA-ERS dataset used here. In particular, the data underlying 

agricultural productivity growth at the country level should be enriched. Various input data (e.g. pesticides, 

seeds, veterinary pharmaceuticals, energy and services from farm structures) are missing. Moreover, the 

USDA-ERS dataset contains various imputations. Such country-level analysis should be complemented 

with farm-level analysis. Second, our analysis using a GHG-emission-adjusted TFP measure based on 

growth accounting should be complemented with technology-based approaches using DEA and/or 

econometric methods. Third, a more in-depth exploratory analysis comparing the GHG-emission-adjusted 

TFP change to forest carbon stock productivity change would yield interesting insights. 
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Notes

1 The authors of this chapter are F. Ang, Business Economics Group, Wageningen University, The Netherlands; 
K.H. Dakpo, Université Paris-Saclay, INRAE, AgroParisTech, Economie Publique, France and Agricultural Economics 
and Policy Group, ETH Zürich, Switzerland; and S. Pieralli, School of Agriculture and Environment, Massey University, 
New Zealand. 

2 For data availability and comparability over time, some countries are grouped together. For instance, Belgium and 
Luxembourg are grouped together. 

3 In the current notation, the subscript refers to the partial derivative with regard to this subscript. For instance, 

𝑓𝑥(𝑥, 𝑦, 𝑧) =
𝛿𝑓(𝑥,𝑦,𝑧)

𝛿𝑥
. 

4 The weak disposability assumption has been discussed by Shephard (1970) as a way to model undesirable output. 
Shephard has not formulated a DEA version of the concept.  

5 To keep our exposition focused, we abstract from the possibility to abate in this section. Following Murty et al. (2012), 
one can straightforwardly allow for abatement. In Section 6, we describe how forests can be modelled as a carbon 
sink in a separate production technology. 

6 Chinese Taipei and Sudan have been removed from the analysis because of missing data. 
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Sustainable management of water resources constitutes a global challenge. 

Agriculture is the biggest user of freshwater resources, with water quality 

problems due to poor management of wastewater and agricultural drainage 

becoming a global concern. Policy makers and local stakeholders need to 

address the challenge of developing a sustainable but highly productive 

agricultural sector that minimizes the footprint of the sector on water 

quantity and quality. To this end, improved baseline and monitoring data on 

water management practices, together with water enhanced TFP modelling 

approaches, are essential to identify and quantify the impact of water 

scarcity and water quality degradation on agricultural productivity and 

contribute to the need to mitigate the negative effects on agricultural 

productivity. 

  

6  Non-commodity (bad) outputs: 

Water quality 
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Introduction 

Water is the primary link between climate systems, the environment and human life. It plays a significant 

role in the economy and its management is at the centre of many intervention policies that regulate its 

demand and supply. Water is important for food security, environmental sustainability and equity on a 

worldwide scale. Agriculture accounts for more than half (59%) of the freshwater use in Europe and over 

70% of freshwater use in most regions of the world (FAO, 2011; Siebert et al., 2010). According to 

Rosegrant et al. (2009), irrigated land accounts for 20% of the total cultivated land and for 40% of the total 

agricultural production. However, the substantial decrease in freshwater availability and the increase in 

water-consuming activities impose a pressing threat on economic activities, and largely, on crop 

productivity and consequently on agriculture’s development and sustainability. 

Agriculture is based on the reliability and availability of freshwater sources and on precipitation. There exist 

two main sources of freshwater that can accommodate agricultural needs: surface water and groundwater. 

Surface water supplies come from the storage of rainfall, melting snowpack and runoff in reservoirs (often 

part of federal projects) or in basins and lakes, while the source of groundwater supplies is aquifers 

containing quantities of water that have been accumulated over hundreds of years. In some cases, farmers 

have access to both surface water and groundwater, and they use a mix of these two sources to irrigate 

their crops. 

With climatic variability affecting the levels of surface water and annual withdrawals exceeding annual 

recharging rate for groundwater sources, less water is available to the system and inevitable less water is 

available for agricultural purposes. This crisis in water availability leads to a growing need for solutions that 

can close the gap between water demand and supply, increase agricultural water productivity and ensure 

the sustainability of irrigated agriculture. Thus, adoption of water conservation practices has received the 

attention of policymakers and local stakeholders to secure not only the development of the agricultural 

sector but also to conserve the limited water natural resources.  

Incorporating water in the discussion 

Water quantity and quality 

Despite the physical abundance of water on the earth, water scarcity has been a major issue given the 

small percentage of freshwater availability. Overuse of water resources for economic purposes (mainly 

from the agricultural sector), drought and socioeconomic barriers have aggravated the water scarcity. 

However, water scarcity is caused by deterioration of water quality that can be induced either by physical 

or human related activities (Biswas et al., 2012). Some of the sources of irrigation water quality degradation 

can be sediment loads from soil erosion, salinization, use of (obsolete) chemicals and water scarcity. The 

2030 Agenda for Sustainable Development acknowledges the importance of water quality and includes a 

specific water quality target in Sustainable Development Goal (SDG). Target 6.3: “By 2030, improve water 

quality by reducing pollution, eliminating dumping and minimizing release of hazardous chemicals and 

materials, halving the proportion of untreated wastewater and substantially increasing recycling and safe 

reuse globally”.  

From the annual freshwater withdraws, around 45% is consumed by the irrigated agricultural sector 

through evapotranspiration while the remaining 55% is released to the environment mainly as agricultural 

drainage (Mateo-Sagasta, 2015). Therefore, agriculture remains a key water polluter discharging each 

year through agricultural drainage and runoff large quantities of pollutants (agrochemicals, organic matter, 

drug residues, sediments, etc.). There have been identified three main sources of agricultural water 

pollution: crop production, livestock and aquaculture (Gruère et al., 2020). While intensive use of chemical 

fertilizers and pesticides along with the expansion of irrigated land has contributed to increasing agricultural 
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productivity, at the same time they are transferring agricultural pollution to water bodies. In addition, 

livestock production has been connected with the emergence of zoonotic water-borne pathogens due to 

the increased use of veterinary medicines that enhance productivity in the sector (WHO, 2012). Finally, 

aquaculture has been emerging as a main agricultural pollution source in the last decades due to the 

diminishing freshwater quality from antibiotics, fungicides and fish excreta (Li and Shen, 2013). 

Water pollution from agriculture is a more insidious threat, being quite diffuse and hard to measure, and 

affecting agricultural productivity (and consequently farmers’ incomes) every year. Deficits in irrigation 

water supply and degradation of the ecological status of water are two of the issues that particularly affect 

food production sectors and environmental sustainability. Poorly managed animal feeding operations, 

overgrazing and ploughing too often or at the wrong time, improper application of fertilizers, pesticides or 

even irrigation water can lead to agricultural water impairments and generate non-market externalities that 

are borne by the society as a whole (FAO, 2018). In addition, stochastic events due to climatic variability, 

such as droughts or floods, could affect the quality (and, of course, quantity) of water used for irrigation 

purposes. 

Complexities and challenges 

Agriculture, which accounts for 70% of water abstractions worldwide, plays a major role in water pollution 

(WWAP, 2013). Farms discharge large quantities of agrochemicals, organic matter, drug residues, 

sediments and saline drainage into water bodies. The resultant water pollution poses demonstrated risks 

to aquatic ecosystems, human health and productive activities. Nitrate from agriculture is the most common 

chemical contaminant in the world’s groundwater aquifers (WWAP, 2013). 

Almost all countries identify nitrates and phosphorus from mineral fertilizers and animal waste as the most 

problematic source of agriculture pollution of water. Pesticides from agriculture also remain an important 

pollutant in many OECD countries. Natural and human-induced salinization is also considered a key water 

quality problem in some countries, and pharmaceuticals such as veterinary drugs have become an 

emerging significant water pollution problem from agriculture. 

Measuring water quality can be a cumbersome task as it can be tracked through spatial specific and time-

intense chemical monitoring processes, followed by remote sensing or modelling based on improved data 

collection efforts. Spatial tools (e.g. topological, geometric, or geographic data analysis) can also be used 

to assess water quality impacts stemming from agriculture. In particular, geographic information system 

(GIS) tools and spatial analysis can be used to evaluate water quality compliance and to model diffused 

and non-point source pollution from agricultural areas. 

Opportunities 

Improving water quality in the agricultural sector has been a priority at the nation level worldwide. Many 

countries have introduced or revised already existing water quality targets, objectives and plans in 

regulation or other policies. Most countries respond with a combination of policy instruments that combine 

regulatory frameworks with economic instruments, such as taxes, restrictions on agricultural activities and 

pollution discharge permits, to better control water quantity and quality in agriculture, which can further 

promote better healthy ecosystems. To protect and promote sustainable use of water resources in and 

around agricultural areas, countries have set regulatory frameworks and use support payment schemes. 

For example, agri-environment-climate measures under the EU’s Rural Development Programme 2014-

2020 included support payment programs for protecting selected natural habitats for organisms dependent 

on water. Beneficiaries voluntarily undertake five-year commitments to implement certain requirements 

that lead to water conservation and habitats’ protection (Gruère et al., 2020). 
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Connecting Water to Agricultural TFP in Practice 

Irrigation technologies, water use efficiency and productivity 

Irrigation technologies are used to apply water (either from surface and/or groundwater sources) to the 

crop. There are mainly two types of irrigation practices: gravity and pressurized irrigation. In the gravity or 

flood irrigation, the farmer adds water at the end of the furrows between crop rows and allows the water to 

flow down the furrows. In the pressurized irrigation or micro-irrigation systems, water is transferred to the 

crop rows in tubes and delivered to the crops through drip nozzles (drip-irrigation) or sprinklers (sprinkler 

irrigation). Micro-irrigation is more water-efficient compared to gravity irrigation as it minimizes the irrigation 

water that gets lost to evaporation or runoff. At the same time, micro-irrigation is characterized by capital- 

and labour-intensive scales of economy requiring greater operating costs and management efforts. Ward 

and Pulido-Velazquez (2008) and Pfeiffer and Lin (2014) have mentioned in their studies that efficient 

irrigation technologies (such as drip-irrigation) can decrease the marginal cost per unit of irrigation water, 

but at the same time increased water application, expansion of cultivated land or changes in the crop-mix 

can be observed.  

In the context of sustainable agriculture and water resources, many empirical studies have focused on 

measuring agricultural water efficiency and productivity that are essential aspects of sustainable 

agricultural production, efficient water use and conservation of water quality. However, among these 

studies there is no consensus on the definitions and estimation procedures of these performance indicators 

in agriculture (Giordano et al., 2017). This heterogeneity stems from the complex nature of water and its 

numerous users (farmers, municipal water utilities, industries, and recreational users) in different 

geographical scales. For this reason, the absence of common measures of agricultural water efficiency 

and productivity has led to different results. 

Based on Van Halsema and Vincent (2012), the content and the purpose of each study are the main drivers 

of which measure is used. While irrigation efficiency can provide useful information regarding the 

performance of the irrigation system, its economic rationale is suspect. In the engineering field, irrigation 

efficiency is defined as the ratio of the water diverted from a specific source to the water received at the 

farm level and contributed to output growth. In this case, irrigation efficiency is measured in physical units 

of water without accounting for output value, allocation of inputs, or even environmental externalities. 

However, when crop production or farm profitability are the items of interest, economic efficiency is the 

concept to be used to enable the measurement and interpretation of the economic implications of an 

irrigation system. 

Economic efficiency can be defined as the maximum attainable output that can be produced (technical 

efficiency) and the optimal allocation of inputs (allocative efficiency) when the farmer exploits the full 

potential of the available production technology. Input-specific efficiency can be a special case of the input-

oriented measure of efficiency with the only difference that we are interested in a single input, i.e. irrigation 

water (Lansink et al., 2002; Kapelko et al., 2015). While input-specific efficiency measures can be a useful 

tool for policy makers, their use in the efficiency literature is limited. Water-specific efficiency in the 

agricultural economics literature has mainly be limited to the context of technical efficiency measures 

examining the impact of different irrigation systems on technical efficiency levels (Bravo-Ureta, 2014, 

Vrachioli et al., 2021). 

Water use is one of the most crucial factors in the agricultural sector. Farmers are using water, along with 

other inputs i.e. labor and capital, to produce a specific output with substitutability of water with other 

production factors being present. In the water literature, two terms frequently used are those of water 

effectiveness and water efficiency. From a production economics perspective, water effectiveness are 

used to express water productivity (changing the quantity of output by changing the quantity of water used 

in the production process), while the term of water efficiency has to do with the minimization of water waste. 

Agricultural water is a complex resource with many different features, and because of this there are many 
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different approaches for defining it. From a classical engineering perspective (Burt et al., 1997), irrigation 

water efficiency (IWE) is defined as the portion of application water consumed. 

In addition, productivity plays an important role in the economic literature and is defined as the ratio of 

output(s) to inputs(s) and serves as measure of how well economic units can transform inputs into 

output(s). Agricultural water productivity (“crop per drop") is a partial productivity measure of economic 

performance that focuses on a single input, water, and is affected by the farmers’ managerial abilities 

among other factors. However, the criticism is whether it can serve as a useful agricultural performance 

measure. Partial factor productivity can produce unbiased performance measures when it accounts for 

quasi-fixed input changes. However, when the partial factor productivity is estimated for variable inputs, 

like water, misleading and biased performance indicators may be produced. To address the problem of 

biased estimators, total factor productivity measures that account by definition for all input adjustments 

need to be considered. 

Regardless of which measure the analyst selects, irrigation efficiency, (input-specific) technical efficiency 

and agricultural (total factor or partial) productivity are three different measures assessing performance. It 

is important to highlight the role of water in the measurement of agricultural productivity by decomposing 

the productivity measurement into components associated with changes in shadow value of water, and 

water quantity and quality either over space or across time. It is also critical when it comes to natural 

resources, for which no market still exists in some cases, to identify costs associated with both water 

quantity and water quality changes due to externalities through the change in the shadow values of water 

(Vrachioli and Stefanou, 2020). 

Empirical suggestion for incorporation of water in agricultural TFP 

Agricultural water use effectiveness 

From a mathematical perspective (Dinar et al., 1992; Khanna et al., 2002), effective water use can be 

defined as the portion of applied water being beneficial for the crop while at the same time taking into 

consideration environmental issues, like water holding capacity, weather parameters and water 

technologies. The effective agricultural water use can be derived as a general function of the form:  

�̃�  =  𝑧𝑔(𝐶, 𝑃, 𝑡)  =  𝑧 𝑒𝑥𝑝(− (𝜆0 + 𝜆𝑐𝐶 +  𝜆𝑝𝑃 + 𝜆𝑡𝑡)) (1) 

with 𝐶 is the average annual temperature, 𝑃 the total annual precipitation and 𝑡 is a time trend capturing 

changes in irrigation technology, or any change in the production technology that can affect the use of 

agricultural water. Equation (1) shows that the effective water use (�̃�) has a multiplicatively separable 

structure with two components: the water use (𝑧) and a cumulative distribution function (𝑔) with an 

exponential distribution. The function 𝑔(𝐶, 𝑃, 𝑡) is a positive valued function taking the values from 0 to 1 

representing the percentage of effective water use, which is defined as the difference between the amount 

of water applied and the amount of water effectively absorbed. The water effectiveness function (𝑔) is 

expected to be non-increasing to adverse weather conditions and non-decreasing in the presence of 

technical progress. 

Farm technology  

We assume that agricultural producers use inputs 𝒙 = (𝑥1, . . . , 𝑥𝑁)  ∈  𝑅+
𝑁 to produce outputs  

𝒚 = (𝑦1, . . . , 𝑦𝑀)  ∈  𝑅+
𝑀. The agricultural production technology can be represented by the production set: 

𝑇 = {(𝒚, 𝒙) ∶  𝑥 𝑐𝑎𝑛 𝑝𝑟𝑜𝑑𝑢𝑐𝑒 𝑦}  (2) 

The production technology, 𝑇 is a statement that describes how a bundle of inputs (𝒙) can produce a 

bundle of outputs (𝒚); compactly, we state this as (𝒙, 𝒚) ∈ 𝑇. This is the broadest statement of a technology 
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and can be specified by a number of properties. There are several typical frameworks that conceptualize 

this statement of the technology. For example, the case of the single output, multiple input production 

function is the most basic form where we specify: 

𝑦𝑦 = 𝑓𝑓(𝒙𝒙)  (3) 

where 𝑓𝑓(𝒙𝒙) embodies a set of desirable properties that come from the character of the technology, 𝑇𝑇. 

When there are multiple outputs and multiple inputs, another statement of the technology that can be 

applied is distance function (Fare and Primont, 1995). 

𝐷𝐷𝑜𝑜(𝒙𝒙, 𝒚𝒚) = min
𝜙𝜙

{𝜙𝜙: (𝑥𝑥, 𝑦𝑦/𝜙𝜙) ∈ 𝑇𝑇}            𝜑𝜑 ≤ 1}  (4) 

Here, the parameter 𝜙𝜙 serves as a scaling factor over all outputs.   

Given standard assumptions on 𝑇𝑇, the properties of 𝐷𝐷𝑜𝑜(𝒙𝒙, 𝒚𝒚) are: 

● 𝐷𝐷𝑜𝑜(𝑥𝑥, 𝑦𝑦) is nonincreasing in x 

● 𝐷𝐷𝑜𝑜(𝑥𝑥, 𝑦𝑦) is nondecreasing in y 

● 𝐷𝐷𝑜𝑜(𝑥𝑥, 𝑦𝑦) is homogeneous of degree one in y 

● 𝐷𝐷𝑜𝑜(𝑥𝑥, 𝑦𝑦) is convex in y 

Operationalization of the distance functions can be executed by parametric (Stochastic Frontier Analysis) 

or nonparametric (Data Envelope Analysis) methods. The parametric approach involves specifying a 

functional form that embodies the properties of the distance function. The nonparametric approach is 

implemented via linear programming methods. 

In the empirical part of this work, the specification of the output distance function allows for two outputs 

and five inputs (including water) using a translog specification. To facilitate the estimation of the output 

distance function as a parametric or semi-parametric model, we need to impose linear homogeneity in the 

output quantities. Linear homogeneity is imposed through normalizing the output distance function with 

one of the outputs, used as numeraire. Thus, in our case, the translog output distance function, with 

livestock output being the numeraire, will be: 

 (5) 

where 

k,l = 1, 2 are the two outputs, crops and animals respectively; 

j,g = 1, …, 4 are the four variable inputs (capital, land, labour and intermediate inputs); 

z ̃ is the effective agricultural water use; and 

t is a simple time trend capturing technical change. 
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For the linear homogeneity in outputs to hold, the required parameter restrictions are1: 

∑ 𝑎𝑎𝑘𝑘
2
𝑘𝑘=1  =  1 ⇒  𝛼𝛼𝑅𝑅  + 𝛼𝛼𝐸𝐸  =  1, ∑ 𝜉𝜉𝑘𝑘

𝑦𝑦2
𝑘𝑘=1  = 0 ⇒  𝜉𝜉𝑅𝑅

𝑦𝑦  + 𝜉𝜉𝐸𝐸
𝑦𝑦   = 0,  ∑ 𝛿𝛿𝑘𝑘

𝑦𝑦2
𝑘𝑘=1  = 0 ⇒  𝛿𝛿𝑅𝑅

𝑦𝑦  +  𝛿𝛿𝐸𝐸
𝑦𝑦   = 0,  

∑ 𝑎𝑎𝑘𝑘𝑘𝑘
2
𝑘𝑘=1  =  0 ⇒  𝛼𝛼𝑅𝑅𝑅𝑅  +  𝛼𝛼𝐸𝐸𝑅𝑅   =  0 and 𝛼𝛼𝑅𝑅𝐸𝐸  +  𝛼𝛼𝐸𝐸𝐸𝐸   =  0 

∑ 𝜃𝜃𝑗𝑗𝑘𝑘

2

𝑘𝑘=1
 =  0 ⇒  𝜃𝜃𝐼𝐼𝑅𝑅  +  𝜃𝜃𝐼𝐼𝐸𝐸   =  0, 𝜃𝜃𝐾𝐾𝑅𝑅  +  𝜃𝜃𝐾𝐾𝐸𝐸   =  0, 𝜃𝜃𝐿𝐿𝑅𝑅  + 𝜃𝜃𝐿𝐿𝐸𝐸   =  0, 𝜃𝜃𝐷𝐷𝑅𝑅  +  𝜃𝜃𝐷𝐷𝐸𝐸   =  0 

In addition, to the linear homogeneity in outputs restrictions, we impose symmetry on the translog 

specification of the production function.  

𝛼𝛼𝑘𝑘𝑘𝑘  =  𝛼𝛼𝑘𝑘𝑘𝑘  and 𝛽𝛽𝑗𝑗𝑗𝑗  =  𝛽𝛽𝑗𝑗𝑗𝑗 ;   𝑘𝑘, 𝑙𝑙 =  1, 2 and 𝑗𝑗, 𝑔𝑔 =  1, … , 4 

TFP decomposition 

The ratio of the output produced over the input used by a production unit (i.e. farm) is the productivity index 

of this production unit. If the input use is consisted of more than one inputs or the production unit produces 

multiple outputs, then the productivity concept is called Total Factor Productivity (TFP). A primal TFP 

decomposition framework using the definition of farm technology in equation (5) is used to analyse the 

productivity growth of the agricultural sector in many EU countries and decompose these productivity 

measures in their components. Following Skevas et al. (2018), the index of TFP growth and its 

decomposition will be given by equation (6): 

 (6) 

where a dot over a variable indicates its rate of change over time.  

More specifically, equation (6) consists of:  

● Scale Effect (SE): the first term in (6) is obtained from: 

 

 

 

● Technical change (TC): the second term in (6) is obtained from: 

 

from which the neutral and biased components are provided from: 

o Neutral: 𝑇𝑇𝑇𝑇 =  𝜉𝜉𝑡𝑡  +  𝜉𝜉𝑡𝑡𝑡𝑡𝑡𝑡 

o Biased: 𝑇𝑇𝑇𝑇 =  ∑ 𝜉𝜉𝑗𝑗
𝑥𝑥 𝑙𝑙𝑙𝑙𝑥𝑥𝑗𝑗𝑗𝑗 +  ∑ 𝜉𝜉𝑘𝑘

𝑦𝑦 𝑙𝑙𝑙𝑙𝑦𝑦𝑘𝑘𝑘𝑘  

● Agricultural Water Effectiveness technical change (ITC): this effect is obtained from the 

third term in equation (6) is obtained from: 
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● Output Technical Efficiency Change (TEC): the fourth term in equation (6) is given by: 

 

where , using the estimated values of the 𝐷𝐷𝑜𝑜(𝑥𝑥, 𝑦𝑦, 𝑡𝑡, �̃�𝑧) 
● Climate Effect (CE): the last term in equation (6) can be  derived by: 

𝐶𝐶𝐶𝐶 =∑𝜕𝜕𝜕𝜕𝜕𝜕𝐷𝐷𝑜𝑜

𝜕𝜕𝜕𝜕𝜕𝜕�̃�𝑧
𝑚𝑚

𝜕𝜕𝜕𝜕𝜕𝜕�̃�𝑧
𝜕𝜕𝜕𝜕𝜕𝜕𝑐𝑐𝑚𝑚

𝑐𝑐�̇�𝑚 = 𝜖𝜖�̃�𝑧 𝜕𝜕𝜕𝜕𝜕𝜕�̃�𝑧
𝜕𝜕𝜕𝜕𝜕𝜕𝑐𝑐𝑚𝑚

𝑐𝑐�̇�𝑚 

where m = C,P. 

From the specifications of (1), we can get: 

 

Using this, we can transpose that to what is needed as follows: 

 

Hence, we get: 

 

Data description and availability 

For the empirical analysis, we used EU country level panel data from three different databases (Table 6.1) 

covering the period from 2004-2016. For the fresh water and land inputs, we used the OECD database, 

while for the outputs and the rest of the inputs of interest for this work we used the database of Eurostat 

(Table 6.1). The weather information (temperature and rainfall) were obtained from the ECEM Copernicus. 

For the output distance function estimation, we used two outputs: 𝑦𝑦1 crop output and 𝑦𝑦2 animal output at 

constant producer prices (2010=100%); and five inputs: 𝑥𝑥1 total intermediate consumption at constant 

prices (2010=100%), 𝑥𝑥2 fixed capital consumption at constant prices (2010=100%), 𝑥𝑥3 total (family and 

hired) labour in annual working units, 𝑥𝑥4 agricultural land measured in ha and 𝑥𝑥5 total freshwater abstraction 

for agricultural purposes measured in cubic meters.  

Table 6.1. Description of variables 

Variable   Indicator Unit Source  
Output  R Crop output Million euro Eurostat 

E Animal output Million euro Eurostat 
Intermediate inputs I Total intermediate consumption Million euro Eurostat 
Capital K Fixed capital consumption Million euro Eurostat 
Labour L Unpaid labour thousand AWU Eurostat  

Paid labour  thousand AWU Eurostat 
Land D Agricultural land use ha OECD 
Water  z Agricultural freshwater abstraction Million cubic meters OECD 
Temperature c Daily precipitation mm ECEM Copernicus 
Precipitation  p Daily temperature °C ECEM Copernicus 
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The balanced panel dataset was constructed given the availability of agricultural water abstraction data in 

a yearly basis at the country level, therefore, we estimated the output distance function with data from 

2004-2016 for 15 EU countries (Table 6.2). The rest of the EU countries and years were excluded due to 

mainly missing data on annual freshwater abstractions for agricultural purposes.  

Table 6.2. Data availability based on agricultural freshwater abstraction 

Country Data availability on agricultural freshwater abstraction   

Austria   

Belgium 2004-2015* 

Czech Republic 2004-2016 

Denmark 2004-2016 

Estonia 2004-2016 

Finland  

France 2004-2016 

Germany  

Greece 2004-2016 

Hungary  

Ireland  

Italy  

Latvia 2004-2016 

Lithuania 2004-2016 

Luxembourg  

Netherlands 2004-2016 

Poland 2004-2016 

Portugal  

Slovak Republic 2004-2016 

Slovenia 2004-2016 

Spain 2004-2016 

Sweden 2004-2016 

Switzerland  

United Kingdom 2004-2014* 

Note: The missing years for Belgium and the United Kingdom were filled out using data imputation methods. 

Empirical results and discussion 

The parameter estimates of the translog output distance function (equation 5) together with their 

bootstrapped standard errors are presented in Table 6.3. The first order parameters of the four inputs, the 

agricultural water withdrawal and crop output are statistically significant. The monotonicity in input 

quantities can be checked by the sign of the distance elasticities with respect to the input quantities. Using 

the sample means, the monotonicity condition for all the inputs (including agricultural water withdrawals) 

is fulfilled. In a similar way, the monotonicity of the translog output distance function in output quantities 

can be checked. The distance elasticity with respect to crop output (given that the output distance measure 

and the output quantities are non-negative) is on average positive, which confirms that the output distance 

function in non-decreasing in output quantities.  
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Table 6.3. Parameter estimates of the translog production function 

Parameter Estimate se Parameter Estimate se 

𝛼0 -0.2177*** 0.0407 𝛼𝐶𝐸  -0.0065*** 0.0011 

𝛼𝑅 0.7738*** 0.0020 𝛽𝐼𝐼 0.7044*** 0.0089 

𝛽𝐼 -0.4854*** 0.0125 𝛽𝐾𝐾  0.4258*** 0.0054 

𝛽𝐾  -0.3545*** 0.0096 𝛽𝐿𝐿 -0.0002 0.0008 

𝛽𝐿 -0.0176*** 0.0036 𝛽𝐷𝐷 0.0279*** 0.0003 

𝛽𝐷 -0.1014*** 0.0016 𝛽𝐼𝐾 -0.4976*** 0.0054 

𝛿𝑧 -0.0226*** 0.0023 𝛽𝐼𝐿 -0.0012*** 0.0004 

𝜆0 -0.2026*** 0.0094 𝛽𝐼𝐷 0.0202*** 0.0010 

𝜆𝑐 -0.5133*** 0.0340 𝛽𝐾𝐿 -0.0011 0.0007 

𝜆𝑝 0.3024*** 0.0318 𝛽𝐾𝐷 -0.0243*** 0.0017 

𝜆𝑡 0.1032*** 0.0178 𝛽𝐿𝐷  0.0040*** 0.0005 

𝛿𝑧𝑧 0.0092*** 0.0004 𝛿𝑅 -0.0081*** 0.0012 

𝜉𝑡 -0.0102*** 0.0008 𝛿𝐼 -0.0150*** 0.0025 

𝜉𝑡𝑡 -0.1071*** 0.0006 𝛿𝐾  0.0128*** 0.0013 

   𝛿𝐿 -0.0028*** 0.0007 

   𝛿𝐷 -0.0233*** 0.0004 

   𝜃𝐼𝑅 0.0855*** 0.0028 

   𝜃𝐾𝑅 -0.0572*** 0.0030 

   𝜃𝐿𝑅 -0.0146*** 0.0016 

   𝜃𝐷𝑅 -0.0594*** 0.0021 

   𝜉𝐼 0.0585*** 0.0056 

   𝜉𝐾 -0.0544*** 0.0037 

   𝜉𝐿 -0.0002 0.0002 

   𝜉𝐷 -0.0012* 0.0007 

   𝜉𝑅 0.0434*** 0.0008 

where 𝑅 refers to crop output, 𝐸 to animal output, 𝐼 to intermediate inputs, 𝐾 to capital, 𝐿 to total labour, 𝐷 to land, 𝑧 to effective water, 𝑐 to 

temperature, 𝑝 to precipitation and 𝑡 to time.  

*, **, ***: Statistically significant at the 10%, 5% and 1% level, respectively. 

The standard errors were computed using a wild boostrap approach (see Politis and Romano, 1994). 

Figure 6.1 presents the differences in TFP values among the EU countries included in this study between 

2005 and 2016. To make it easier to follow the changes in TFP values, we divided the countries in two 

groups. Group 1 on the left of Figure 6.1 includes those countries where the TFP increased, while the 

second group on the right of the figure includes the two countries for which a slight TFP decrease was 

observed. The most substantial TFP increases occurred in Belgium, Czech Republic, Spain, Slovakia and 

Slovenia. The decomposition of TFP change that is provided below can shed some more light on the 

reasons for these changes.  
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Figure 6.1. Average TFP values per country in 2005-2008, 2009-2012 and 2013-2016 

 

The decomposition of TFP changes based on Equation 6 is reported in Table 6.4. The average quadrennial 

TFP growth rate was 0.6574% during the period 2005-2008, while it was increased to 1.8091% in the last 

four years of the sample. The greatest part of the TFP growth can be attributed mainly to technical change 

driven by the neutral component of it. This implies that the technological change affects the productivity of 

all factors in the same, and in this case, positive way. However, the magnitude of the technical change is 

increasing while we are moving from 2005 to 2016. The presence of scale economies was also found 

during the 2005-2016 period contributing on average 8.7 to observed productivity rates, with a decreasing 

tendency over time. The effect of climatic conditions appears to have a relatively small impact on TFP 

change, with the direction of the sign changing during the period analysed. Finally, the water use 

effectiveness contributes positively on the TFP growth with a magnitude that remains stable through the 

period studied. The average contribution of water use effectiveness accounts for 3.1% of observed total 

factor productivity growth.  

Table 6.4. TFP decomposition for all countries, 2005-2016 
 

2005-08 2009-12 2013-16 Average 

TFP 0.6574 1.1064 1.8091 1.1910 

Scale effect 0.1798 0.0400 0.0903 0.1034 

Technical change 0.6017 1.1856 1.7448 1.1774 

Neutral 0.6100 1.2041 1.7929 1.2023 

Biased -0.0443 -0.0560 -0.0852 -0.0618 

  Irrigation 0.0361 0.0375 0.0370 0.0369 

TE change -0.1262 -0.1184 -0.0258 -0.0901 

Climatic effect 0.0020 -0.0008 -0.0002 0.0004 

The bias in the TFP growth decomposition formula (equation 6) can stem from two sources. The first 

source is the scale effect (SE) component, which measures changes in output due to proportional changes 

in all the inputs. In the case that we have scale elasticity equal to one, which implies constant returns to 

scale, the bias related to the scale effect component is not present. In addition, when scale elasticity is 

positive or negative indicates the presence of increasing or decreasing returns to scale, respectively. 

Consequently, the first term of equation 6 captures the magnification or contraction effect on the aggregate 

input growth. Finally, the second source of bias can be related to the changes in micro-climate conditions 

and it can be captured by the climate change effect term. Even if all of these biases are removed or are 
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not taken into consideration, the estimate of the TFP growth will give inaccurate measurements of the 

overall technical change if the rate of water use effectiveness will be omitted from the TFP decomposition 

framework. 

Figure 6.2 presents the main components of the observed TFP estimates per country. The productivity 

change is decomposed as in the Equation 6. From Figure 6.2, we can observe that our estimates of the 

agricultural productivity change over the period 2005 to 2016 vary substantially across the different EU 

countries. It is also interesting that the components of this productivity growth differ considerably between 

the agricultural sectors of the countries included in the analysis. In some cases, technical efficiency change 

appears to have decreased over the period of interest for most of the countries, while for the case of 

Slovakia a considerably positive impact of technical efficiency change on productivity growth has been 

observed. Also, scale effects are considered to have a positive impact on productivity growth for the case 

of Estonia, Lithuania and Latvia. 

In addition, we did not find considerable variation in the impact the climatic conditions have on the 

productivity growth of all the countries included in our analysis. Finally, Czech Republic, France and Poland 

all appear to have made substantial positive progress on water use effectiveness, though show no 

apparent trend in scale efficiency change. In fact, water scarce countries like Greece and Spain show no 

evidence of growth in water use effectiveness over time, while they experience significantly high 

productivity growth due to technical change. This apparent difference deserves more intensive 

investigation. 

Figure 6.2. TFP Decomposition based on average country estimates for the period 2005-2016 

 

Challenges in practice 

During this study, a few challenges were identified in accounting for water in TFP measurements. The first 

one has to do with data availability, not only for agricultural water quantity but also for water quality. While 

water use for agricultural purposes at the national level can be available for many countries, it has been 

found that a great number of countries do not report any information regarding water withdrawals for 

agricultural purposes. This could be especially problematic for countries whose agricultural sector is 
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experiencing freshwater scarcity. Inadequate data are also provided regarding the agricultural water 

quality. While indicators on nitrogen and phosphorous balance at the national level are available, most of 

the countries do not report on an annual basis this information. While those countries that they do, they 

are having missing information on agricultural water quantity. Finally, while in this study a semi-parametric 

approach was applied to estimate the role of water in TFP measurements, nonparametric approaches 

(such as DEA) can also be used as these allow more room to converge.  

Assessments and recommendations 

Quantifying the contribution of agriculture to water quantity and quality problems is essential to developing 

crosscutting policy or governance initiatives related to agriculture and water, including the collection and 

use of new data and information to guide decision-making. In general, national agricultural census surveys 

gather information on irrigation water use, irrigation technologies or methods, and the quality of water used 

for agricultural purposes. However, the water information at the farm level is rarely collected and when 

water data is available at more aggregated levels, there is no output or inputs measured at that level. 

Although agricultural water data can be collected from different sources, their robustness is important to 

ensure the successful planning and implementation of water policies that support efficient, effective and 

sustainable water resource governance. These sources at the farm level include on-site surveys and 

sensors (e.g. weather stations, chemical detection devices, biosensors, probes, etc.), remote sensing 

technologies (e.g. satellite imagery), online web services delivering data stored in the cloud (or big data) 

platforms and geographic information systems (GIS) that are used to resolve geospatial problems. GIS 

can be a very useful tool for tracking natural resources that span land boundaries, such as water, and offer 

transboundary and uniform water data assessment.  

The survey frame of national agricultural censuses at the farm level may also suffer from biases associated 

with the stratification method and sampling of the target population. This implies that is important to include 

not only those farmers who reported irrigated areas, but also to adopt a geographically stratified sample 

design based on the total irrigation volume in different geographic areas. Relying on national agricultural 

censuses to collect irrigation data can be a low-risk attempt in countries that conduct annual surveys; 

however, this can be an intricate activity for countries that update their agricultural censuses on a non-

regular basis. 

Irrigation water information at the national, or regional level sometimes, can provide an insight into how 

the demand and use of water in the agricultural sector is adapting based on the characteristics of each 

country or region. However, this information needs to be enhanced to capture the dynamic and spatial 

nature of water due to its mobility, the importance of return flows in the drainage or river basin scale, and 

the uncertainty in water availability due to local weather conditions.  

Current agricultural water collection activities at the national level can be enhanced by collecting data on 

water metering, analysing data at smaller basin scales and improving the link with other agricultural 

information that can affect irrigation water use, such as soil quality, ecosystem services and weather 

conditions. In addition, continuous data collection processes that populate and update agricultural 

databases at the national, regional or farm level can be enhanced with modelling approaches that ensure 

the quality of the collected data and fill data gaps for improved usability of the dataset.  

Robust data and information can help guide water policy decision-making and successful planning and 

implementation of policies that support efficient, effective and sustainable water resource governance. The 

focus of future water research should be on three aspects: (i) manage agricultural water demand, by 

investing in water quantity reporting, (ii) reduce agriculture’s water pollution, by providing accurate 

information on water quality, and (iii)  bolster the resilience of farmers to water risks, by prioritizing efforts 

in areas facing more water risks.  
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Introduction 

Perhaps more than any other economic sector, agriculture and the environment are intimately linked. 

Natural resources, including soil and water, serve as key inputs into agricultural production. In turn, 

agricultural production affects these vital resources, both in terms of scarcity and quality, as well as the 

climate governing their function. Globally, agricultural production remains a leading contributor to both soil 

and water degradation and greenhouse gas emissions. At the same time, population growth and economic 

development exert ever-increasing pressure to increase production in order to meet global food demands. 

This highlights the need for better understanding the role of the environment in agricultural production, 

better assessing the potential for growth, and better accounting of both resource stock and quality on a 

global scale.1 

The United Nations (UN) Millennium Ecosystem Services Assessment (MA) defines ecosystem services 

as the benefits people obtain from ecosystems. These include provisioning services such as food and 

water; regulating services such as regulation of floods, drought, land degradation, and disease; supporting 

services such as soil formation and nutrient cycling; and cultural services such as recreational, spiritual, 

religious and other nonmaterial benefits (MA, 2005).Agriculture and ecosystem services are closely 

intertwined, giving rise to the term ‘agro-ecosystem’ to denote the complex relationships between 

agricultural production and surrounding ecosystems. While agriculture often benefits from provisioning and 

regulating services, production can also affect the quality and quantity of these services, in both sustaining 

and degrading ways. 

Total Factor Productivity (TFP) provides a general framework for modelling agricultural production and 

constructing aggregate index measures to allow for multilateral assessment of agricultural productivity. 

Standard agricultural TFP measures the growth in total marketed agricultural output relative to the growth 

in total marketed input use, constructed as a ratio, where TFP values greater than one indicate overall 

gains to productivity. Standard TFP measures thus exclude any non-marketed natural resources and 

environmental effects. 

We examine recent efforts to adapt standard TFP measures to include ecosystem service values, both in 

theory and in practice. This includes a review of the academic literature, as well as a comparison of current 

national and international statistics agency guidelines. This chapter proceeds as follows. In the next 

section, review recent advances in the literature, focusing on questions of measurement, aggregation and 

valuation. Next, we connect these advances to the current guidelines practiced by a number of OECD 

member countries and the UN. This leads to a discussion of data requirements for successful 

implementation of both the theory and guidelines, and extant data needs. We consider areas of consensus, 

both between the literature and guidelines, and between the statistical agencies, as well as open debates 

for future research. We conclude with a summary of recommendations for moving forward. 

Incorporating the environment 

Ecosystem services 

Classification and accounting methods 

The MA (2005) classification of ecosystem services into three types (provisioning, regulating, and cultural) 

provides a starting point for identifying the different types of services related to agro-ecosystems. Boyd 

and Banzhaf (2007) develop a standardized approach to measurement, drawing on GDP accounting 

methods to restrict analysis to final ecosystem services. They define final ecosystem services as 

components of nature, directly enjoyed, consumed, or used to yield human well-being. They offer two 

alternative approaches to measurement, constructing a “Green GDP” based on final welfare benefit and 
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an ecosystem service index (ESI) based on final contributions to both welfare and the ecosystem. 

Figure 7.1 illustrates these two approaches to measurement. 

Figure 7.1. Green GDP versus Ecosystem Service Index (ESI) 

 

Source: Boyd and Banzhaf (2007). 

Measurement under either approach requires first defining standardised units of account and then 

specifying appropriate weights for aggregation, in the absence of market prices. To standardise the unit of 

account, Boyd and Banzhaf (2007) define services in terms of final end-product components or 

characteristics, rather than also including intermediate functions and processes. They offer as an example 

the conventional GDP corollary for manufacturing, where only the final manufactured good, and not the 

intermediate manufacturing process, would be included. They further distinguish quantities in terms of total 

(stock) and changes to the total (flows), which allows them to draw on duality relationships in production 

theory to value individual ecosystem services in terms of their marginal product as inputs into final 

marketed goods, such as agricultural products. When the ecosystem service is itself the final consumed 

product or an input into another non-marketed benefit (e.g. the recreation benefit from bird watching), then 

willingness to pay estimates from the non-market valuation literature could be used as value weights for 

aggregation. 

A number of studies (900+ citations) build on the Boyd and Banzhaf framework. Notably, Fisher 

et al. (2009) maintain a similar focus on ecological components as quantity outputs, but argue that 

classification should also depend on the decision context or motivation for which ecosystem services are 

being considered. Relevant decision contexts include education, benefit-cost analysis, landscape 

management, and public policy. They also argue that the supporting structures and processes, considered 

intermediate inputs by Boyd and Banzhaf (2007), should themselves be considered as services if (and 

only if) they benefit humans. Figure 7.2 conceptually links ecosystem structure, processes, services, and 

benefits to humans. 
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Figure 7.2. Linking intermediate and final services to human benefits 

 

Note: Conceptual relationship between intermediate and final services, also showing how joint products (benefits) can stem from individual 

services. Intermediate services can stem from complex interactions between ecosystem structure and processes and lead to final services, 

which in combination with other forms of capital provide human welfare benefits. 

Source: Fisher et al. (2009). 

Related to the importance of the relevant decision context, Costanza (2008) argues for multiple 

classification systems. Danley and Widmark (2016) review the evolution of ecosystem service definitions, 

identifying four main approaches to classification: Natural Science (Daily, 1997; DeGroot et al., 2002; 

Wallace, 2007), Ecology-Economics Hybrid (Fisher et al., 2008; Haines-Young and Potchin, 2013), 

Economics (Boyd and Banzhaf, 2007), and Generalised or Public Policy (MA, 2005; Burke et al., 2015). 

Moving from definition and classification to application, much of the literature pertains to specific types of 

ecosystem services. Examples with implications for agriculture include hydrologic services (Brauman et al., 

2007; Brander et al., 2013), soils (Dominati et al., 2010), estuarine and coastal services (Barbier 

et al., 2011), and pollination (Gallai et al., 2009). 

In practice, government agency guidelines also shape current ecosystem service accounting. Examples 

include the Final Ecosystem Goods and Services Classification System (FEGS) and National Ecosystem 

Services Classification System (NESCS) developed by the US EPA; The Economics of Ecosystems and 

Biodiversity project (TEEB), developed by the European Commission; The Common International 

Classification of Ecosystem Services (CICES), developed by the European Environmental Agency (EEA) 

and now contributing to the broader System of Environmental-Economic Accounting for Agriculture, 

Forestry, and Fisheries (SEEA AFF) led by the United Nations Statistical Division (UNSD). 
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Challenges 

One basic challenge to accounting for ecosystem services lies in reconciling the different definition and 

classification systems used in the literature and in practice. Costanza et al. (2017) summarise and compare 

the main classification systems from both the literature and agency guidelines, noting they share more in 

common than in difference on key points. This suggests some progress towards convergence to a common 

definition and classification system that could be applied for global accounting. 

Valuation poses another basic challenge to accounting. This includes determination of which values to 

include and which methods to use. Types of value include both economic value to humans, and non-

economic values related to principles of fairness and equity, as well as ecological value (Costanza and 

Folke, 1997). Restricting to economic values, arguably most relevant to agricultural TFP, valuation 

methods include both consumption-oriented stated and revealed preference approaches (Haab and 

McConnell, 2002), as well as production-oriented shadow price (Färe et al., 2019) and production-function 

approaches (Barbier, 2007). 

The SEEA AFF White Cover (Tubiello et al., 2018) lists a number of general accounting issues in practice. 

These include defining product scope (e.g. livestock rearing vs. slaughter); treatment of intra-unit flows 

(e.g. saving seed for future crops); treatment of own-account production (e.g. subsistence farming/fishing, 

land improvements); treatment of joint products (e.g. sugarcane for sugar and bio-energy); treatment of 

secondary production (e.g. agro-tourism); treatment of natural and cultivated biological resources 

(e.g. distinguishing products generated by natural processes from products generated by human 

activities), treatment of inventories, losses and waste (e.g. discarded fisheries catch, food spoilage, water 

and energy use inefficiency); issues concerning measurement and aggregation (e.g. use of monetary 

aggregates in place of physical quantities to represent agricultural and biological processes). 

Addressing the issues listed above requires collecting detailed data at varying spatial scales and points 

along the supply chain, which often may not be feasible. Thus, data collection poses another important 

challenge to environmental accounting. Current guidelines rely more on aggregate environmental 

indicators for environmental accounting. For SEEA AFF, these include both descriptive statistics on 

resource use (e.g. total crop irrigation, share of land in crops), environmental assets in either physical or 

monetary terms (e.g. size versus value of resource stock), and environmental ratio indicators which relate 

environmental resources to some form of economic activity (e.g. crop yield per hectare of land). The 

environmental ratio indicators can also be used to measure decoupling, by relating undesirable emissions 

or energy use to economic activity (e.g. the ratio of greenhouse gas emissions to GDP). 

The measurement of quality vs. quantity poses a related challenge to environmental accounting. For 

agriculture in particular, both the OECD and FAOSTAT agri-environmental indicators databases mainly 

include quantitative measures of natural assets for accounting purposes, with qualitative measures largely 

restricted to management practices, such as tillage and fertilizer or pesticide use. In contrast to direct 

measures of physical quantities for resource stocks and flows, accounting for quality often relies on various 

environmental indicators to indirectly measure ecosystem function. The SEEA Experimental Ecosystem 

Accounting (EEA) guidelines consider qualitative measures in terms of condition, where ecosystem 

condition reflects the overall quality of an ecosystem asset in terms of its characteristics (SEEA 

EEA, 2017). 

Condition can be further delineated into measures of the intrinsic state or function of the ecosystem and 

measures of capacity to generate ecosystem services. In either case, key challenges include the selection 

of appropriate indicators, aggregation and weighting relative importance, and determining reference or 

baseline condition. While indicator selection and reference condition lie mainly within the purview of the 

natural sciences, economic index theory addresses methods for aggregation and weighting which can be 

applied to construct ecosystem condition indexes. Example applications in the literature include water 

quality indexes (Bellenger and Herlihy, 2009; 2010) and soil quality indexes (Pieralli, 2017). 
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Opportunities 

Recent advances in institutional coordination, policy design, and integrated modelling offer a number of 

opportunities for ecosystem service accounting. In addition to the UN MA and SEEA programs, other large 

scale and/or multinational institutional programs include the UN TEEB program, which primarily focuses 

on biodiversity; the World Bank-led Wealth Accounting and Valuation of Ecosystem Services (WAVES) 

program; The Natural Capital Project (NatCap), which partners Stanford University, University of 

Minnesota, The Nature Conservancy, and the World Wildlife Fund; and the UN Intergovernmental Science-

Policy Platform on Biodiversity and Ecosystem Services (IPBES), created to support environmental 

decision making for 126 member countries (Costanza et al., 2017). Efforts to improve data collection, 

indicator selection, and standardise measurement and accounting systems for international comparison 

and assessment cross-cut these large-scale collaborations. 

Integrated modelling links natural science-based biophysical models of ecosystem function to social 

science-based models of related human behaviour for decision support. Computational advances, 

including parallel computing and genetic algorithm solution techniques, allow for more explicit modelling of 

complex interactions between ecosystems and human activities. Integrated agri-environmental models are 

now widely use, both in theory and in practice, for policy design and management (Plantinga, 2015). 

Integrated frameworks can be used to simulate both quantitative changes to resource use, as well as 

qualitative changes in resource condition, resulting from human response to changing market prices and 

policy incentives. Integrated frameworks can also be used to model trade-offs between ecosystems and 

economic activities, and estimate values for ecosystem effects. 

The NatCap Integrated Valuation of Ecosystem Services and Trade-offs (InVEST) model serves as one 

large-scale example of this integrated framework in practice, with application specifically to ecosystem 

services. In addition to simulating alternative likely economic and environmental scenarios, integrated 

frameworks can also be re-calibrated to alternative locations, allowing for analysis at larger geographic 

scale, and facilitating aggregation to country and cross-country levels. 

Biodiversity 

Biodiversity plays a unique role in accounting for ecosystem services, both by serving as an indicator of 

overall ecosystem condition, and supporting ecosystem service flows. The SEEA EEA framework 

considers biodiversity at three levels: diversity of ecosystems, species and genes. However, practical 

considerations limit the collection and use of genetic biodiversity measures. The SEEA EEA criteria for 

ecosystem and species-level biodiversity assessment include: 

 Appropriate spatial resolution for mapping to individual ecosystem assets and types 

 Temporal relevance for assessing changes in stock or condition over the accounting period 

 A common reference condition for comparison and aggregation purposes 

 The ability to aggregate separate indicators into a composite indicator for overall condition 

 Standardisation to allow for comparison over space and time across ecosystem types 

These criteria mainly facilitate spatial/temporal matching and aggregation, but speak less to determining 

the individual metrics. For this aspect, SEEA EEA notes that biodiversity-related policy priorities should 

guide metric selection. For instance, a policy goal to prevent species loss might guide the inclusion of more 

threatened and endangered species metrics, while maintaining ecosystem condition might guide the 

inclusion of more umbrella species metrics. For similar reasons, the UNEP-WCMC (2016) proposes 

organizing species metrics into separate accounts for: i) conservation concern; ii) ecosystem condition 

and/or functioning; and iii) ecosystem service delivery. 
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The matter of quantity versus variation, or abundance vs. richness, also plays a role in biodiversity metric 

selection, particularly for species-level measures. Again, policy goals and the related ecosystem service 

of interest should guide this selection. A number of studies in the economics literature develop optimization 

frameworks for weighing this trade-off, often termed the Noah’s Ark Problem (Polasky and Solow, 1995; 

Weitzman, 1998; Nehring and Puppe, 2002; Perry and Shankar, 2017). SEEA EEA also notes the 

importance of consulting with ecologists on this aspect of biodiversity metric selection for accounting 

purposes. 

Other challenges include a lack of global data at appropriate spatial/temporal resolution for national level 

accounting and linking biodiversity indicators to individual ecosystem services for both accounting and 

valuation. These challenges also present opportunities for future research. Other areas for further research 

include developing accounts for underlying drivers of biodiversity (e.g. habitat fragmentation patterns or 

invasive species), better calibration of biophysical models for prorating biodiversity measures to 

appropriate spatial/temporal scales, and the eventual use of biodiversity accounts for policy analysis. 

Bad outputs 

Finally, undesirable environmental effects, often referred to as bad outputs, play an important role in 

accounting for ecosystem services. Bad outputs generally take one of two forms: those flowing from the 

ecosystem to humans, and those flowing from humans to the ecosystem. SEEA EEA terms the first of 

these ecosystem disservices, listing pests and diseases as examples. 

The second form, commonly termed negative externalities, includes pollution, land degradation, and 

biodiversity loss. SEEA EEA notes that in contrast to economics, accounting principles do not include 

welfare effects of use, but instead record strictly positive flows between producers and consumers. Thus, 

bad outputs only enter indirectly, as changes in ecosystem condition and reduced flows of ecosystem 

services. The main exception being flows of greenhouse gas emissions, which SEEA EEA records directly 

in the carbon account, both as flows (sequestration and emissions) and changes in the stock of carbon. 

SEEA EEA defines ecosystem degradation as the decline in condition of an ecosystem asset as a result 

of economic or other human activity, which is consistent with the SEEA Central Framework approach to 

natural resource depletion, and the SNA approach to depreciation of produced assets. Ecosystem 

degradation can be accounted for either as the NPV of the decrease in expected flows of ecosystem 

services or as the change in the NPV of the ecosystem asset due to changes in capacity, in both cases 

holding prices constant. In addition to accounting for degradation in monetary terms, degradation can also 

be measured in physical terms through changes in the ecosystem condition indicators. 

Another important aspect to accounting for degradation as part of the SEEA EEA framework, in either 

physical or monetary terms, concerns allocation to different economic units. As opposed to produced 

assets, ecosystem assets are often not single user/owner, so that the economic unit responsible for the 

degradation may be different from the economic unit affected by the degradation. For instance, the harmful 

effects of water pollution from agricultural production may be borne by fisheries downstream. Ecosystem 

complexity further complicates allocation for accounting purposes, as degradation can lead to reductions 

for multiple ecosystem services, flowing to multiple users. 

Current practices are also moving away from the use of estimated restoration costs to value ecosystem 

degradation, as these values do not represent actual changes in the value of associated ecosystem 

services or actual payments made in a revealed preferences context. The restoration cost approach is also 

inconsistent with standard accounting methods for depreciation of produced assets, which do not consider 

returning the asset to its original condition. SEEA EEA poses an alternative way to incorporate restoration 

costs, to instead use the change in estimated restoration costs from beginning to end of the accounting 

period as an indicator for the cost of a change in condition. Another alternative more consistent with 
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depreciation for produced assets would be to consider the cost of constructing the ecosystem to its current 

condition. 

The literature on accounting for bad outputs considers production at different levels of aggregation, from 

firm-level to industry/sector-level, to national economy-wide. At the firm and industry/sector-level, much of 

the focus lies in estimating the pollution-generating technology (PGT) for environmentally adjusted 

efficiency and productivity analysis. Important theoretical contributions include Färe et al. (1989), 

Chambers et al. (1996), Chung et al. (1997), Coelli et al. (2007), Førsund (2009), Murty et al. (2012), Färe 

et al. (2013), and Rødseth (2017). Recent reviews outlining PGT estimation in practice include Dakpo and 

Latruffe (2016) and Bostian et al. (2018). 

The green accounting literature addresses national economy-wide adjustments for bad outputs. Nordhaus 

et al. (1999) compile early work sponsored by the US Bureau of Economic Analysis Panel on Integrated 

Environmental Accounting, mainly to incorporate positive-valued environmental goods and resource 

assets into the national accounts. Nordhaus (2006) uses the term externality disaggregation to refer to the 

reallocation of pollution damage costs and transfer payments between the pollution-generating sector and 

other affected sectors. 

Muller and Mendelsohn (2007) apply this disaggregation approach to US air pollution, using an integrated 

assessment model to estimate source-specific emissions and marginal damage costs, which they then use 

to calculate gross annual damages (GAD). Muller et al. (2011) build on this integrated assessment 

approach to estimate gross damages at both the industry and sectoral level, developing a framework to 

incorporate external damages into the national accounts. Muller (2014) addresses dynamic pollution price 

effects for the national accounts, by computing a set of Paasche, Laspeyres, Fisher and Törnquist price 

index numbers for air pollutants. Tschofen et al. (2019) provide a recent extension of the integrated 

assessment-disaggregation framework, using updated damage cost estimates. This framework has yet to 

be implemented in practice for the US national accounts. 

Connecting Ecosystem Accounting to Agricultural TFP in practice 

SEEA EEA 

The SEEA EEA provides the leading framework in current practice for incorporating ecosystem accounting 

into aggregate measures of TFP. Obst (2019) overviews the framework, illustrated in Figure 3 below, 

emphasizing its importance: The SEEA EEA represents a synthesis of approaches to the measurement of 

ecosystems designed to enable integration with standard national accounting concepts and measurement 

boundaries. 

In this framework, ecosystems (considered assets) generate ecosystem services, which along with human 

inputs (labor and produced assets) are used to produce benefits to society. These benefits include the 

goods and services measured by SNA, as well as other social benefits. Obst (2019) highlights the 

analogous role of ecosystem services to produced capital: The conceptual basis for the extension lies in 

recognizing that the flows of ecosystem services from agricultural land (in line with the flow of ecosystem 

services from ecosystem assets in Figure 7.1) are directly analogous, in accounting terms, to the capital 

services that flow from produced capital and which are already included in the standard growth accounting 

MFP measures. Relevant analogues include the use of produced capital depreciation methods for natural 

resource depletion in the SEEA EEA framework (Schreyer and Obst, 2015), theoretical connections to 

wealth accounting (Hamilton, 2015), and the use of produced capital growth accounting methods for 

natural capital (Fenichel and Abbot, 2014). 
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Obst (2019) distils practical implementation of the SEEA EEA framework to five key steps in order to 

incorporate ecosystem services into current SNA practices for constructing environmentally adjusted 

agricultural TFP measures: 

 Delineate spatial areas. For agriculture, a spatial area unit of analysis could be single farm or a 

farming region with similar ecosystem characteristics. 

 Measure condition of the ecosystem. The SEEA EEA asset accounts record condition in 

biophysical indicator terms only. 

 Measure the flow of ecosystem services. SEEA EEA guidelines are to maintain a supply use 

account to record services used by economic units included in the national accounts. 

 Relate ecosystem services to standard measures of economic activity. Ecosystem services used 

as inputs (e.g. water for crops), like other intermediate inputs, have zero net effect on GDP. 

Ecosystem services considered final outputs (e.g., carbon sequestration), should be added to 

GDP. 

Use exchange values. Physical trade-offs require only quantities, while measurement in monetary terms 

requires price information. The use of valuation estimates is necessary for many non-marketed ecosystem 

services. 

Figure 7.3. An overview of the SEEA EEA framework 

 

Source: UN et al. (2014), also adapted by Obst (2019). 
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Obst and Eigenraam (2017) extend the ecosystem accounting principles for capital to agricultural TFP, in 

three main stages. 

 Direct use. The agricultural production unit uses the ecosystem as a production input (e.g. water 

for irrigation, wild pollination of crops, soil nutrients for crop growth). 

 Processing of residual flows. The agricultural production unit uses the ecosystem to mitigate waste 

generated from production activities (e.g. vegetative filter of runoff, soil absorption). 

 Generation of positive externalities. Agriculture also produces some environmental benefits 

(e.g. carbon sequestration, water regulation, cultural). 

Importantly, this accounting framework characterises ecosystem services in terms of inputs and outputs, 

allowing for integration with standard agricultural TFP accounting methods, and a more informed analysis 

of trade-offs between agricultural production and the environment. 

Challenges in practice 

With the exception of a few small pilot studies, the SEEA EEA framework has yet to be implemented in 

practice, due in part to a lack of ecosystem data, as well as consensus in defining and restricting the set 

of ecosystem services to include. 

Data requirements and availability 

In terms of data and measurement, Obst (2019) broadly divides ongoing issues into four categories: 

 Spatial units. The level of ecosystem spatial detail must be compatible with production spatial detail 

for integration and aggregation. 

 Ecosystem condition. The condition data must correspond to the relevant biophysical relationships 

for ecosystem services to agriculture. 

 Ecosystem services. The services to agriculture must be defined and directly measured in input-

output form. 

 Valuation and accounting. Values should reflect market price-based exchange values, as opposed 

to welfare values, to be consistent with standard growth accounting for TFP. 

The SEEA EEA (2017) guidelines include a section on data sources. The guidelines suggest the 

involvement of national statistical agencies, some of which already contribute to the national product 

accounts. These include: 

 National Statistical Offices: Agricultural production (crops and livestock); health statistics 

(incidence of environmentally-related diseases), population data, tourism data. 

 Meteorological Agencies: Rainfall, temperature, climate variables. 

 Departments of Natural Resources: Timber stock and harvest; biomass harvest for energy; water 

supply and consumption; natural disaster statistics (floods, landslides, storms); land cover (to 

estimate carbon stock and sequestration); remote sensing (to estimate primary production). 

 Water management and related agencies: Water stocks and flows, abstraction rates, data from 

hydrological modelling. 

 Departments of Agriculture: Crop production, use of inputs in agriculture, erosion potential, 

biomass harvest. 

 Departments of Forestry: Forest stock and harvest; growth rates of forests, carbon sequestration 

 Departments of Environment and Parks: Iconic species habitats, visitors to natural areas, 

biodiversity. 
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Supplementary global data sets include the Harmonized World Soil Database and the ISRIC-WISE 3.1 soil 

profile database, global digital elevation models, forest cover from Global Forest Watch, biophysical 

indicators from MODIS, and hydrology data from WaterWorld. Area research institutions may also compile 

data from conducted studies. Valuation databases include EVRI (Environmental Valuation Reference 

Inventory, at www.evri.ca) and the TEEB (2010) based ESVD (Ecosystem Service Valuation Database at 

http://www.fsd.nl/esp/80763/5/0/50). 

Definition and classification of ecosystem services for agriculture 

The SEEA EEA guidelines highlight the importance of measurement scope and definition for integration of 

ecosystem services with the SNA production boundaries. This includes distinguishing final services from 

intermediate services, as with other areas of the national accounts. Classification also requires determining 

final end users and benefits, which is needed to construct the supply accounts attaching each service flow 

to a final user. 

The guidelines provide some examples of linking ecosystem service types (provisioning, regulating, 

cultural) to final benefits (e.g. harvested timber, crop biomass, climate regulation, cleaner air and water), 

noting that in some instances benefits could be both final and intermediate. The SEEA EEA approach to 

classification is largely consistent with the EU CICES, alternatives include the US EPA classification 

system for final ecosystem goods and services (FEGS-CS) (Landers and Nahlik, 2013) and the associated 

National Ecosystem Service Classification System (NESCS) (US EPA, 2015). The SEEA EEA guidelines 

note that these alternatives can be seen as complements to one another, as both include hierarchical 

structures for ecosystem types, uses, and benefits. 

Recommendations 

The SEEA EEA framework includes a detailed reporting of technical recommendations (Obst et al., 2017), 

a number of which are directly relevant to agricultural TFP. 

 Establish national spatial data infrastructure (NSDI). Central to these is the need for each country 

to develop a national spatial data infrastructure (NSDI). The NSDI is critical both for delineating 

ecosystem spatial areas, but also for connecting these ecosystem areas to land use and other 

related agricultural production activities. In many cases, much of the work to establish an NSDI has 

already been done by various government agencies, as well as NGOs. This highlights the need for 

cross-agency coordination, as well as public/private data sharing agreements. 

 Begin with ecosystem extent. A basic first step, before considering qualitative measures of 

condition, is to account for total areas for each ecosystem type (e.g. wetlands, grasslands, forest). 

Ecosystem extent, or land cover maps should be consistent in level of spatial detail with data on 

land use, to account for ecosystem use. Ecosystem accounting should use the NSDI to integrate 

ecosystem extent with land use, as well as soil, hydrology, and protected area data. 

 Measure ecosystem condition relative to standard reference condition. This facilitates aggregation 

and comparison, and is often more meaningful than raw condition indicator values. The use of the 

standard reference condition approach also facilitates comparison of condition across ecosystem 

types. 

 Measure condition by ecosystem type. This builds on the delineation of ecosystem type for extent 

measures. The measure for each type should use a specified set of indicators that can be replicated 

across locations. This calls for parsimony in selecting the set of relevant indicators to capture the 

main aspects of condition, and should draw on scientific expertise. 

 Begin with a limited set of ecosystem services. Rather than attempting to capture everything, start 

with the services which can be readily quantified and connected to agricultural production. In many 

cases, beginning with soil and water ecosystem services would be most relevant for agriculture, 
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as well as readily measured. Incorporating additional services can then build on the same 

framework for incorporating these initial services. 

 Make use of biophysical models for data. Biophysical process models are well developed and 

widely used to combine collected observed data and to estimate remaining data for measures of 

condition and extent. These models are generally spatially explicit, which also allows for integration 

with land use and agricultural practices. It is important to make transparent the model methods and 

results in any reporting of accounts using model data. 

 Valuation estimates should be exchange values. Values should reflect the monetary value of the 

contribution of the ecosystem service to economic production and consumption values. The value 

used for accounting purposes should not be considered a comprehensive or total value of the 

ecosystem. 

 No single valuation method always applies. The valuation approach employed should depend on 

whether the ecosystem service contributes to a marketed good already included in the national 

accounts, such as agricultural production, or non-marketed public benefit such as cultural or 

aesthetic values. Allowing for a variety of valuation methods expands the potential for different 

types of ecosystem services to be included. It is important to make transparent the given valuation 

method assumptions and limitations, employing the state of the art from the valuation literature. 

 Begin with land and water accounts. Much of the data and methods are generally in place for both 

land and water accounts. Land accounts also then would serve as an input or foundation for spatial 

delineation of ecosystems and for integrating ecosystem services with related land use and other 

agricultural production activities. Water resource accounts should integrate information on 

groundwater and atmospheric water. 

 Measure carbon stocks and flows at national level. All countries should develop national carbon 

accounts, which can also be disaggregated to sectoral accounts of stocks and flows for carbon. 

 Begin with aggregate biodiversity stock. More testing is required to account for causal relationships 

for species-level changes to biodiversity. This first requires time series data for opening and closing 

biodiversity levels. Causal drivers of biodiversity should be measured in a supplementary account, 

once more fully tested. Changes to biodiversity condition should be accounted for separately in the 

condition accounts. 

Conclusion 

Improving standardised environmental/ecosystem accounting frameworks and insights into interactions 

between the economy and the environment is crucial. Otherwise, any attempt to develop a comprehensive 

measure of agricultural TFP to include ecosystem services runs the risk of becoming unusable in practice, 

particularly for meaningful economic comparisons and aggregation across production units, sectors, 

regions, and nations. Broadly speaking, both the literature and agencies are progressing towards a more 

unified framework with this objective in mind. We conclude by considering areas of consensus and open 

debates moving forward. 

A fundamental point of consensus is that environmentally-adjusted measures of TFP should be consistent 

with current SNA guidelines, so that ecosystem accounts can be integrated with the existing product 

accounts. Early work in the literature, including Nordhaus (2006), Boyd and Banzhaf (2007), and Muller 

and Mendelsohn (2007) draw on standard accounting methods for GDP to incorporate final environmental 

outputs, both goods and bads. SEEA EEA framework represents the most fully developed agency-led 

effort to integrate ecosystem services into the existing product accounts. The national statistical agencies 

have largely followed suit, including Australia, Canada, the United States, the United Kingdom, and many 

EU Member states.2 
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Related to this, both the agencies and the literature call for the use of economic valuation methods to 

estimate monetary values for ecosystem services, for integrating final ecosystem service outputs into the 

product accounts in the absence of market prices. The distinction between ecosystem stocks and flows, 

and its analogue to produced capital, is also widely shared. As is the recommended use of ecosystem 

indicators to measure composite condition, and to track change in ecosystem condition from one 

accounting period to the next, similar to accounting for depreciation or improvements to the capital stock 

over time. 

Beyond these broad areas of consensus, many of the open debates and unresolved research issues 

surround the underlying details for practical implementation. Obst (2019) separates these ongoing 

research issues according to the four components of ecosystem accounting: spatial units, ecosystem 

condition, ecosystem services, and valuation and accounting. Defining the appropriate spatial scale for 

analysis and aggregation depends on a number of factors, including ecosystem and production type, as 

well as region, making the choice of spatial unit less transferable for standard guidelines. While direct 

service flows, such as water for irrigation, are more readily amenable to integration, measures of 

ecosystem condition, as well as the biophysical relationships connecting condition to flows, remain less 

defined. 

Classification and definition issues for ecosystem services also persist, both in the literature and amongst 

the agencies. Related to this is the selection of which services to include, particularly for the case of 

intermediate benefits. The use of economic valuation for accounting purposes by the agencies diverges 

from the more common use of valuation for estimating welfare effects in the literature. Reconciling this 

disconnect will likely require the greater use of production-oriented approaches to valuation, to more 

directly estimate exchange rates between production and the environment. In addition, there is some 

debate on whether to incorporate bads, such as pollution, as undesirable outputs or inputs. The productivity 

analysis literature offers some guidance on this final point. 

These unresolved research issues present immediate opportunities for research moving forward, including 

more formal mathematical modelling of the SEEA EEA framework, biophysical modelling to better measure 

ecosystem capacity and connect condition to flows, production-oriented approaches to valuation, 

ecosystem indicator selection, and data collection. 

Pilot studies may be particularly useful for testing alternative approaches to some of these details on a 

smaller scale before wider implementation. Advances in remote sensing and computational methods for 

integrating biophysical-economic modelling, many of which have been developed specifically for 

agricultural production and associated environmental processes (e.g. soil and hydrology), will aid in many 

of these efforts. As will the longstanding academic and agency research ties between agriculture, 

productivity, and environmental and natural resource economics. 

A few common themes emerge from the technical recommendations. First, this work should be approached 

incrementally. Constructing the accounts will require first laying groundwork for spatial analysis, then 

identifying key initial services, rather than attempting a complete account of all services. Following an 

incremental approach, each stage of accounting should build and be integrable with the next, to allow for 

expansion of the accounts to be more detailed and comprehensive over time. Second, the methodology 

should be transparent and standardised, to allow for replication, validation, and comparison both within 

and across countries, as well as integration into the existing national accounts. However, the framework 

should also allow some flexibility, to accommodate different ecosystem types and different ecosystem 

uses. Lastly, countries and agencies should work to develop data sharing agreements. Increased data 

sharing would further standardization and transparency goals, as well as facilitate broader implementation 

of the accounting framework. 
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This chapter focuses on labour input and presents concepts, data sources, 

and methods used to estimate labour input for productivity measurement in 

the agriculture sector. Labour input is one of the inputs to agriculture 

production and often the most important one, especially in the developing 

countries. An accurate estimate of labour input is required for measuring 

total factor productivity and labour productivity in the agriculture sector. 

  

8  Measurement of labour input 
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Introduction 

Statistical agencies and government departments have published labour input measures, labour 

productivity measures, and total factor productivity measures for the agriculture sector. The Economic 

Research Service of the United States Department of Agriculture (ERS/USDA) has develop national and 

state-level agricultural labour input and productivity measures. 

Eurostat has developed a measure of agricultural labour input called average work units (AWUs) which is 

defined as full-time equivalent employment (corresponding to the number of full-time equivalent jobs) within 

the economic territory. The measure is then used to derive a labour productivity measure of the agricultural 

sector defined as the deflated factor income or real net value added at factor cost per average work unit. 

The other national statistical agencies and government departments have also published agricultural 

labour input measures for measuring agricultural productivity (for example, Statistics Canada, Agriculture 

and Ari-Food Canada, Australia Bureau of Statistics, and Australia Government Department of 

Agriculture).  

The statistics on labour input and related productivity measures released by different organisations often 

differ in terms of the concept and definition of labour input and the scope of the agriculture sector, which 

makes it difficult to compare the agriculture productivity performance across countries. The differences 

may also result from the differences in data sources (such as household survey, farm level survey or 

administrative data) used to estimate labour input. It is sometimes even difficult to monitor the trend in 

agriculture productivity performance of a single country over time as a result of frequent revisions and 

changes to the measures over time. Furthermore, the measures of agricultural labour input and productivity 

are often lacking for many other countries. 

Given the importance of agricultural labour input and productivity, there are a number of recent attempts 

to identify best practices, and to provide recommendations for the measurement of agricultural productivity 

and relative variables such as labour, land, capital and intermediate inputs. The Global Strategy to improve 

Agricultural and Rural Statistics (GSARS), a statistical capacity-building initiative whose Global Office 

hosted by the Statistics Division of Food and Agriculture Organization of United Nations (FAO) has 

developed guidelines and recommendations for the measurement of agricultural productivity and related 

output and input variables (GSARS, 2018). These Guidelines and recommendations are intended to assist 

countries especially developing countries in improving their measurement and monitoring of agricultural 

productivity. 

This chapter presents a framework for estimating agricultural labour input, an important component of the 

overall measurement framework for agricultural total factor productivity and environment. The framework 

is based on existing methodology and practices for the measurement of labour input in national statistical 

agencies and government departments. The concepts and methods for estimating labour input presented 

here are compatible with the guidelines and recommendations by OECD manual on measuring productivity 

(OECD, 2001) and the System of National Accounts 2008 (SNA 2008); EC et al., 2009) for the 

measurement of labour input and productivity. The chapter provides a detailed discussion of the 

measurement issues that are unique to the agriculture sector. Those unique measurement issues arise 

from the importance of self-employed operators and unpaid family workers of un-incorporated businesses, 

the prevalence of part time, seasonal and temporary workers, and the difference in the organization and 

input structures of agriculture production. 

The concept of labour input should capture all labour input that is used for agricultural production (full time 

employees, part time employees, seasonal workers and the owners of un-incorporated farms, and their 

effort devoted to agricultural production). In practice, measures used may not provide accurate measures 

of this concept due to data availability or difficulties in obtaining data on labour input due to prevalence of 

part time and seasonal workers, un-incorporated businesses. As a result, the various measures of labour 
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input are used such as the number of persons, hours worked, fulltime equivalent employment or 

composition-adjusted labour input depending on data availability. 

The measurement framework for agricultural labour input and productivity presented in this handbook is 

fully integrated with the System of National Accounts (SNA, 2008). The estimation of labour input and 

productivity correspond as closely as possible to the National Accounts production and asset boundary, 

which serves to measure the production of goods and services. This measurement principle is 

recommended by SNA 2008 and has been adopted by national statistical agencies and institutions that 

publish productivity measures. 

The full integration of labour input and productivity measures with the national accounts has a number of 

advantages. First, it improves the consistency between agricultural inputs (capital, labour and intermediate 

inputs) and agricultural output that are used to measure productivity. Second, the full integration with the 

SNA improves the comparability of agricultural productivity estimates across countries as the SNA is an 

international standard adopted by countries to compile statistics on production. Third, it allows for a 

comparison of productivity between agriculture, manufacturing, and service industries within a common 

framework and tracks the productivity growth of the agriculture sector over time. 

Concepts 

Labour input for productivity measurement measures the flow of services from human capital used in 

agricultural production, which encompasses knowledge, skills and competencies of workers that contribute 

to productivity and economic growth and it can be acquired from education, training, experience and 

improved health (OECD, 2001). This flow of service from human capital differs from the stock of human 

capital. The flow of services from human capital is labour input that can be compared with output to derive 

a measure of productivity in the agriculture sector. The stock of human capital is a component of 

comprehensive wealth (which includes natural capital, land, produced capital and human capital) used for 

evaluating the sustainability of agriculture production (Jorgenson and Fraumeni, 1989, Stiglitz, Sen and 

Fitoussi, 2009).  

This chapter focuses on the flow concept in agricultural production process and presents the concept of 

labour input and the various measures of labour input. The chapter starts with a delineation of the scope 

of agriculture sector, the discussion of the types of workers engaged in agriculture production, and concept 

of nominal value of labour input, and its price and volume components. 

The scope of the agriculture sector 

Two approaches are used to define the scope of the agricultural sector, one based on industry perspective 

and the other based on the activity or product perspective. The industry approach is often chosen to define 

the scope of agriculture sector for productivity measurement. The activity approach, while useful for 

measuring the productivity and sustainability of particular crop and animal production, is seldom adopted. 

From industry perspective, the scope of agriculture comprises all farms or agricultural holding whose main 

outputs are agriculture products. The output of the agricultural industry includes both the main agriculture 

products of the agricultural production units, but also the secondary products which are often non-

agricultural and are inseparable from the main agricultural activities. It excludes the agriculture products of 

non-agricultural production units. To be consistent with this industry perspective, agricultural labour input 

includes all work unit used for the production of main agricultural activities and secondary non-agricultural 

activities by agricultural production units. 

Alternatively, the scope of the agriculture can be defined using the activity or product perspective. The 

scope of agriculture from the activity perspective is defined in terms of the production of agriculture 

products or agricultural activities. This would include the production of agriculture products by farm 
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operations and non-farm operations, but excludes the production of no-agriculture products by farm 

operations. This product perspective for productivity measurement is useful if the main interest is to monitor 

the competitiveness in the production of agriculture products such as production of wheats and soybeans 

(Denison, 1974; Durand, 1996; and Gu and Yan 2017).  

The industry perspective is adopted to measure agriculture productivity by most organizations that produce 

agricultural productivity statistics. This industry focus is adopted by Eurostat and GSARS as it is more 

closely related to the income of farm workers and is also chosen for practical reasons. The alternative 

product perspective for the measurement of agricultural productivity require an allocation of inputs among 

the production of various farm products in farm operations, which is often imputed and not directly 

estimated. Indeed, very few statistical agencies produce productivity measures by product. An exception 

is Statistics Canada that produced such estimates in the past (Durand, 1996). 

Given the choice for the scope of agriculture sector (industry vs activity), a difference may also arise in the 

treatment of agricultural products used for intermediate consumption by the same production units (such 

as crop products intended for use as animal feedingstuffs) and agriculture products used for intermediate 

consumption by another agricultural production units. Those differences give rise to the concept of total 

output, gross output, sectoral output (see the chapter on measurement of output). The USDA adopts the 

concept of sectoral output that excludes the production of agriculture products used for intermediate 

consumption by another agricultural production units. 

The Economic Accounts for Agriculture and Forestry (EAA,1997, rev 1.1.) adopts the concept of gross 

output where agriculture production represents the sum of all production by agriculture production units, 

but excludes the production of crop products intended for use as animal feedingstuffs in the same 

production units. The concept of total output includes the production of crop products intended for use as 

animal feedingstuffs in the same production units. For productivity measurement, the concept of labour 

input should be consistent with the concept of output that is chosen. 

Paid and self-employed and unpaid family workers 

The System of National Accounts 2008 (SNA 2008) distinguishes two types of labour for agriculture 

production: paid workers, and self-employed workers that include unpaid family workers:1 

 Paid workers: The paid workers (also called employees) include hired workers, the operators of 

incorporated farm businesses, and the operators of the farm businesses owned by governments. 

 Self-employed workers: The self-employed workers include the operators of un-incorporated farms 

and unpaid family workers. The operators of unincorporated farms could be a husband and wife, a 

father and son, sisters, brothers or two neighbours. The unpaid family workers are members of the 

family who work on farms without getting paid. 

The two types of agricultural workers are closely related to the organizations of agricultural production 

units. The agriculture industry includes both incorporated farm businesses (corporations) and un-

incorporated businesses. Incorporated farm businesses include both family corporations and non-family 

farm corporations, and also include quasi corporations that are owned by governments. Unincorporated 

farm businesses include sole proprietorship and partnership.  Paid workers tend to work in incorporated or 

large commercial farms. Self-employed and unpaid family workers work for unincorporated farms and 

include the owners of those farms. 

In addition to paid and self-employed and unpaid labours working on farms, there is contract labour. The 

contract labour is treated as the purchase of labour services as intermediate inputs from the special 

contractors. There are also professionals such as lawyers, tax accountants, and veterinarians that the 

operators of the farms hire to perform those services. The services of those professionals are also treated 

as intermediate inputs to agriculture production. 
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This definition of paid workers, and self-employed and unpaid family workers in the SNA for the 

measurement of productivity differs from the classification of workers used for other purposes. For 

example, the ILO statistics include the operators of both incorporated farms and un-incorporated farms in 

the category of self-employed workers (SNA 2008, para 19.28). 

Value of labour input or compensation of employees 

In the SNA and productivity measurement, the value of labour input is the compensation of employees that 

includes the compensation of paid workers and the compensation of self-employed and unpaid family 

workers.  

The compensation of employees in the SNA includes all payments in cash or in kind that businesses make 

to workers in return for their services. It includes wages and salaries (including bonus, tips, taxable 

allowance and back pay), supplementary income of paid workers (various employer contributions) and 

implicit labour income of self-employed and un-paid family workers. 

The compensation of self-employed and unpaid family workers is not directly observed and needs to be 

imputed. For the owners of un-incorporated farms, the mixed income is recorded and which needs to be 

split between the compensation for labour and compensation for capital. 

Volume of labour input 

The value of labour input or compensation of employees is to be decomposed into the price and quantity 

(volume) components of labour for the measurement of total factor productivity in the agriculture sector. 

Total factor productivity is defined as the ratio of the volume of output to the volume of input that includes 

labour, capital and intermediate inputs. 

There are alternative measures of the volume of labour input. It can be measured by the number of 

workers, the number of full time equivalent, the hours of worked, or the hours worked adjusted for the 

composition of hours worked disaggregated by the characteristics of workers with different contribution to 

production such as education, gender, age, class of workers and occupation. 

The price of labour input is then calculated as the value of labour divided by the volume of labour. For 

example, when the volume is the number of employees, the price of labour input is the compensation per 

worker. When the volume of labour is hours worked, the price of labour is hourly compensation rate per 

hour worked.  

The measure of labour input currently available in many countries is often the number of workers 

(GSARs, 2017). This measure does not take into account the difference in hours worked on farms by part 

time workers and full time workers, and by seasonal worker and permanent workers. It is the least 

comparable across countries among various measures of labour input as it over-estimates labour input for 

those countries with relatively high share of part time and seasonal workers compared with those countries 

where the share is relatively low. Nor does this raw labour count measure provide an accurate estimate of 

growth in labour input over time in a country as the composition of agriculture changes over time. 

For productivity measurement, hours worked and hours worked adjusted for composition are 

recommended in SNA 2008 to account for the differences. Those two measures are more comparable in 

the cross-country comparison of productivity and are more consistent over time. The concepts of those 

two measures will be discussed in more details in the next section. 

Hours worked and the quality-adjusted labour input 

The concept of hours worked follows the one recommended in the System of National Accounts. Hours 

worked are derived from the total number of hours that a person spend at work, whether they are paid 
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hours or not. In general, it encompasses regular hours and overtime, including breaks, travel time, on the 

job training time and time lost due to temporary work stoppages during which employees remain at their 

posts. Hours worked do not include time lost due to strikes and lockouts, annual vocations, statutory 

holidays, sick leave, maternity leave or leave for personal responsibilities (SNA, 2008). 

The sum of hours worked would be a valid measure of labour input for productivity analysis if workers were 

homogeneous and the contribution to agriculture production is the same across different types of workers. 

However, the contribution of a worker differs by sex, age, education, and class of employment (paid vs. 

self-employed) and their composition changes over time. 

The composition-adjusted labour input takes into account this difference in the contribution of different 

types of workers, such as between more and less skilled workers. This measure is constructed by 

Jorgenson, Gollop and Fraumeni (1987) for the US industries. It has been adopted by a number of 

statistical agencies and institutions in their TFP estimates (US BLS, USDA, Statistics Canada, AAFC of 

Canada). 

The indices of labour input are constructed from data on hours of work and labour compensation per hour 

by worker type. The growth in labour input is a weighted aggregation of the growth in hours worked by 

types of workers with weights based on labour compensation. The labour compensation is assumed to 

equal to the contribution of a worker to the agriculture production. The growth in labour input will be higher 

than the growth in hours worked when there is a shift in hours worked towards those workers with relatively 

high labour compensation and marginal product (e.g. more experienced and more educated workers). 

To construct an index of labour inputs, it is assumed that the aggregate labour input (L) can be expressed 

as a translog function of its individual components. The growth rate of the aggregate labour input is 

therefore a weighted average of the growth rates of its component  lL :  

ln lnl l
l

L v L  
 

where   denotes a first difference, or change between two consecutive periods, period t and period t-1, 

for example:  

ln ln ( ) ln ( 1)L L t L t     

The weights are given by the average share of the components in the value of labour compensation:  

 1 / 2 ( ) ( 1) ,
L
l l

l l l l L
l l

l

p L
v v t v t v

p L
   


, 

where  Llp  is the hourly compensation of a type of workers i. At market equilibrium, the hourly 

compensation of a worker is equal to its marginal product. Aggregating labour input by means of 

compensation rates effectively accounts for the differences in the productive contribution of various types 

of workers.  

For each type of workers, we assume that labour input  lL is proportional to hours worked  lH  

( ) ( )l l lL t QH t  

where the constants of proportionality  lQ  transform hours worked into flows of labour services.  

With this assumption, the growth rate of labour input can be expressed in terms of the components of 

hours worked  lH :  
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ln ln lnl l l l
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The growth rate of the labour input that adjusts for the compositional changes of hours worked differs from 

the growth in the sum of hours worked. The difference is defined as the compositional or quality change of 

labour input  

ln ln ln ln lnL
l l

l

Q L H v H H      , 

where l
l

H H  is the unweighted sum of hours works. This quality index measures the contribution to 

labour input from substitution among its components. Labour quality remains unchanged if all components 

of hours worked grow at the same rate. Labour quality increases if the share of workers with relatively 

higher earnings (more educated and older workers) increases. Labour quality falls if the share of those 

workers declines. 

For the measure of labour input, the quality or the marginal product of a type of worker is assumed to be 

constant. The quality change of aggregate labour input reflects the compositional changes of different 

types of workers. The quality changes within a type of workers are not normally captured in a measure of 

labour input due to the practical difficulty of measuring this within-component quality changes. 

The components of labour input are groups of workers with similar contribution to production and the 

groups of workers are often characterized by gender, age, education, employment class (paid vs. self-

employed and unpaid workers), which can be extended to include occupations and health. To identify the 

contribution to labour input from worker characteristics such as gender, age, education, and employment 

class separately, the partial indices of labour input are constructed that correspond to these worker 

characteristics. For this purpose, saecH  denotes the components of hours worked, classified by sex s, age 

a, education e, and employment class c. saecv  denotes the shares of these components in the value of 

labour compensation. A partial index of labour input corresponding to, for example, sex, is defined as 

follows:  

ln ln ln ,s
s s s saec

s s a e c

L v H v H
 

      
 

    

where, 

 1 / 2 ( ) ( 1) ,s s s s saec
a e c

v v t v t v v    . 

The partial index of labour inputs corresponding to sex captures substitution between the two sexes alone. 

Similarly, the partial labour input indices for age, education or employment class measure substitution 

between age groups, educational attainment levels, or employment classes. 

The growth rate of the partial labour quality index is the difference between the growth rates of the partial 

labour input index and hours worked. These partial quality indices measure the contribution to labour 

quality from gender, age, education, and employment class separately. 

The partial index of labour quality defined above captures the first-order substitution for types of workers 

within a single worker characteristic such as gender, age, education. The second or high order substitution 

between types of workers can be calculated in a similar way. It can be shown that the change in aggregate 

labour quality can be decomposed into contribution from the changes in the first, second and higher order 

partial labour quality indices.  

The partial indices of labour quality are used to show the relative importance of worker characteristics in 

the overall changes in labour quality. For example, the evidence for Canada shows that the increase in 
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educational attainment (towards more educated workers) is the predominant source of the growth in labour 

quality in Canadian business sector over the last 60 years (Gu et al., 2003). 

The aggregation of hours worked across types of workers for labour input measurement is based on 

Tornqvist aggregation. Alternatively, the aggregation can be based on Fisher Aggregation. In practice, the 

two aggregation will yield almost identical estimates of labour input growth. 

Following SNA 2008, the chain aggregation should be adopted to derive indices of labour input over a 

period. The index of labour input is estimated every year and is then linked over years to derive the time 

series estimates of labour input over a period. Chained Tornqvist, chained Fisher, chained Laspeyres are 

all valid aggregation and are found to provide similar estimates.  

Data sources and methods for estimating hours worked, labour compensation 

and quality-adjusted labour input 

This section outlines the data sources and methodology used to estimate hours worked, labour 

compensation and quality-adjusted labour input. In general, there are three main sources from which 

estimates of labour can be obtained, namely household surveys, establishment (or enterprise) surveys, 

and administrative data. 

 Household surveys. Household surveys such as the Labour Force Survey and the Census of 

population collect information by asking members of selected households whether they are working 

and how much time they spend at work, whether paid or unpaid. In addition, household surveys 

collect information on social economic characteristics of household members such as age, 

education and gender. 

 Establishment (or enterprise) surveys. Establishment surveys such as the Census of Agriculture 

and Surveys of Farms ask employers directly for information on the number of people working at 

their businesses and sometimes on the amount of time they work (normally their hours paid). 

 Administrative data. Administrative data files such as corporate income tax returns and payroll 

deduction accounts collect information on wages and supplementary labour income of workers for 

corporations. The administrative data also provide information on the number of jobs for 

corporations. There are also administrative data that provide information on unincorporated 

businesses. 

The national accounts often publish employment, labour compensation of paid employees and mixed 

income of self-employed workers that are derived from various data sources, plus adjustments and full re-

conciliation with additional information in the national accounts. When such data for the agriculture sector 

exists, the estimates of labour input for agriculture productivity measures can be adjusted to be consistent 

with the national accounts estimates. 

In general, the estimation of hours worked proceeds in two stages. First, estimates of jobs are derived for 

paid workers and self-employed and unpaid workers. Second, hours worked per job is derived for those 

two types of workers. The total hours worked for the agriculture sector is then derived by multiplying those 

two components:  

Hours worked = number of jobs * hours worked per job 

The hours worked is calculated separately for paid and self-employed and unpaid family workers and then 

summed to derive the total hours worked. 

The choice of particular sources depends on three factors: the extent to which they are consistent with the 

required concept of labour input, whether their coverage is consistent the scope of agriculture sector 
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defined in the national accounts, what is the accuracy or errors of the data sources used for estimation 

labour input. 

Schreyer (2001) and Maynard (2008) discussed the strength and weakness of household surveys and 

establishment surveys that are used to estimate jobs, hours per job and hours worked. Household surveys 

provide a measure of hours worked that corresponds to the SNA concept of hours worked, while 

establishment surveys often only collect data in hours paid that that differ from hours worked by the amount 

of hours worked that are not paid. In addition, the overtime hours may not be counted in establishment 

surveys. The advantage of establishment surveys is more reliable estimates of industry employment as 

establishment surveys are based on the business register that comprises of all businesses operating in a 

country and assigned an industry code according to standard industry classification. 

The particular choice of data sources is not without consequences for the estimates of labour input. Baldwin 

et al. (2005) found that the estimate of hours worked from establishment surveys is about 9% lower than 

the estimate from household survey for the US business sector. 

The data sources and methods for the estimation of jobs, hours worked per job and labour compensation 

differ between paid and self-employed and unpaid workers. The section below will first discuss the 

estimates for paid workers, and then the estimates for self-employed and unpaid workers. It is often a 

combination of different surveys are needed to obtain the estimates. 

Hours worked and labour compensation of paid workers 

The number of jobs and hours worked per job for paid worker can be derived from household surveys, 

establishment surveys and administrative data. 

 Household surveys such as the LFS and the Census of Population can be used to estimate the 

number of jobs and hours per job for paid workers. 

 Establishment surveys such as the census of agriculture and survey of farms can be used to 

estimate the number of jobs and hours per job for paid workers. 

 Administrative data such as payroll deduction accounts can be used to estimate the number of jobs 

for paid workers and but often do not collect information on hours worked. 

While the number of jobs of paid workers for the agriculture sector can be derived from multiple sources 

such as household surveys, establishment surveys and administrative data, the hours worked per job 

typically comes from household survey. The hours worked can also be derived from establishment surveys 

that normally collects information on hours paid which needs to be converted to hours worked using 

additional information on paid holidays and vocations. The final estimates of hours worked are derived 

from combining those various data sources. 

Labour compensation of paid workers can be derived from establishment surveys (census of agriculture 

and surveys of farms) and administrative data files. 

Hours worked and labour compensation of self-employed and unpaid family workers 

Hours worked for self-employed and unpaid workers are often derived from household surveys such as 

labour Force Survey and Census of Population, as establishment surveys typically do not collect such 

information. As the LFS has limited sample size for estimates of hours worked of self-employed workers, 

the Census of Population is often combined with the LFS for the estimates of hours worked of self-

employed and unpaid family workers.  

The mixed income of self-employed and unpaid workers is derived from household surveys, Census of 

Agriculture and administrative data files such as income tax data files. Those estimates are also published 

in the national accounts. The mixed income includes the income from both capital and labour for un-
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incorporated family farms. For productivity measurement, that mixed income estimates must be allocated 

between remuneration to self-employed and unpaid family workers and remuneration to capital.  

There are two main alternatives for the allocation of mixed income between labour and capital. First, it is 

assumed that the average compensation per hour worked of a self-employed person equals or is 

proportional to that of paid workers, which can be further refined by distinguishing the workers by their 

characteristics. The method was adopted by Statistics Canada and the USDA. In contrast to this 

replacement cost imputation, the opportunity cost imputation can be used to impute labour compensation 

of self-employed and unpaid family workers using their opportunity costs or their labour compensation 

while working off farms. 

Second, a common rate of return could be assumed to the capital of corporate and quasi-corporate firms 

and the capital of the self-employed. This allows capital income of the self-employed to be computed and 

labour income to be estimated residually. This is the method adopted by Agriculture and Agri-Food Canada 

(AAFC) in its agriculture production accounts (Cahill and Rich, 2012). 

The two methods do not necessarily yield the same results. However, the first method and its variants are 

simpler to implement than the second method. The second method requires accurate estimates of capital 

for unincorporated business that are lacking and of less quality. 

Quality-adjusted labour input 

To estimate quality-adjusted labour input, the estimates of hours worked and labour compensation for the 

agriculture needs to be further disaggregated by the types of workers. 

The workers are typically disaggregated by gender, age, education, and class of workers. For the purpose 

of illustration, it is assumed that there are two sexes, seven age groups, four educational levels, and two 

classes of employment. Thus, the classification involves a total of 2 x 7 x 4 x 2 = 112 types of workers. 

 Sex: Male; Female  

 Employment class (2): Paid Employees; Self-employed and unpaid Family Workers  

 Age group (7 types): 15-17; 18-24; 25-34; 35-44; 45-54; 55-64; 65+  

 Education (4 types): 0-8 years of grade school; some or completed high school; some or completed 

post-secondary; university or above  

The objective is to generate annual estimates of hours worked and labour compensation for each of 

112 worker types. For that purpose, household surveys are often used as the household surveys provide 

information on worker characteristics by gender, age, education and class of workers. In contrast, 

establishment surveys normally do not collect such information. 

The Labour Force Survey and Census of Population are combined to estimate hours worked and labour 

compensation by worker types. That is because the LFS is a sample survey that does not provide accurate 

information on worker types at that much detailed disaggregation such as the agriculture sector. In contrast, 

the Census of Population has the sample size for that detailed dis-aggregation of worker types.  

The methodology begins with the Census of Population collected every five or ten years. The Census 

micro-data files are used to construct the benchmark matrices of annual hours worked and earnings for 

the Census reference years. The data from the Labour Force Survey (LFS) are used to estimate one-way 

and limited multiple-way tabulations of hours and earnings matrices for years between the Census 

benchmarks. To generate annual estimates of hours worked and labour compensation by types of workers, 

the method of iterative proportional fitting or RAS is used (for details, see Jorgenson, Gollop and 

Fraumeni, 1987). 

A weighted average of the two neighbouring benchmark matrices is used to initialize the method of 

proportional fitting. The data on annual hours worked and earnings from the LFS are used to control the 
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marginal distribution of hours worked and worker earnings by sex, age, education, and employment class. 

The quality of those one-way or limited cross-tabulation needs to be carefully evaluated for their accuracy 

before they are used as controls. All matrices of hours worked and earnings are then benchmarked to 

annual hours worked and annual labour compensation by the class of workers. 

The Census of Population and the Labour Force Survey provide data on wage and salary income of paid 

workers and mixed income of self-employed and unpaid family workers. Supplementary income such as 

employers’ contribution to pension plans and unemployment insurance is not included in the wage and 

salary income. But it should be included in labour compensation since it reflects the cost of labour input 

from the viewpoint of an employer. The mixed income of self-employed and unpaid workers from the 

Census of Population and the Labour Force Survey includes compensation to both labour and capital. 

To address those differences, the earnings matrices from the Census and LFS are adjusted to total labour 

compensation of paid workers and imputed labour compensation of self-employed and unpaid workers. 

Essentially, labour compensation among types of paid workers is assumed to be in proportion to their wage 

and salary income and labour compensation among types of self-employed and unpaid workers is 

assumed to be in proportion to their mixed income.  

The last step for estimating labour input is Tornqvist aggregation of annual estimates of hours worked by 

types of workers using weights based on their compensation. 

Examples of labour input estimation 

This section provides examples from Canada, the United States and EU countries for the estimation of 

hours worked, labour compensation and labour input for measurement of agricultural productivity. The 

discussion of labour input measure for Statistics Canada measure is more detailed. The discussion for 

USDA measure is less detailed as it is similar to measure by Statistics Canada. 

Measurement of labour input in the agriculture sector at Statistics Canada 

This section summarizes the estimation of labour input for the agriculture sector at Statistics Canada.  

Hours worked 

The hours worked for the agriculture sector is the sum of hours worked for paid workers and self-employed 

and unpaid workers. The hours worked for each type of workers are estimated by multiplying the number 

of jobs and average annual hours worked per job for that type of workers. The starting point for estimating 

total hours worked in the agriculture sector is to estimate hours per job and total number of jobs for paid 

workers and self-employed and unpaid family workers. 

In Canada, hours worked per job for the agriculture sector is obtained from the monthly Labour Force 

Survey (LFS) for both paid workers and self-employed and unpaid workers. The LFS is a monthly 

household survey providing data on persons, hours worked and payroll. The comprehensive nature of its 

questionnaire facilitates a conceptual harmonization of labour estimates with the SNA (2008). This requires 

that persons with more than one job be captured and that persons absent from work who were not paid 

during the week of the survey be excluded. 

As the LFS is a sample survey, the data are not the most reliable source for estimating hours per job at a 

detailed level of industry aggregation. The hours worked per job from the LFS is compared with the 

estimate from the Census of Population collected every five years to yield more accurate estimate of hours 

worked per job for workers. 
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The number of jobs for paid workers for the agriculture sector is estimated from monthly payroll deductions 

(PD) that employers in Canada file with Canada Revenue Agency. The PD file provides a more reliable 

estimate of jobs for the agriculture sector compared that from the LFS as the PD file is a census of all 

employers in Canada and the LFS is a sample survey that is not adequate for estimating jobs at more 

detailed level of industry aggregation. 

The number of jobs for self-employed and unpaid workers is estimated form the LFS. No establishment 

survey and administrative data can be used to estimate jobs for self-employed workers. Due to the limited 

sample size for the agriculture sector, the LFS are combined with the Census to provide a more reliable 

estimates of the jobs of self-employed and unpaid workers. 

The estimated number of jobs for paid workers needs to be adjusted to be reconciled with the wage 

component of labour compensation for the agriculture sector in the Canadian SNA. This involves a trade-

off between adjusting the number of jobs and adjusting the level of wage rate. For this reconciliation, the 

wages of paid workers are also estimated from the PD file for the agriculture sector. This initial wage 

estimate from the PD7 file is then compared with the wage component of the labour compensation in the 

SNA. If there is a large discrepancy between the initial wage estimate and the SNA estimate, the main 

adjustment is made to the number of jobs. For a small discrepancy, the wage rate from the PD file is 

adjusted to absorb more of the discrepancy. The trade-off is modelled by a Beta distribution within a -

20+20% range which means that outside these limits only jobs are adjusted, not the wage rate.  

In the case of self-employed workers, such trade-off is not possible as there are no estimates of labour 

income for self-employed workers in the national accounts. The adjustment to the number of self-employed 

jobs is done by comparing the mixed income in the national accounts with the jobs and imputed labour 

income of self-employed workers. 

The above method for estimating hours worked for the agriculture sector is also used for estimating hours 

worked for other sectors in the Canadian productivity accounts. As a final step, the hours and jobs in all 

industries are adjusted so that the sum of jobs and hours worked across all industries are the same as the 

total hours and jobs estimates at the economy level from the LFS which is considered as the most accurate 

estimates for Canada at the total economy level (Girard et al., 2006). 

Labour compensation 

Labour compensation of paid workers is mainly estimated from administrative tax files (T4 slips on 

employment earnings) combined with establishment surveys: the Census of Agriculture and Farm 

Financial Surveys. The mixed income of self-employed and unpaid workers is estimated from the 

administrative income tax data (T1 tax returns for individuals) combined with the Census of Agriculture. 

To allocate the mixed income of self-employed workers between capital income and compensation of self-

employed workers, a regression is estimated for the relative wage rates of self-employed and paid workers 

that controls for worker characteristics, industry effects, a general cubic root on time trend and a binary 

variable for self-employed with paid help (versus self-employed without paid help). The data for estimating 

the relative wage equation is the Census micro data files collected every five years starting in 1981. This 

relative wage rate is then applied to the compensation rate of paid worker in order to derive the 

compensation rate of self-employed and unpaid workers. The relative wage of self-employed to paid 

workers is found to be less than one and has been declining over time. 

Hours worked by types of workers for estimating quality-adjusted labour input 

The starting point for estimating labour input is to generate the estimates of hours worked and labour 

compensation by types of workers for the agriculture sector. For Canada, workers are cross-classified by 

gender, age groups, education and class of workers (paid and self-employed workers). The census provide 
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benchmark estimates of hours worked and labour compensation that is combined with one way tabulation 

of hours worked and labour compensation from the LFS. 

The Census micro data provides information on hours worked for each type of workers during the reference 

week. It also provides data on the number of weeks worked during the year prior to the Census (reference 

year). From those Census micro-data files, the matrices of annual hours worked for the cross-classification 

of worker types are derived. Annual hours worked for each type of workers during a reference year is 

calculated as the number of weeks worked in the reference year multiplied by the number of hours worked 

in the reference week.  

The class of employment in the Census refers to whether the worker is a paid, self-employed, or unpaid 

family worker in the reference week. However, a worker’s employment status in the reference week does 

not necessarily reflect his status in the reference year. We have thus reclassified a worker between paid 

employment and self-employment by comparing his paid employment and self-employment income in the 

reference year.  

Micro-data files from the LFS are used to obtain one-way and limited multi-way tabulations of annual hours 

worked by sex, age, education and employment class. These tabulations are then used as control 

marginals in the method of iterative fitting to estimate the hours worked matrices between the censuses 

for that period.  

The monthly LFS provides data for each worker type on usual hours worked during the reference week 

(usually the week containing the 15th day of the month). For each worker type, annual hours worked is 

calculated as the average weekly hours worked in a year times the number of working weeks in a year 

(which is set at 52 weeks). For multiple jobholders, hours worked on the second job are aggregated to the 

employment class of the second job.   

Labour compensation by types of workers for estimating quality-adjusted labour input 

The Census micro data files are used to derive benchmark matrices of worker earnings for the Census 

reference years. The LFS micro data files are used to estimate hourly earnings and hours worked by 

gender, age, education, and employment status. The earnings per hour are then multiplied by hours 

worked from the LFS to obtain one-way tabulation of annual earnings by gender, age, education, and 

employment status. These one-way tabulations are used as control marginals in the method of iterative 

fitting to annual estimates of earnings by types of workers using the iterative proportional fitting or (RAS) 

method.  

Quality-adjusted labour input 

This section presents the findings from estimates of labour input for the agriculture sector in Canada. Those 

findings illustrate the kind of information that can be provided from the labour input data that is constructed 

for productivity measurement. 

Figure 8.1, Figure 8.2, Figure 8.3 and Figure 8.4 present the composition of hours worked by gender, class 

of workers, age group and educational attainment in the Canadian agriculture sector. The workers in the 

agriculture sector are more likely to be male, older, less educated, and self-employed compared with those 

in the total business sector. 

The share of female workers in hours increased from 18% to 22% in the agriculture sector from 1980 to 

2017. This increase mirrored the increase in the share of female workers in hours worked in the total 

business sector. 
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Figure 8.1. Share of female workers in hours 
worked: Agriculture and business sectors 

 

Figure 8.2. Share of self-employed workers in 
hours worked: Agriculture and business sectors 

 

Figure 8.3. Share of hours worked by age group 

A. Agriculture sector and B. Business sector 

 

Figure 8.4. Share of hours worked by age group 

A. Agriculture sector and B. Business sector 

 

The share of prime age workers in total hours worked declined in the agriculture sector for the period 1980 

to 2017 while the share of that group in the business sector increased in that period. The share of older 

workers aged 55 or above increased in both agriculture sector and business sector. But the increase is 

much faster in the agriculture sector compared with that in the total business sector. 

There is a shift in hours worked towards more educated workers in the agriculture and total business 

sectors. But the shift is much slower in the agriculture sector compared with that in the business sector. 

The share of self-employed and unpaid family workers in hours worked is much higher in the agriculture 

sector than that in the overall business sector. The workers in the agriculture sector used to be 

predominantly self-employed and unpaid family workers, which accounted for about 80% of total hours 
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worked the sector in 1980. Over time, the share of self-employed workers in hours worked declined in the 

agriculture sector. By 2017, self-employed and unpaid family workers accounted for about 50% of total 

hours worked in the agriculture sector. This decline in the share of self-employed workers and the increase 

of hired workers coincide with the increase in farm sizes and the increase in the share of corporations in 

agriculture production in Canada. 

Table 8.1 presents the growth rates of labour input, labour quality and hours worked in the agriculture and 

business sectors for 1980 to 2017 period. For the 1980 to 2017 period, hours worked declined in the 

agriculture sector while hours worked increased in the business sector. This reflects the general shift of 

workers towards non-agriculture sector in Canada. 

The growth of labour input is the sum of growth of hours worked and growth of labour quality. For both 

agriculture sector and business sector, labour quality increased. But the increase in labour quality is much 

faster in the agriculture sector. Over the period 1980 to 2017, labour quality increased by 0.85% per year 

for the agriculture sector while it increased by 0.53% per year for the business sector. 

The sources of growth in labour quality differ between agriculture sector and total business sector. The 

growth in labour quality in the agriculture sector was mainly due to the increase in hired labour with 

relatively high labour compensation. In contrast, the growth in labour quality in the business sector was 

due to increases in education and experience in the sector. 

The shifts toward hired workers from self-employed workers also highlight the importance of imputation of 

wage rates to self-employed workers as it has implication for the estimation of quality–adjusted labour 

input. 

Table 8.1. Average annual growth of labour inputs and labour quality in agriculture and business 
sectors (%) 

1980 to 2017 

  Agricultural sector Agriculture sector 

Growth of labour input -0.41 1.73 

Growth of hours worked -1.26 1.20 

Growth of labour quality 0.85 0.53 

First-order quality indices 
  

Sex -0.02 -0.06 

Class of workers 0.87 0.02 

Age -0.17 0.16 

Education 0.08 0.27 

Measurement of labour input in the agriculture sector at the USDA 

The description of labour input measurement for agriculture productivity estimates at the US Department 

of Agriculture (USDA) in this section follows Ball et al. (1997) and Schumway et al. (2017). Overall, the 

methodology at the USDA is similar to the one adopted by Statistics Canada for the measurement of labour 

input. 

The USDA estimates the price and implicit quantity indexes for labour and its subcomponents: hired and 

self-employed (which includes unpaid operator and family labour). The methodology follows Jorgenson, 

Gollop, and Fraumeni (1987). The workers are cross-classified by gender (2), age groups (8), 

education (6), and employment class (2). The matrices of employment, hours worked, and compensation 

per hour (for hired labour) by types of workers are estimated first and then used to derive quality-adjusted 

labour input 
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USDA uses a cross-entropy approach in the Generalized Algebraic Modeling System (GAMS), rather than 

the RAS procedure in Jorgenson, Gollop and Fraumeni (1987), to update matrix elements when new 

information is available. 

Data for hired farm workers (employment, hours worked and compensation) are from the National Income 

and Product Accounts (NIPA), Bureau of Economic Analysis. Total hours worked for self-employed and 

unpaid farm workers are from the Census of Population and the Current Population Survey. Wages for 

self-employed and unpaid family workers are imputed using the mean wage of hired workers in the same 

cross-classification. 

Control totals for hours worked and compensation for hired workers are from NIPA and from a special 

tabulation by BLS for self-employed and unpaid family workers.  

Similar to the practice that is adopted in Canada and consistent with the SNA, expenditures on contract 

labour are considered as intermediate inputs. Many farms, especially in fruit and vegetable production, 

hire labour services from contract providers. The workers are not employees of the farm, and hence are 

not counted as hired labour. They are reported as purchased contract labour services in intermediate 

inputs. 

Average work units in the Economic Accounts for Agriculture (EAA) of Eurostat 

The Economic Accounts for Agriculture (EAA) provide detailed information on income in the agricultural 

sector that includes a measure of labour input defined as average work units (AWUs) (Eurostat 2000a and 

2000b). The purpose of such account is to analyse the production process of the agricultural industry and 

the primary income generated by this production. The accounts are therefore based on the industry 

concept. 

Agricultural labour input in the EAA is expressed in Annual Work Units (AWUs). The average work unit 

(AWUs) is defined as full-time equivalent employment (corresponding to the number of full-time equivalent 

jobs) within the economic territory. The measure is used to derive a partial labour productivity measure of 

the agricultural sector defined as the deflated factor income or real net value added at factor cost per 

average work unit. The number of hours comprising an AWU corresponds to the number of hours actually 

worked in a full-time job within agriculture. As AWU takes into accounts the difference in the degree of 

part-time work in agriculture, it is comparable across countries for the measures of productivity. 

Conclusion 

This chapter discussed the concept, definition and measures of labour input for the measurement of 

agricultural productivity. It also reviewed the existing practices of measuring labour input and highlighted 

the differences among them. The main differences lie in the scope of agriculture sector, the volume of 

labour input chosen, the measurement of compensation of employees, especially the compensation of 

self-employed and unpaid family workers. The chapter presented examples of labour input measurement. 

The examples serve as useful guidance for statistical agencies and institutions when developing measures 

of labour input for productivity measurement. 

Recommendations and remaining issues 

Hours worked is a proper measure of labour input for measurement of agricultural productivity. If possible 

the hours worked measure should be supplemented by data on workers, hours worked and compensation 

cross-classified by education, ages, gender and class of workers (paid and self-employed and unpaid 

family workers) and a measures of labour input that is adjusted for the compositional changes. This is also 

the recommendation by GSARS (2018). 
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The compensation of unpaid and self-employed workers needs to be imputed using the replacement cost 

or opportunity cost methods. It can also be estimated residually by subtracting mixed income from the 

income to capital input imputed. Given the importance of self-employed and unpaid workers in agricultural 

production, the choice of methods for the imputation matter for the final estimates of agriculture total factor 

productivity (Cahill et al., 2012). 

The various concept of output can be used for the measurement of agricultural productivity. For productivity 

measurement, labour input measure should be consistent with the measure of output. If the production 

used for intermediate consumption on the same farm units is excluded in the measure of output, labour 

input used in those production should not be included for productivity measurement. If the environmental 

impact of agriculture production is captured in productivity measurement, labour input and other inputs 

used to improve the environmental performance should be included in inputs. 

The choice of data sources matter for the estimates of labour input. The estimation of hours worked in the 

business sector concludes that the estimates of hours worked from establishment surveys tend to be higher 

than the hours worked estimates from household surveys. The growth rates obtained from those types of 

survey may also differ. There is a need to examine the effect of different surveys on hours worked estimate 

for the agriculture sector.  

Data sources used to capture seasonal workers and part time natures in the agriculture production are 

often lacking or of poor quality. More is needed to advance measure of labour input from those workers. 

To understand the competitiveness and productivity growth of specific crop and animal production, the 

measures of TFP are required for the production of crops and animals or at the activity level. As farms are 

often engaged in multiple farm activities, the challenge remain for the collection and estimates of input and 

output data the activity level. 
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Note

1 The paid workers are also called salaried workers and self-employed and unpaid family workers are also 

called non-salaried workers. Here we use the terminologies from the SNA. 
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The main challenges that measurement of non-land capital raises for the 

agricultural sector are summarised. We then focus on the specific aspects 

of capital flows and stocks measurements, followed by a summary of how 

to incorporate land input in TFP calculations for the aggregate agricultural 

sector. The systems which presently exist in OECD countries and those 

used by international agencies are then reviewed. Finally, we provide some 

assessments and recommendations on practical approaches concerning 

data and methodologies to calculate TFP for the aggregate agricultural 

sector. 

  

9  Measurement of (produced) 

non-land capital input 
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Issues in the treatment of capital factors in TFP indexes 

Stock and service flows of capital inputs 

Unlike intermediate consumption (materials), which are destroyed during the production process of a 

particular period (say a year), capital inputs, i.e. land, buildings, equipment, reproducing animals, 

infrastructures, need specific conventions so as to evaluate the quantity of productive services and their 

value. This requires measuring both the user cost and the quantity of input used in the production process, 

i.e. the service flow (see definitions in Box 1). Another characteristic of primary inputs, such as buildings, 

machinery, land but also operator's and family labour is the difficulty to adjust in the short run these inputs 

that are often considered as “quasi fixed” in production theory. A characteristic of a quasi-fixed input is that 

the quantity observed does not always correspond to the optimal (long-term equilibrium) level, i.e. the level 

where marginal returns equal the market price of the input. Rather, the marginal returns define a shadow 

or dual price that differs from the market price; and the market price corresponds to an optimal level of 

input that differs from the observed one due to the quasi-fixity of the input.  

For buildings and equipment (machinery), the usual methodology in TFP measurement with index numbers 

starts with a measure of the stock of capital. This is usually done by using historical flows of investments 

spanning over a century, a distribution of life duration and assumptions of rate of decay. The stock of 

productive capital is the sum of an investment cohort (gross formation of fixed capital) corrected by decay 

and estimated by a perpetual inventory model. When doing so, problems include data availability and 

compatibility over time and across countries (several authors, including the Food and Agriculture 

Organisation, use for example data on the number of tractors as a proxy for the capital stock in machinery 

and equipment). Assumptions on average and distribution of service lives of buildings and equipment are 

also an issue, especially for cross-country comparisons.  

Deriving service “flows” from the related “stock” variables for primary inputs usually requires assumptions, 

e.g. some degree of proportionality between the stock and the flow. The estimation of service flows from 

stocks runs into the heterogeneous assets such as buildings and machinery, and into the non-separability 

of capital and other inputs. For example, substitutions between a large capacity lorry and several small 

capacity lorries depends on the availability of another input, i.e. drivers, and there is clearly a non-

separability problem. One can show that in such cases definition of an aggregate “lorries” is meaningless 

(Blackorby, Primont and Russell, 1977). The estimation of service flows is also affected by quality changes 

over time (embedded innovation, new forms of equipment).  

Box 9.1. Some definitions 

Investment (often measured as Gross formation of fixed capital in accounting) represents the acquisition 

of capital goods at a given point in time. It is, for example, the number of machines of a particular 

description.  

Decay is the declined in productive services yielded by and individual capital good as it ages. The 

concept can also be described as a loss of efficiency. Note that the “one hoss shay” designates a capital 

good that exhibits no decay during its lifetime, but is discarded at the end of its service life (e.g. a light 

bulb). 

Retirements, or “discards”, or “scrapping” designate assets withdrawn from service.  

Physical depreciation can be defined as the decline in the ability of capital to produce output. Physical 

depreciation accounts for the quantity of capital available for production. It is usually derived from 

information on physical decay and discards of worn out assets. Depreciation is the component of the 
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perpetual inventory method that leads to the construction of capital stocks and capital services 

estimates.  

Economic depreciation measures the value of the reduction in the quantity of capital which takes place 

in a given period. It can be defined as the decline in value of existing assets as they age. Alternatively, 

Jorgensen, Gollop and Fraumeini (1987) define depreciation as the value that must be recovered in 

every period to keep wealth intact. Economic depreciation should not be confused with physical 

depreciation. One measure is dual of the other but they only coincide under very specific assumptions 

on the rate of physical depreciation (Box 9.2). 

Capital stock can be measured as a quantity index of capital inputs from durable goods of different 

vintages, i.e. as a weighted sum of past investments. Usually the weights correspond to the relative 

efficiencies of the different vintages of capital. 

Capital services. The flow of capital services is the appropriate concept to measure capital input 

“quantity” in the denominator of a TFPy index. It is measured in terms of the use of a durable good for 

a well-defined period of time. Under specific assumptions (perfect substitutability among the services 

of different vintages of capital, that the services provided by a durable good are proportional to initial 

investment in this good, etc.) the quantity of capital input services can be considered as proportional to 

capital stock. 

The rental price (or service price) of a capital good is the unit cost of the use of a durable good for one 

period (Jorgenson, 1989). The user cost of capital, is formally equivalent to the service price in that it is 

a measure of the cost of using a durable good for one period. The rental price of capital can be 

constructed as the sum of the nominal return to capital and depreciation less potential revaluation (when 

asset market prices increase). It is a dual measure of the quantity index. 

The user cost of capital is a concept whose definition is somewhat heterogeneous in the literature. In a 

general context, user costs for capital inputs are designed to approximate what it would cost a business 

to rent or lease the services of the asset for the accounting period under consideration. Diewert 

considers that it should include the interest that could be earned by the amount of money corresponding 

the market value of the asset, plus economic depreciation, taxes and minor possible capital gains or 

losses when the market value of the asset varies over the period (note that this latter component is 

included in economic depreciation by some authors). Triplett considers that the user cost of capital, is 

formally equivalent to the service price in that it is a measure of the cost of using a durable good for 

one period. And that the “user cost” terminology conveys the understanding that the user cost measure 

will be estimated from an equation containing the determinants of the service price; while the “rental 

price”, might be observed directly (e.g. from leasing contracts). The OECD considers that the user costs 

should represent the amount of rent that one would charge in order to cover costs of a quantity of 

dollars' worth of asset (OECD, 2015). 

Capacity utilisation 

Whether we deal with buildings or machinery, the rate of utilization of the productive capacity of primary 

inputs is a particular problem, since this rate varies over time. Potential under-utilisation of capital (for 

example in countries that benefit from tax regime that generate overinvestment in agricultural machinery, 

a frequent case in Western Europe) clearly leads to overestimate the service flows. It blurs the 

interpretation of TFP as an indicator of the state of technology. In agriculture, it is particularly difficult to 

assess such utilization, since agricultural activity is characterised by peak loads and seasonal variations. 

Should a farmer be able to rent such inputs for a short period, this might save a large investment that could 

be idle most of the year. Because of the increasing use of contract work (agricultural machinery, harvesters, 

etc.), at least in some OECD countries, it is probably easier to acquire machinery and equipment at their 
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long term optimal level and adjust using contract work; while it is difficult to adjust the sock of, say, 

buildings. This is why we recommend in the last section to treat differently buildings and equipment. 

Without knowing precisely the number of an equipment is used, one frequently assumes that the flow of 

services is a constant proportion of the stock. This leads to generate artificial TFP fluctuations caused by 

variations in output while the input service flow is erroneously assumed constant over time. The pioneering 

work of Morrison (1986; 1988) opened the possibility of a dual measure of (implicit) rate of utilisation of 

primary inputs.1 This has, however, not been followed by empirical developments that made the linkage 

between quasi-fixity of inputs in agriculture and their actual utilization of the full productive capacity. Much 

research is still needed in this area. 

The valuation of service flows 

When TFP is measured by an index number, as opposed to measuring it through direct estimation of a 

functional form or a distance function, weighing inputs in the "denominator" of the index (i.e. the aggregate 

input) is a controversial issue. There is no perfect assumption for the weighting of primary inputs. The 

choice of a particular weight will affect considerably the results if primary inputs evolve differently (a 

frequent case between family labour and capital).  

Microeconomic foundations and the idea that the weights of capital inputs (and other primary inputs such 

as self-employed labour and land) should reflect the marginal contribution of the input to the production 

process is a useful reference. A widely used method is to approximate such marginal contributions by 

prices, through value shares. This relies on assumptions such as equilibrium, divisible and adjustable 

inputs, etc. 

Overall, the way primary inputs are aggregated, and the different weighting system plays a central role and 

make TFP measures depend a lot on conventions. This also makes TFP measures hardly comparable 

across authors / national agencies. This is a relatively manageable problem in time series comparisons. 

By contrast, the choice of such or such weighting scheme is determinant in the results obtained in cross-

regions indexes, due to the very different position of regions on the capital / labour and capital / 

intermediate inputs isoquants and the heterogeneity of factor shares of the different forms of capital, land 

and labour, across regions.  

Non-land capital in TFP indexes 

Constructing the flow of services 

Capital should be included in TFP indexes through a flow of services into the production process, 

associated to a user cost. The construction of service flows that enters into the TFP indexes requires data 

on "quantities”.  

The capital stock is composed of many different assets purchased at different times. The level of capital 

stock changes through additions of new assets (investment) and through scrapping (discards) of assets 

which have reached the end of their useful service life (Box 9.1). Even assets that are ostensibly identical 

may decay at different rates and thus have different productive capabilities, which must be taken into 

account in any measure of capital stock. Gross stock refers to the amount of capital available in any year 

without regard to physical depreciation. This measure assumes that capital assets are equally productive 

over their entire service life. The net stock measures the amount of capital adjusted for physical 

depreciation. Unlike other assets such as land, machinery and equipment experience physical decay and 

economic depreciation. Gross stocks are the accumulation of all investment adjusted for discards of worn 

out assets. Net capital stocks are the accumulation of all past investment adjusted for discards of worn out 

assets and the loss of efficiency of the assets over their service time. 
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Ball et al. (1993) warn about the distinction between physical depreciation, that pertains to the quantity of 

capital, and economic depreciation. The two concepts should not be confused (Box 9.2). Physical 

depreciation accounts for the quantity of capital available for production and is derived from information on 

physical decay and discards of worn out assets. A common assumption, used by the US Bureau of Labor 

Statistics, but widely accepted in the agricultural economics community is to assume that efficiency loss is 

a function of age of the asset. By contrast, economic depreciation measures the value of the reduction in 

the quantity of capital that takes place in a given period. This definition involves discounting the value of 

the expected stream of future services that the asset will provide over its useful life. Though related, the 

two measures will coincide only if the efficiency of the asset declines exponentially.  

Box 9.2. Duality between physical and economic depreciation 

The case of the « light bulb » illustrates the duality between physical depreciation (decay) and economic 

depreciation, i.e. the decline in the value of an asset. The productive services (i.e. illumination) of the 

light bulb asset does not decrease before it ceases to illuminate after, say 1 000 hours. The efficiency 

follows a one-hoss shay (rectangular) pattern of depreciation, i.e. zero and then total. There is no 

“decay” but the physical depreciation corresponds to the scrapping of the light bulb when it no longer 

functions.  

Assume that the market value is proportional to the hours in service. That is, after 100 hours of services, 

the replacement value is nine tenths of its original value. This is the case of a geometric depreciation 

for the economic depreciation while it is a one-hoss shay depreciation for physical depreciation. This 

illustrates the duality between physical and economic depreciation. 

From a technical point of view, the pattern of economic value corresponds to the case β tends to zero 

while the pattern of the physical depreciation corresponds to the case where β tends to one in the 

expression of St, the relative efficiency of an asset of t years of age, St=(L-t)/(L-βt), where L is the 

service life (in this case 1 000 hours). 

The duality of efficiency and price, illustrated here for the “light bulb” case also allows us to approximate 

an expression for the price of capital services, as a function of the age of the asset. Each rental price 

of capital services involves the nominal rate of return for the sector, rates of depreciation and capital 

loss or gain for each type of asset, and variables incorporating the relevant tax structure. 

Construction of capital stock using the perpetual inventory method 

The perpetual inventory method can be used to construct estimates of gross and net capital stocks. The 

method relies on the assumption that the stock of capital is a weighted sum of past investments where the 

weights are the asset’s efficiency of a given age. The procedure proposed by the US Bureau of Labor 

statistics, widely accepted in the agricultural economics community, is to normalise to unity the efficiency 

of a new asset and to assume that it declines monotonically with age.  

There has been much debate on the pattern of this monotonic decline of an asset. Physical depreciation 

has often been assumed to be linear. For decades, for example, the US statistics for machinery relied on 

the assumption of a declining balance in which a constant percentage representing the annual rate of 

depreciation of each time of capital was applied to the estimated value of the asset at the beginning of 

each year.2 Griliches showed that the depreciation rates were too high, and that the share of service flows 

left after ten years was underestimated. He argued that for some capital asset, the pattern was closer to 

the “light bulb” depreciation pattern, where the flow of services if constant during n years and falls to zero 

thereafter (Griliches, 1963).  
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The US Bureau of Labor Statistics’ approach, now widely accepted in the agricultural economists 

community relies on approximating the function relating efficiency to age of the asset by a rectangular 

hyperbola. In the pattern, a curvature parameter β plays an important role, by describing the form of the 

depreciation. The family of hyperbolic efficiency functions is given by St=(L-t)/(L-βt) for t≤L, where St is the 

relative efficiency of an asset of t years of age, L the service life and β describes the form of the 

depreciation. The calculated value of St yields the quantity of assets available for production t years after 

the purchased date expressed as a proportion of the initial investment. Subtracting this value from unity 

yields the proportion of accumulated physical depreciation t years after the purchase date (Ball et al.,1993). 

The main advantage of this approach is that the function incorporates most of the commonly used 

depreciation as special cases. From the “light bulb” type depreciation (called the “one hoss-shay” form) 

where an asset is fully productive during all service life, before its service flows fall to zero (limit case where 

β tends to 1), to the case of a straight line depreciation where physical decay occurs in even increments 

over the life of the asset (β tends to 0). Cases of geometric decay, where physical depreciation occur 

rapidly in the early years of services, corresponds to negative values of β. There is, however, little empirical 

evidence to support the choice of a particular value for β. Ball et al (1993) pick the value of 0.5 for machinery 

and 0.75 for buildings, but they provide little evidence to support their choice. It is a problem since the 

choice of β has a pronounced effect on the level of the capital stock (albeit little impact on the long term 

trend according to Ball et al., 1993).  

Different levels of capital stock can impact significantly the TFP measure, especially when capital is 

relatively stable over time while another input (like labour) decreases significantly over time. Typically, the 

larger the capital stock, the larger its weight in the denominator of the TFP. The choice of a particular value 

for β is therefore far from being neutral on the overall estimate of TFP. Because of the lack of empirical 

evidence that would support picking such or such value for the shape of the decay pattern, we recommend 

putting together a panel that would compare the conventions used by Member states, and if possible, come 

up with suggestion on the key parameters so that a common methodology could be implemented. 

Gross capital stocks are the accumulation of all investment adjusted for discards of worn-out assets. 

Discards can be calculated base of an assumed service life and a distribution of discards around this mean 

service life. Hence, investment series must span a sufficient number of years to allow estimates of the 

capital stock beginning in, say, year n. Indeed, one can consider that, for a given type of asset, there is an 

average service life, around which there is a distribution of actual service lives. For practical reasons 

(investments series do not go back to centuries) and empirical motivations (no asset is kept an infinite 

number of years), this distribution has to be truncated, which requires some. Following conventions used 

by the US Bureau of Labor Statistics, we can assume that this distribution can be depicted by a normal 

distribution truncated at a point two standard deviations before and after the mean. Ball et al (1993) use 

this convention. which correspond to 0.98 the mean service life. They base this assumption on the 

observation that some assets are occasionally found much older than the mean service life. On the other 

hand that some assets can be accidently damaged when new.  

This assumption requires accessing very ancient investment series to be consistent with an age 

distribution. Typically, for a given average service life for buildings, such a distribution requires accessing 

investment data for several decades before the beginning of the capital stock series, even though the 

marginal impact of older investment data is limited (the truncated normal distribution ensures that, for 

example, investment at n-50 years plays a minor role in the actual capital stock series).  

The user costs of capital 

In growth accounting, the quantity component of capital services (i.e. the flow of services from capital 

goods into the production process) must be associated to a user cost. The weights granted to the different 

inputs in the denominator of the TFP index should reflect the marginal productivity of the different inputs. 

This is what has been historically derived from microeconomic approach of index numbers (as opposed to 
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the axiomatic approach of index numbers). When the sector is in equilibrium and under competitive 

markets, with no government intervention, marginal returns can be approximated by prices of the capital 

services of the different assets. This is the microeconomic rationale behind the construction of user costs.  

In a general context, user costs for capital inputs are designed to approximate what it would cost a business 

to rent or lease the services of the asset for the accounting period under consideration. According to 

Diewert, a user cost basically consists of the sum of four terms: i) the interest that could be earned if the 

asset were simply sold at the beginning of the period; ii) depreciation; iii) taxes that are assessed on the 

use of the asset plus the appropriate business income tax rate; and iv) expected capital gains (or minus 

losses) that the asset might accrue over the accounting period. This nevertheless leaves several 

controversial questions on how to construct user costs in practice.3  

Gollop and Jorgenson, argue that capital input should be constructed from data on the services of capital 

stocks and rental prices for capital services (Gollop and Jorgenson, 1975). The underlying idea is that 

capital input takes the form of services of capital stocks (just as labour input involves the services of the 

work force), while capital services are compensated at rental prices (just as labour services are 

compensated at wage rates).  

A possible approach would be to compile data on rental transaction in capital services. However, not all 

capital goods are traded on an active rental market. Data on from rental transactions is actually very limited 

for many types of assets. Thus, an alternative approach infer rental prices from data on prices of investment 

goods using the dual of the perpetual inventory method, just as one infers the level of capital stocks at 

each point of time from data on flows of investment up to that point. Neoclassical theory, which states that 

the value of an asset should be equal to the discounted value of its flow of services (Christensen and 

Jorgenson, 1970; Gollop and Jorgenson, 1975). More precisely the asset price at time t, 𝜋𝑡 

𝜋𝑡  =
1

1 + 𝑟𝑡+1
(𝑝𝑡+1 + (1 − 𝛿𝑡)𝜋𝑡+1) 

Where pt is the service price at time t, rt is the rate of return at time t, 𝛿𝑡 is the rate of depreciation at time 
t. The solution of this equation is 𝑝𝑡  = 𝜋𝑡−1𝑟𝑡 + 𝜋𝑡𝛿𝑡 − (𝜋 𝑡 − 𝜋𝑡−1). The service price is therefore equal to 

the sum of the opportunity cost of capital 𝜋𝑡−1𝑟𝑡 − 𝜋 𝑡 + 𝜋𝑡−1 plus the cost of depreciation.  

One can then assume that the flow of services for each capital component is proportional to the stock Kt, 

so that Vt=pt Kt-1, where Vt is the value of service flow at time t and Kt-1 is the capital stock at the end of period 

t-1. The index of capital input can therefore be computed as a Tornqvist index of the capital stocks using 

the value of service flows in constructing the weights.4 

Adjustment for quality changes 

Griliches raised the issue of changes of input quality over time in TFP analysis. In his works on agricultural 

inputs, he identified a bias in machinery input estimates from the fact that the indexes of prices paid by 

farmers for machinery and motor vehicles had drifted upwards compared to other similar price indexes (for 

example for automobiles), that he attributed to changes in quality of the machinery. Hulten (1990) shows 

that the change in quality of the capital input, in particular (but also on the change of the labour input to 

some extent) was an important source of TFP change, in the sense that it is a form of embodied technical 

change. Old capital is simply more productive than older capital.  

In this aspect, the perpetual inventory method implicitly assumes that investment goods of different 

generations (vintages) differ by some fixed factor associated with wear and tear, which occur at a particular 

rate (Annex 9 A for a clarification on this issue). This corresponds implicitly to a production model where 

technical change is disembodied. By contrast, one can consider that successive vintages of investment 

also embody differences in technical design. This means that a particular equipment of vintage 2020 will 

be more efficient at producing output ceteris paribus than an equipment of vintage 2000, even though there 
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is no physical decay. In that case, the permanent inventory method5 will tend to understate the true 

productivity of the capital stock.  

Charles Hulten proposes to define vintage investments in efficiency units to deal with this issue. This allows 

to consider that the average productivity of a collection of investment goods depends both on the relative 

efficiency of each vintage and the relative amount of surviving investment in each vintage. Hulten shows 

that the TFP measurement (the “TFP residual” to be precise) is composed of terms associated with both 

types of technical change, i.e. the one embodied and the one disembodied. This has important implication 

for the debate over whether the capital stocks or the investment good deflators should be adjusted for 

quality changes. 

Denison (1989), for example, considers that there is no reason to adjust for quality changes since it would 

assign to capital formation an effect that should be viewed as an advancement in knowledge. However, 

authors such as Hulten argue that not adjusting for quality changes “merely suppresses the embodiment 

terms into the TFP residual”. In his empirical comparison on US manufacturing, he finds that input quality 

changes accounts for a significant share of the residual output growth not attributed to inputs, i.e. the TFP 

residual. Whether this effect must be attributed to a form of productivity change (because it corresponds 

to embodied technical change) or not remains an open question.  

Taxes 

Taxes on capital and real estate should be counted as a service flow into agricultural production The 

underlying assumption is that some intangible inputs, such as infrastructure, education, research are 

funded by such taxes (Gardner et al., 1980). Taxes on real estate should be adjusted to exclude dwellings. 

Whether property taxes should be deflated is controversial. Often, agencies that measure TFP tend to 

correct interest rates and taxes for inflation, while they do not do so for labour. We believe that there is an 

inconsistency here (see below). 

The accounting identity controversy 

In his recommendations for measuring productivity in the manufacturing sector, Erwin Diewert picked the 

interest to value capital stocks as the "balancing rate of return that makes the value of inputs equal to the 

value of outputs". An exogenous rate applied to the user costs for land, buildings and plantations assets 

relies leads to costs raises empirical. This is an illustration of the debates that still surround the valuation 

of primary factors in TFP measures and how empirical issues are often determinant. 

If an average wage rate is used to calculate a user cost of self-employed labour, a rental rate based on a 

standard rate of return (market interest rates such as those obtained from government bonds) is applied 

to land and to the whole stock of equipment and machinery, the calculated cost of aggregate input will 

probably exceed the gross returns in the agricultural sector of most OECD countries. A large and 

systematic discrepancy between gross output and the cost of all inputs raises questions. While this is 

possible in the short run, due to the quasi-fixity of primary factors such as self-employed labour, land and 

buildings, the gap between calculated costs and gross receipts that results from such a convention would 

most likely lead to exiting the sector in most OECD countries. One should probably admit that a certain 

proportion of farmers are willing to stay in business even with a rate of returns on their capital and labour 

that is below market rates. The fact that there is little investment from outsiders (venture capital, financial 

institutions) in farming supports this idea. 

Approximating marginal returns to inputs by their prices relies on the assumptions that that producers 

operate in a perfectly competitive market and pay each factor of production the value of its marginal product 

without interference from risk, imperfect information or other market imperfections. Under equilibrium and 

constant returns to scale assumptions, and provided that outputs and inputs are measured property and 

in constant quality units, this justifies to "clear the account". In such a case, profit exhaustion means that 
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gross receipts equal gross expenditure. Because of the assumption that variable inputs can be adjusted 

to their optimal use, i.e. when their marginal returns equals their market price, it is justified to deduct from 

the gross income the cost of inputs that are fully utilized in the production period, i.e. the cost of 

intermediate consumptions (material), and to distribute the surplus across primary (quasi-fixed) inputs, 

i.e. land, machinery and buildings and unpaid operator and family labour. 

A large gap between these calculated costs (once all primary factors are applied a market interest rate) 

and the returns should have resulted in large-scale bankruptcies decades ago. Rather, the decrease in 

labour force suggests that this input was not used at its short-term equilibrium point, i.e. that marginal 

returns are lower than the market price and that the level of the input "self-employed labour" only adjusts 

slowly. In such a case, shadow prices of the primary factors would be a good way to price them. While 

there is no solid ground to so, it is defensible to adjust the user costs of these factors to match the 

accounting identity, as an approximation of the shadow prices. 

Because there are several quasi-fixed primary factors in the production process, the question that remains 

is how to allocate the accounting identity across the returns to the different factors. Many authors adjust 

the rental rate (hence the user cost) of land so that it is the "residual claimant". Shumway et al (2017) justify 

choosing land as the residual claimants by the fact that, if TFP calculations are based on a relatively long 

run, the residual claimant(s) should be the input(s) that remain fixed (or quasi-fixed) for the longest 

adjustment period. 

However, if TFP calculations are based on the short run (e.g. a single production period), this argument 

hardly holds and profit could be allocated to all inputs that remain fixed over the selected short-run period. 

Unpaid family labour could be the residual claimant.6 Shumway also quotes the choice of the US Bureau 

of Labor Statistics to split the residual between self-employed and non-corporate capital assets. Following 

Diewert, one could consider that, when all fixed assets carry the same risk, the real rate of return should 

be the same across the fixed assets. If one considers that all inputs are flexible in the long run (with no 

adjustment costs and perfect foresight), all inputs should be residual claimants.  

The treatment of the non-land capital input in TFP calculations across agencies 

In this section, we review what is done in practice both in empirical studies in academic literature and in 

governments in terms of capital input.  

The OECD 

The OECD Handbook recommends associating each type of asset with a specific flow of services, which 

is assumed to be proportional to a stock of capital for the particular type of assets and suggests to apply 

asset specific user costs as weights to aggregate across services for the different types of assets. The 

OECD considers that the user costs should represent the amount of rent that one would charge in order 

to cover costs of a quantity of dollars' worth of asset. More precisely, the OECD suggests a concrete way 

to implement Diewert's recommendations on how to construct user costs, and proposes to measure them 

as the sum of (1) the cost of financing the asset, i.e. the cost of depreciation plus the interest costs applied 

to the value of the asset added; (2) the capital net gains or losses or re-valuation of the asset, i.e. a rise or 

fall in the price of the asset independent of the effect of ageing/decaying. The latter should reflect a 

difference in prices not due to wear and tear but to other effects such as general price changes or 

obsolescence (OECD, 2001, p.65).  

The Economic Research Service of the US Department of Agriculture (USDA/ERS)  

The USDA/ERS has provided a consistent methodology to construct capital stocks, user costs for TFP 

indexes. This methodology has been defined in Ball et al (1993) and has since been adopted by several 
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agencies in the world. Recent improvements are presented in Ball et al. (2020). Estimation of capital stock 

requires annual data on gross expenditures for capital goods. Because of the heterogeneous assets 

(machinery, buildings), investment data should be classified industries by establishment in a rather detailed 

way. For each categories, average service lives, and distribution of actual services lives of each type of 

asset around this mean life, and assumptions on depreciation are collected. The USDA distinguishes non-

dwelling buildings and structures, transportation equipment, and other machinery and equipment, including 

tractors and other power machines. We raised the importance of separating machinery from buildings 

since the former can be adjusted more easily due to contract work. Hence, the equilibrium assumptions is 

more defensible for machinery than for buildings (in the case of buildings we recommend using the 

accounting identity and allocate proportionally the residual to buildings, land in property and family labour). 

Using the perpetual inventory method to construct the capital stock, Ball and his many co-authors assume 

an efficiency function given by the rectangular formula discussed above. They assume a concave decay 

pattern, so that β is restricted to the zero-one interval based on the literature, and chose a value of 0.75 

for buildings and 0.5 for transportation equipment and other machinery, as well as a normal distribution 

truncated as in Ball et al. (1993). A review of the literature led them to compile average service lives for 

their three categories of assets for 18 OECD countries. Their estimates of rental prices is based on 

opportunity costs, on the basis of capital asset prices and a rate of return. The latter is calculated using 

the nominal rate on government bonds, less the rate of inflation, smoothed by an ARIMA process. Data 

comes from the EU Economic Accounts for Agriculture, from the US Department of Agriculture, Statistics 

Canada and the Australian Bureau of Statistics. 

International organisations 

The FAO provided guidelines for the measurement of TFP, which, overall, tend to define a compromise 

between requirements from theoretical considerations and the practical availability of data. FAO (2018) 

recommends using the perpetual inventory method and define the service flow as a proportion of the capital 

stock, considering an intensity ratio defined on a rather ad hoc way. At the World Bank, Bultzer (2010) 

constructed series on aggregate depreciable capital, as well as livestock and tree stocks for 30 countries 

using FAO data on capital. Note that for international comparisons involving poor countries, the FAO 

provides basic information on machinery and equipment (number of tractors) which can be used as a proxy 

variable for machinery capital. 

Other national agencies 

The European Commission has estimated TFP for agriculture, using changes in fixed capital consumption 

from the European accounts, as a volume index for capital. Data are collected on an establishment basis. 

Those establishments that specialise in providing machinery, material and labour for contract work in 

support of agricultural production are treated as part of agriculture. Included in the investment series are 

purchases or own-account production of durable goods. Also included are purchases of goods and 

services that improve productivity or increase the useful life of the asset. Expenditures for current 

maintenance are excluded from the data. Weights are constructed using fixed capital consumption plus 

interest rate (based on EMU convergence criterion bond yields) and an opportunity cost to acquire capital 

goods with own resources (using member state specific depreciation rate based in farm survey data, see 

Lanos, 2020). 

Australian agencies involved in TFP measurement in agriculture include the Australian Bureau of Statistics 

and the Australian Bureau of Agricultural and Resources Economics and Sciences (Zhao, Sheng and Gray, 

2012). One originality of the recent work on aggregate TFP by the (ABARES) is to use a bottom-up 

approach based on survey on individual firms (Shen and Jackson 2015). The UK Department of 

Environment, Food and Rural Affairs, also measures TFP (Fernall, 2020). The categories of capital assets 
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collected include equipment, buildings and livestock. One originality is the used of data on charges on 

loans for the user costs, collected from Farm Accountancy Data Network). 

Recommendations 

In this section, we provide some assessments and recommendations on practical approaches concerning 

data and methodologies for calculating TFP for the aggregate agricultural sector.  

Allocate user costs to buildings, family labour and self-owned land using the accounting 

identity 

In the controversy on accounting identity described above, our point of view is that, in most cases, the 

agricultural sector cannot be considered to be at its long run equilibrium level. Nevertheless, it is hard to 

believe that for years on, the cost of inputs structurally exceeds the gross income (including public support). 

It is likely that part of the explanation is that there is excess family labour compared to the long run profit 

maximizing input level (for example because the farm sector includes hidden unemployment); or that there 

has been some overinvestment in capital (for example because of public incentives). Hence, farmers 

accept a lower than market rate of returns on their capital for external reasons (combination of building 

with dwelling, secure availability of land); or because farmers who own the land they cultivate de facto 

accept a lower return than the market rate for patrimonial reasons or risk minimizing strategies. In theory, 

this could be corrected by a factor reflecting a coefficient of utilization of the input when estimating the 

actual flow of services from the stock of primary factor. However, there is no practical way to do so. One 

way to cope with the problem is to assume that the sector is in a long run equilibrium, that returns to scale 

are constant, and that accounts clear, at least on average.  

● Recommendation. We recommend considering that returns equal costs and accept that 

accounting identity holds. To price the different primary factors (land in property, self-employed 

and family labour, buildings) at their market value to construct user costs. Then allocate the 

accounting identity residual proportionally to the user costs. The issue of farm equipment, 

however, needs to be discussed, since the increasing use of third party equipment for 

harvesting, for example, makes machinery a more adjustable asset in the short run. 

User costs  

A user cost should account for the interest that could be earned on the asset, which implies that some 

interest rate or rental rate should be applied to some value of the stock. In a first order approximation, the 

latter can be based on smoothed series of interest rates on government bonds. One question is whether 

rental rates should be constructed with a real or a nominal interest rate. The USDA uses a real rate, i.e. 

government bonds deflated by the price index of the Gross Domestic Product, smoothed by an ARIMA 

procedure.  

Deflating the rental rate used in estimating the user cost of capital and not deflating the wage rate used for 

the labour can be seen as incoherent. One empirical problem with using the nominal interest rate is that, 

over time, it can experience very large variations and be negative. However, we tend to consider preferable 

to use an average nominal rate over a time series period rather than a smoothed real interest rate as done 

by the USDA. 

● Recommendation. Use an average nominal interest rate for calculating the rental rate of other 

forms of capital. Then adjust this user costs based on the account clearing identity, with a 

proportional allocation of the residual across all quasi fixed factors, in particular land in property 

and self-employed and family labour 
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The issue of service lives and decay patters 

In national statistics, one can observe that the service lives and the rates of decay/depreciation differ a lot 

across OECD countries for a given type of building or equipment. In their thorough analysis of TFP growth 

in New Zealand, Diewert and Lawrence (1999) showed that the choice of a particular average service live 

and depreciation pattern affected significantly the TFP results  

Differences across countries in the service lives may be genuine (it is conceivable that buildings for 

livestock are more recent in one county than in another, or that they are replaced more often). However, it 

can also simply correspond to different assumptions about service lives by national accountants that are 

not particularly well-grounded. In some cases, the conventions could correspond to accounting techniques 

for fiscal optimization (e.g. overestimate the depreciation of an asset in order to reduce taxable net 

income). Given that the input aggregate in the denominator of TFP index is sensitive to the different weight 

given to each component, the impact of a particular set of average service lives can affect significantly the 

overall TFP measure. 

It is also conceivable that the service lives of machinery has decreased over time, due to innovation and a 

more rapid technical obsolescence. 

Based on detailed data for France, Ball et al. (1993) use the same average service lives across countries 

in their sample, rather than using national data. There is no evidence, though that this assumption (e.g. an 

average service life of 38 years for buildings and 9 years for machinery) is valid for all countries. More 

recently, Ball et al (2020) revised these service lives for a larger set of countries. Their database shows 

that the average service life for buildings, for example, spans between 38 years (US) and 75 years 

(Australia).  

Surveys on the average service lives of each machinery, equipment and building are sparse. They would 

be necessary to assess whether such figures correspond to genuine differences or simply to different 

accounting conventions. The OECD network is the right place to compile figures and submit them to a 

reality check. 

● Recommendation. Build on the existing work of the OECD agricultural TFP network to compile 

average service lives on a variety of assets in OECD countries. Gather a panel of agricultural 

experts and assess whether the various conventions used by accountants correspond to genuine 

differences.  

● Recommendation. For constructing capital services, rather than a linear depreciation, we 

recommend using the (now widely accepted) general pattern of decay. Which relies on the family 

of hyperbolic efficiency functions is given by St=(L-t)/(L-βt) for t≤L, where St is the relative efficiency 

of an asset of t years of age, L the service life and β describes the form of the depreciation. 

Regarding the value of the parameter β, we recommend conducting a survey or establishing a 

panel of experts so as to use the same parameter across OECD countries or motivate differences. 
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Annex 9.A.  A clarification on capital services 
and the perpetual inventory method 

The perpetual inventory method accounts for decay, scrapping and retirement of assets, as well as 

changes in the productive services across generations of assets. Jack Triplett clarified these issues in a 

1992 NBER conference. Here, we adapt his example to the case of agriculture. 

Suppose that a farmer has purchased several tractors in each of five successive years. Except for the year 

in which they were purchased, the tractors are identical, so that no quality changes have taken place, i.e. in 

the fleet, they differ only in age. A combination of decay and retirement defines the ability of the tractors to 

provide capital services. If a new tractor produces one unit of capital services, a one-year old tractor 

produces 1-δ1 units of capital services. Because a similar calculation can be applied to two-year and three-

year old tractors, each age of tractor can be expressed as a fraction of ne new tractor and all age tractors. 

When a tractor is retired, it is reduced to zero “new-tractor equivalent”. Expressing used tractors in terms 

of new tractors equivalent implies that all tractors are perfect substitutes.  

When one uses the perpetual inventory method, one adds up all new tractor equivalents to obtain a 

measure of the quantity of tractors, accounting for investment, decay and retirements. The quantity of “new 

tractor equivalent” owned after five years of operation is therefore T=t5(1-δ1)(1-δ2)(1-δ3)(1-δ4)(1-δ5)+ t4 

(1-δ1)(1-δ2) (1-δ3) (1-δ4) +t3 (1-δ1)(1-δ2) (1-δ3) +t2 (1-δ1)(1-δ2) +t1(1-δ1). 

Under the assumptions above, the flow of capital services provided by the tractors fleet will be proportional 

to the constructed stock of new equivalent tractors.7 The measure of capital services in the production 

function represents the use of the new-equivalent tractors for one period of time. By its construction, the 

measure of tractor services is equivalent to calculating measures of tractor services specific to each tractor 

in the fleet and then aggregating those services.  

If the tractors in the fleet had different specifications, it would be necessary to adjust the various tractors 

for differences in quality or productiveness. Heterogeneity, quality changes and even decay can also be 

handled differently, for example as inputs in the production function rather than working with “quality 

adjusted” quantities of tractors or tractor services. An alternative way of describing the equation above for 

T is to state that the (1-δt) terms represent relative marginal products of the services of tractors at different 

ages. This makes it possible to draw inferences about marginal products, and thus about decay and 

retirements, from rental prices data. 
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Notes

1 See Morrison (1986, 1988) and the adjustment proposed by Hauver et al (1991). 

2 At the time, automobiles were considered to decline annually by 12%, compared for example to 22% for 

automobiles. 

3 For example, a famous controversy opposed Dale Jorgenson and Erwin Diewert for decades. Diewert 

(1980, 2005) chose to value beginning and end of period capital stocks at the average investment prices 

of the period, which eliminated the capital gains term, which avoids the difficult estimation of expected 

capital gains. Jorgenson (1989) estimates expected capital gains (or losses) by actual gains (of losses), 

which, according to Diewert, tends to lead rather automatically negative user costs for land assets (and 

hugely positive user costs for computers when statistical agencies assign large depreciation rates to 

computers). 

4 Note that the rate of depreciation can be computed from the identity  𝐾𝑡  = 𝐾𝑡−1 + 𝐼𝑡 − 𝛿𝑡𝐾𝑡−1, with 𝛿𝑡  =

1 −
𝐾𝑡−𝐼𝑡

𝐾𝑡−1
 

5 In a formula such as K(t)=I(t)-(1-δ)I(t-1)+…+(1- δ)tI(0), it is implicitly assumed that one unit of say five 

year old capital is equivalent to (1- δ)5 units of new capital. 

6 Agriculture Canada defends its choice by the fact that it is consistent with the Canadian definition of farm 

income and the Canadian federal tax code, and by data availability. The choice of Statistics Canada’s 

Canadian Productivity Program is to spread the residual across all capital inputs by assuming that all 

capital inputs within a sector receive the same nominal rate of return as alternative methodology. 

7 This is so, mainly because the measures of decay are derived from the service contributions from tractors 

of various ages. Additional maintenance required on older tractors is incorporated in the decay measure. 
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Primary inputs raise particular challenges due to their quasi-fixity in the short 

term. Land is also a form of non-renewable and (in general) non-depreciable 

capital input. The ways land input can be incorporated in TFP calculations for 

the aggregate agricultural sector involves assessing productive service flows 

and a user cost. Land quality (and hence the service flows per hectare) vary 

greatly across regions. From a practical point of view, including land in TFP 

inicators requires detailed data on the stock of each catetory of land, with land 

prices or rental rates. What the existing systems in OECD countries and 

international agencies use for land is discussed and a review of what is done in 

practice both in empirical studies in academic literature and in governments is 

provided. Recommendations on practical approaches concerning data and 

methodologies for calculating TFP for the aggregate agricultural sector are 

made. 

  

10 Measurement of land input 
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Introduction 

As discussed in Chapter 2, measuring total factor productivity (TFP) is particularly complex, and in practice, 

different assumptions, sometimes equally reasonable provide contrasting results. There are three types of 

obstacles to TFP measurement. The first one is obtaining appropriate measures of input used, especially 

primary inputs. The second one is capturing changes in quality of inputs over time (or differences across 

regions in cross section comparisons). The third one is finding appropriate weights on inputs and outputs. 

These three issues are of particular concern in agriculture, and raise particular questions for the land input.  

In the following sections, first the main challenges that measurement of primary inputs in general raise for 

the agricultural sector are summarised. Then the focus is on the specific aspects of land as a form of non-

renewable and (in general) non-depreciable capital input. This is followed by a brief discussion on the ways 

land input can be incorporated in TFP calculations for the aggregate agricultural sector. What the existing 

systems in OECD countries and international agencies use for land is discussed and a review of what is 

done in practice both in empirical studies in academic literature and in governments is provided. Finally, 

some assessments and recommendations on practical approaches concerning data and methodologies 

for calculating TFP for the aggregate agricultural sector are suggested. 

The treatment of primary factors in TFP indexes 

Stock and service flows of primary factors. 

Unlike intermediate consumption (materials), which are destroyed during the production process of a 

particular period (say a year), capital inputs, i.e. land, buildings, equipment, reproducing animals, 

infrastructures, need specific conventions so as to evaluate the quantity of productive services and their 

value. This requires measuring both the user cost and the quantity of input used in the production process. 

Another characteristic of primary inputs, such as building, machinery, land but also operator's and family 

labour is the difficulty to adjust in the short run these inputs that are often considered as "quasi fixed" in 

production theory (see Chambers 1988 for a comprehensive summary). A quasi-fixed input is 

characterised by the fact that the quantity observed does not always correspond to the optimal level, i.e. the 

level where marginal returns equal the market price of the input. Rather, the marginal returns define a 

shadow or dual price that differs from the market price; and the market price would be correspond to an 

optimal level of input that differs from the observed one due to the quasi fixity of the input.  

Deriving service ‘flows’ from the related ‘stock’ variables for primary inputs usually requires assumptions, 

such as proportionality between the stock and the flow. For buildings and equipment (machinery), the usual 

methodology in TFP measurement with index numbers is to measure the capital stock. The stock of 

productive capital is the sum of an investment cohort (gross formation of fixed capital) corrected by decay 

and estimated by a perpetual inventory model. The service flow is then supposed to be proportional to the 

actual stock of productive capital.  

The valuation of service flows 

When TFP is measured by an index number, as opposed to measuring it through direct estimation of a 

functional form or a distance function, weighing primary factors in the "denominator" of the index (i.e. the 

aggregate input) is a very controversial issue. There is no perfect assumption for the weighting of primary 

inputs. In addition, the choice of a particular weight will affect considerably the results.  

Microeconomic foundations and the idea that the weights should reflect the marginal contribution of the 

input to the production process is a useful reference. The conventional idea of approximating such marginal 

contributions by prices of value shares requires specific assumptions (equilibrium, divisible and adjustable 
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inputs, etc.). Hence, the way primary inputs, and in particular land and self-employed labour are 

aggregated, and the different weighting system plays a central role.  

Land in TFP indexes 

Specific aspects of the land as a capital asset 

As any form of capital, land should be included in TFP indexes through a flow of services into the production 

process, associated to a user cost. This follows from the growth accounting theory, and in particular from 

the work of Dale Jorgenson in the 1960s and 1970s. However, land combines several of the obstacles 

raised for labour and capital mentioned above. The estimation of service flows from stocks runs into the 

heterogeneous quality of land, the non-separability of land and other inputs (i.e. substitution between say, 

land and fertilizers depends on third inputs such as water or labour availability); and the quality changes 

over time (global change, erosion). 

The valuation of land service flows is also a major difficulty in TFP indexes, given the structure of ownership 

of land, its quasi-fixity, the fact that the apparent rate of returns that does not always match rates of returns 

of alternative investments, questioning the equilibrium on which most weighting assumptions are based 

upon. Finally, the dual nature of land as a productive asset subject to a market, but also an environmental 

good.  

Land is a specific form of capital. Unlike machinery and buildings, it cannot be produced. Neither can it be 

moved across regions. It cannot be fully moved across economic sectors, but it can be allocated annually 

to various outputs as can other forms of capital. Unlike other forms of capital, the "vintage" characteristic 

of land is rather irrelevant since it is considered that the service life is indefinite. The main characteristics 

of land as an asset hardly evolve: chemical composition, soil structure, exposition and topology. 

While depreciation is an important component of the perpetual inventory method that leads to the 

construction of capital stocks and capital services estimates, land is mostly treated as a non-depreciating 

asset (as recommended by the United Nations' System of National Accounts, hereafter SNA). There are 

forms of decay, albeit different from those in other forms of capital, since decay cannot be linked directly 

to the age of the asset, but to agronomic practices. 

Efforts have been made to account for the erosion and degradation of agricultural topsoil, which tends to 

reduce its future productivity1. However, this form of decay is difficult to include in measurement of the 

productive stock because of the difficulty of characterizing the loss of productive services (rather, it is often 

assumed that the loss of future output is reflected in the current price paid for land services). All of these 

specific aspects make the usual techniques designed to construct capital stocks rather irrelevant.  

The stock of land and the flow of services 

The construction of service flows requires data on "quantities". Land area is typically an obvious measure 

of the stock of land input. However, measuring the stock of land as an input is not straightforward.  

First, Ghosh (2015) raises the relevant point that, while being a factor of production, and therefore an 

economic asset, it is also a natural resources and hence an environmental asset. She considers that for a 

natural resource to be included in the balance sheet of national accounts, such an asset should be linked 

to enforced ownership rights, to be consistent with most national accounting frameworks (pure 

environmental assets like air, remote land areas and open seas with no defined ownership are excluded 

from assets in national statistics). 

As a result, defining which land should be included in sectoral macroeconomic accounts, and in particular 

in TFP measurement, is a major practical difficulty in some countries. Remote, inaccessible land should 
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be seen only as an environmental asset and therefore should not be considered as an input. However, 

there is a grey area in the distinction of what is productive land and what is not; and there a large gradient 

between highly productive land and semi-deserted areas that are sometimes used for grazing. From a 

practical point of view, in countries that are dominated by small-scale agriculture land ownership rights are 

often not well defined. In many cases, the cost of registering transactions has resulted in an informal (but 

well-established) distribution of land, which has little to do with the formal land titles.  

Second, the assumption of a simple, uniform proportionality of the service flow to surface is not relevant 

unless one distinguishes the various types of land input. Services to agricultural production from cropland, 

for example, differ significantly from those from pastureland. There are cases of double cropping, or mixed 

cropping or agroforestry, or the use of land both for agriculture and for other purposes (energy, recreation, 

etc.). 

In such cases, the relation between land stocks and service flows is complex and can be difficult to gauge. 

In practice, for the TFP index to reflect the state of technology, the stock of land should be measured in 

units of consistent quality across space and over time. Measures of the amount of productive services 

should reflect natural fertility determined by soil and climate. Differences in land quality and attendant 

changes over time (such as average rainfall, soil type and the proportion of irrigated areas) and across 

regions affect productive capacity. Not properly accounting for quality differences may generate biased 

estimates of TFP levels and growth and wrongly attribute changes in TFP estimates to technological 

change (see the detailed analysis of FAO, 2018 on this point).  

In order to account for such differences, one possibility is to distinguish various types of land reflecting the 

quality of the land input and how quality changes over time. And to assume a different factor of 

proportionality between stock and productive services for each category, the finer the decomposition of 

the land, the more reliable the assessment of the service flow. 

Given the difficulty of defining homogenous categories of land, gathering precise data, and estimating the 

service flows from the stock of each category of land, as one would do with other forms of capital 

considered as an input, it is tempting to assume that the price of land reflects its characteristics, in a way 

that is proportional to the flow of productive services. Indeed, higher productive services should translate 

into higher returns, which capitalize in the price of land, provided that markets are efficient. 

In practice, land prices are correlated to land fertility. The market price of cropland, for example, can 

provide a proxy for its soil properties, topology, rainfall, whether it is irrigated or not, and other 

characteristics, provided that there is a competitive market, a large number of transactions, and that the 

market price of land is not subject to external interferences (such as purchase of land for dwelling). 

Ball et al. (2010) use market prices to estimate how the average quality of cropland changes in order to 

measure total cropland in a constant quality unit. Alternatively, the flow of services from the stock of 

agricultural land is sometimes often approximated by its annual rental value, provided that the land rent 

market is also competitive and transparent.  

The user costs of land 

According to Diewert (2000), a user cost basically consists of the sum of four terms: i) the interest that 

could be earned if the asset were simply sold at the beginning of the period; ii) depreciation; iii) taxes that 

are assessed on the use of the asset plus the appropriate business income tax rate; and iv) expected 

capital gains (or minus losses) that the asset might accrue over the accounting period. 

The OECD has summarised the recommendation of the economic profession regarding productivity 

analysis. It considers that the user costs should represent the amount of rent that one would charge in 

order to cover costs of a quantity of dollars' worth of asset (OECD, 2015). The OECD Handbook associates 

each type of assets with a specific flow of services, which is assumed to be proportional to a stock of capital 
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for the particular type of assets and suggests to apply asset specific user costs as weights to aggregate 

across services for the different types of assets. 

More precisely, the OECD suggests a concrete way to implement Diewert's recommendations on how to 

construct user costs, and proposes to measure them as the sum of: i) the cost of financing the asset, 

i.e. the cost of depreciation plus the interest costs applied to the value of the asset added ; ii) the capital 

net gains or losses or re-valuation of the asset (i.e. a rise or fall in the price of the asset independent of the 

effect of ageing/decaying). The latter should reflect a difference in prices not due to wear and tear but to 

other effects such as general price changes or obsolescence (OECD, 2001, p.65).  

In the case of user costs for land, these recommendations leave a considerable margin of uncertainty. 

Prices of capital services for land differ from the market prices of the land asset. Because they are a proxy 

of land fertility (albeit a crude one), asset prices are perhaps more appropriate to construct an index of 

capital stock rather than capital services. As a user cost, the land value is affected by changes in prices 

that are caused by exogenous factors, as pointed out by Diewert (2000).  

Land prices and land values 

As we saw in the previous sections, land prices are useful both as a proxy for deriving service flows from 

stocks, aggregating different types of land, and aggregating land with other capital inputs. In addition to 

the conceptual issues raised above (price of services different from asset prices), there a many practical 

issues.  

When one uses land values for converting stock to flows, a major problem is the functioning of the land 

market. Land values are affected by factors that are not related to the flow of productive services. This is 

particularly important in international comparisons. Typically, the possibility of using land for non-

agricultural purposes such as dwelling will have a considerable impact on the value of land. Rental 

contracts are uncommon. Communal or traditional land are not well adapted to market valuation, as 

described in FAO (2018), which develops these issues in detail. The value of land also depends on the 

various assets and resources that are associated to land. For example, there might be geological 

resources, water or wood resources associated to a land used as an agricultural input. All of these issues 

make it difficult to use market valuation. 

Many developed countries have specific legislation on land transactions. Farmland can only be sold to 

farmers in some European countries, for example. Sometimes, long-term land lease contracts make the 

market particularly sticky. More generally, land markets for rent as well as for purchase are imperfect. If 

one wants to focus on rather homogenous land areas, there might be very few transactions and the few 

prices collected may not be representative of the whole market.  

Using land rents to reflect the quality, or at least the characteristics of land in terms of services flows also 

raises difficulties. Land rents are highly regulated in some countries, which have chosen to grant a long 

term protection to tenants. Hence, land rents poorly reflect land attributes. When land delivers services to 

its owner, no market transaction is recorded and no rent is paid. Not only there is a need of to measure an 

implicit flow of services from the land stock, but for aggregating such land with other inputs, there is a need 

to find a proxy for its value. 

The treatment of the land input in TFP calculations across agencies 

In this section, we review what is done in practice both in empirical studies in academic literature and in 

governments in terms of land input.  
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International organisations 

In the United Nations System of National Accounts (SNA)2 as well as the European System of National 

and Regional Accounts (ESA) land is classified as a-non produced asset (see Ribarsky 2015). The 

Eurostat-OECD compilation guide on land Estimation (OECD-Eurostat 2015) and the 2001 OECD manual 

addresses the measurement challenges related to land. Although land is a non‐ produced asset, it is 

considered as a factor of production and therefore as an asset that provides a flow of capital services into 

production. Land is described as specific in that, under good management, the value is assumed to remain 

constant from year to year except for the effects of inflation in land prices. Hence, the SNA recommends 

that land be a form of capital that is not subject to depreciation; and all the contribution of land to production 

should be regarded as income (SNA 2008). 

Consistently with the SNA, the OECD treats land as a non-produced asset in the national accounts (OECD, 

2001). Acquisitions that lead to major improvements in the quantity, quality or productivity of land are 

treated as gross fixed capital formation. The latter is limited to particular cases such as reclamation of land 

from the sea or clearance of forest to enable land to be used for the first time.  

In addition to be associated to the SNA, the Food and Agriculture Organisation (FAO) develops the UN 

System of Environmental-Economic Accounting for Agriculture, Forestry and Fisheries (SEEA-AFF).3 

While it has a broader purpose, including the measurement of environmental indicators and economic 

modelling, this framework is used by the FAO in agricultural TFP comparisons. Data on land are part of 

two base accounts, "land use" and "land cover". Variables collected include the stock of land (hectares), 

harvested area (hectares), for arable land, permanent crops, permanent meadows and pastures, for the 

various types of crops (cereals, roots and tubers, etc.), and changes over an accounting period, with a 

special distinction is made for "land under permanent crops".  

While it covers a broad range of countries, land statistics in the SEEA Central Framework incorporate 

information on the composition of land in terms of area in hectares, classified by type of land use; and on 

asset accounts in monetary terms for land used for agriculture, forestry and fisheries. Specific aggregates 

follow FAO land use classes, such as agricultural land, cropland, arable land, and other land (additional 

entries are provided to account for fisheries and aquaculture). Land categories include permanent pasture, 

arable cropland and permanent cropland.  

The European Union Statistical Office’s (Eurostat) defines the methodology for manual for constructing the 

Economic Accounts for Agriculture and Forestry. The EU statistical classifications and methodologies are 

consistent with the SNA. The EUROSTAT-OECD (2015) "compilation guide on land estimation" goes 

further in defining the treatment that should be granted to land in TFP assessment. 

The US Department of Agriculture (USDA) 

The USDA has devoted a considerable effort to develop precise measures of land service flows and land 

user costs for the specific purpose of measuring TFP since the 1970s. As the OECD and the SNA, land in 

TFP measures is treated as a form of capital with a depreciation that is supposed to be zero (Shumway 

et al., 2017).  

One major area investigated by the Department is developing data and techniques to obtain constant 

quality land series. Historically, cropland, pastures, and others were distinguished, as well as their 

irrigated/non irrigated status in agricultural censuses and the distinction was used in TFP measurement 

(Gardner et al., 1980).  

The USDA has pioneered many of methodological innovations in land measurement for TFP calculations, 

which inspired several other departments across the world, including Canadian and Australian agencies 

since the 1980s. Ball et al (2002) developed detailed datasets on land areas, land quality and land values 

for both the national productivity statistics and the state level statistics (see Ball et al., 2004). In addition, 
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the Department developed methods that coped with data limitations for comparing TFP and TFP growth 

across OECD countries (Ball et al 2016). More recently, the Department also carried out an effort to 

compile TFP indexes, with a less sophisticated methodology, across all UN countries (USDA, 2020).  

In their estimates of TFP growth for US agriculture, the ERS compiles data on land area and average value 

(excluding buildings) per acre for each county in each US state to construct a constant-quality stock of 

land.4 Land is disaggregated into several land types at the county level. Land values per acre are used to 

aggregate the different land categories. Censuses on land ownership or agricultural management surveys 

(microeconomic data) provide information to derive estimates of the value of land from data on the value 

of farm real estate, and relative prices of land are calculated with hedonic methods. The cost of land service 

flows is derived using the accounting identity where the value of total product is equal to the total factor 

outlay. 

For their comparison of international TFP Growth, the ERS/USDA use less detailed information and 

distinguishes the area in permanent crops (perennials), annual crops and permanent pasture. Cropland, 

i.e. permanent and annual crops, is divided into rain-fed area and irrigated area. The ERS constructs a 

quality adjusted that gives greater weight to irrigated cropland and less weight to permanent pasture. While 

data comes mostly from FAO for this category of studies, national sources are used in particular for China 

and New Zealand. Land is aggregated to other inputs using approximations of costs shares based either 

on actual observations or on cost shares observed in similar countries that are assumed to be 

representative of countries in the same regions (for example cost shares in India are applied to 

neighbouring countries, see USDA, 2020). The cost of capital services from trees is assigned to land.  

Other national efforts 

Australian agencies involved in TFP measurement in agriculture include the Australian Bureau of Statistics 

and the Australian Bureau of Agricultural and Resources Economics and Sciences (Shen and 

Jackson, 2015). ABARES uses a hedonic regression eliminate the variation in agricultural land prices that 

is caused by macroeconomic factors not related to production (e.g. proximity of urban areas) as well as 

soil types and quality differences across regions.  

The procedure combines a regression method whereby the price of land used in agriculture is valued 

based on a bundle of characteristics associated with its use for agriculture and other purposes. Then the 

proportion of total land value that is associated with its agricultural characteristics is constant over time, an 

aggregate price index is used to impute the time trend.5 The index also incorporates differences in the flow 

of services provided by land across Australian states and land classes.  

European Union efforts to measures TFP, including those by the European Commission to assess the 

impact of the Common Agricultural Policy or the European Innovation Partnership for Agricultural 

Productivity and Sustainability are based on the European Accounts for Agriculture, a set of 

macroeconomic sectoral accounts. Land is registered as an economic asset in the national accounts. 

The EU Commission uses changes in total Units of Arable Areas available in the European Accounts for 

Agriculture as a volume index. The land weights are calculated as the average rent (total expenditure for 

rents/number of hectares of rented land), which is applied to all area (Lanos, 2019).6 Canadian agencies 

have also devoted considerable effort to adjust input quality (Cahill and Ritch 2012; Cahill, 2020). 

Methodological issues 

Correcting for land quality when measuring the service flows of land 

The flow of productive services from a hectare of land depends on many characteristics: soil, climate, 

remoteness from trading and consumptions centres. Treating farm quality land as equivalent to lower 
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quality land implicitly makes heroic assumptions on input substitution possibilities,7 and results in a biased 

measure of productivity. Dale Jorgenson and Zvi Griliches have long prescribed that the outputs coming 

from and inputs used in production should be measured in constant-quality units, and the various 

international agencies have long recommended such adjustments (OECD, 2001).  

When one wants to control for quality and establish more homogenous aggregates, the main limitation is 

data. The Economic Research Service of the US Department of Agriculture (ERS/USDA) stands out in 

developing a detailed procedure for controlling for land quality in the US productivity series. The USDA 

has been able to account for land quality differences by collecting information on a county basis and to 

combine survey data to spatialized date on physical attributes (Ball et al, 2008; Shumway, 2017). They 

view land as a bundle of characteristics, i.e. include soil acidity, salinity, moisture stress, etc.8 For each 

variable, the percentage of the land area in a given region subject to stress is estimated (see Ball et al., 

2008, 1997b). 

Irrigation is included as a separate variable, assuming that in areas with moisture stress, rain-fed 

agriculture is not possible. Because irrigation mitigates the negative impact of acidity on plant growth, the 

interaction between irrigation and soil acidity is included in the vector of characteristics. In addition, 

environmental attributes and an indicator of "population accessibility" is included. Indicators are 

constructed using a gravity model of urban development, which provides a measure of accessibility to 

population concentrations, based on population density and distance from that population.  

Such a detailed procedure can only be carried out where detailed data are available, i.e. mostly the US 

and Australia.9 When comparing TFP across countries, and not only between periods in a given country, 

the possibilities for correcting for land quality in estimating productive services are more limited.  

A major effort was carried out by a consortium of economists led by the ERS/USDA to compare TFP across 

OECD countries (Ball et al 2016), but ran into data limitations in non-US countries. In order to construct a 

stock of land implicitly as the ratio of the value land in agriculture to the corresponding price index each 

country, the authors compiled data on land area and average value per hectare for no less than 3 582 

States or regions across the seventeen countries. They estimated spatial price indexes (i.e. purchasing 

power parities) for land accounting for heterogeneous soil types and associated soil characteristics.  

Aside of this heavily data intensive effort, each country, it is often necessary to use precise information 

where data are available to estimate statistical relations that are used elsewhere. Most efforts in this area 

follow the pioneering work of Peterson (1987).10 For example in a broader comparison of TFP growth over 

a large sample of developed and developing countries, the ERS/USDA construct weights are estimated 

using historical country level data with dummy variables for representative regions. Agricultural yield 

(defined as total output divided by the sum of cropland and pasture area in FAO statistics is regressed 

against a set of explanatory variables. They include the proportion of land in rain-fed cropland, irrigated 

cropland and permanent pastures. This makes it possible to estimated coefficients for aggregating the 

three land types with weights that account for quality differences, assuming for example that countries with 

a higher proportion of irrigated land are likely to have higher average land productivity. The results give 

plausible weights for aggregating agricultural land across broad quality classes. 

The authors of USDA (2020) then provide a specific treatment of irrigated land and the role of irrigation 

improvements in output growth, estimating with an econometric regression how the changes in the (quality 

adjusted) quantity of land is explained by expansion in land area, pasture and irrigation expansion. They 

obtain an estimate of the role of investment in irrigation on yields ceteris paribus, i.e. the impact of 

equipping a hectare of cropland with supplemental irrigation on the whole output of the sector.  

Practical suggestions on land classes 

Land used as an input in agriculture is heterogeneous in terms of the quantity of service flows that one 

hectare will provide in the production process. One way to derive a flow of productive services from a stock 
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of land is to make the stock more homogeneous using a weighting scheme that reflects the amount of 

productive services per hectare. This is rather similar to correcting each area of land at the most 

disaggregated level available by a coefficient that reflects its productivity. This leads to consider that the 

resulting aggregate productive stock of land provides proportional service flows; or, equivalently that the 

degree of proportionality differs between land classes.  

Several methods can be used, from using proxies of land productivity (including market price) to adjusting 

the stock of land with hedonic techniques. Empirically, though, it is necessary to gather information on land 

at a disaggregated level, so that it can be assume to be sufficiently homogenous. In this area, the various 

efforts carried out by the ERS/USDA have provided useful experiences to other agencies (see Ball et al 

2008; Shen and Jackson, 2015).  

The OECD-Eurostat guidelines stress the interest of using observed physical and biological cover, 

potentially for refining the service flows of the various categories of land, or to construct quality-adjusted 

indicators (Pieralli, 2020). They recommend distinguishing land classes on the basis of a common 

denominator that can potentially be detailed further for a subset of countries willing to do so. And to use 

spatial information on land use and land cover to help when data are missing.11  

Data are the limiting factor for refining classification in empirical datasets. There are very few areas where 

TFP analysts can access data as comprehensive and sophisticated as the one available in the United 

States. The Eurostat-OECD manual provides a detailed analysis of the existing classifications, albeit more 

designed for national accounting than for TFP analysis per se (see Eurostat-OECD, 2015). 

The FAO SEEA provides a benchmark for international comparisons that include developing countries 

where information is often partial. The FAO identifies the following classes of agricultural land: cropland 

(arable land, temporary crops, temporary meadows and pastures, temporarily fallow, permanent crops), 

permanent meadows and pastures and land under protective cover (i.e. land used for agriculture occupied 

by dwellings on farms, e.g. barns, cellars, stables, etc.). 

Box 10.1. Empirical suggestions for land classes 

Ghosh (2015) provides a comprehensive exploration of the ways of compiling data on land as an 

economic asset and stock in agriculture. Her purpose is to explore the dual status of land, i.e. land as 

an economic asset in national accounting balance sheets and land as an environmental asset, rather 

than focusing on land for TFP indexes, but because the objectives of the OECD TFP & Environment 

Network include incorporating environmental goods in TFP, her analysis is particularly useful. She 

proposes to rely on the SEEA (2012) that identifies; i) land underlying buildings and structures; ii) land 

under cultivation; iii) recreational land and associated surface water; and iv) other land and surface 

water. 

Ghosh recommends as a minimum degree of detail the four stated classifications with further sub-

classification of (i) and (ii). Further, under land for cultivation, to distinguish agricultural land, forestry 

land and surface water for aquaculture. In addition, in land under agriculture, to distinguish temporary 

and permanent crops, meadows and pastures and tilled and fallow land. It includes open farmland and 

greenhouses making up arable land ploughed or tilled mostly under crop rotation but land under 

permanent crops/orchards and plantations are included as also permanent grasslands that are both 

grown naturally or cultivated. Farm building structures standing on these lands "should be classified 

elsewhere leaving only the underlying land to be considered but when this is not possible the most 

valuable use should be considered as the last resource" 

Source: Ghosh (2015). 



218    

INSIGHTS INTO THE MEASUREMENT OF AGRICULTURAL TOTAL FACTOR PRODUCTIVITY AND THE ENVIRONMENT © OECD 2022 
  

Eurostat-OECD proposes to isolate land under cultivation from land underlying dwellings, land underlying 

other buildings and structures. In the "land under cultivation" category, the distinction should be made 

between agricultural land, forestry land, surface water used for aquaculture, recreational land and 

associated surface water and other land and associated surface water,12 And land under cultivation should 

distinguish temporary or permanent crops, meadows and pastures, as well as land with temporary fallow; 

this category includes tilled and fallow land, and naturally grown permanent meadows and pastures used 

for grazing, animal feeding or agricultural purpose. 

The issue of land used for animal production 

Land used as an input for livestock activities raises a particular difficulty, given the very heterogeneous 

level of service flows that is drawn from one hectare of land, between grazing land, land cultivated for 

feedstuff (fodder crops) and land that is used for industrial production system (stall feeding). These different 

uses of land for livestock production result in very different partial productivity of the land input. Hence, the 

way such different uses of land for feeding animals are aggregated has a major impact on the TFP index. 

The FAO (2018) recommends that pastureland used for grazing or land used to let chickens and other 

animals scavenge be included in TFP metrics for the livestock sector; and that the cultivation of fodder 

crops should be categorised under crop production even though the destination of this produce is the 

livestock sector. This, according to the FAO is in line with SNA recommendations. In such case, the use 

of fodder crop should be included as an input in the measure of productivity for the livestock sector. In 

theory, in the case of farms producing their own feed, the different enterprises (for example, crop and 

livestock enterprises) must be separated to derive sector-specific data on output, production costs and 

productivity, but this is not always the way it is recorded in farm accounts.13 

In some cases, it can be necessary to construct TFP measures as a weighted sum of partial productivities 

of the different inputs, in particular when data on capital is missing and proxies based on available data 

(e.g. statistics on tractor sales or imports as a proxy for the input "machinery") are used. Livestock 

production is a typical example where partial productivities have little significance per se, because of input 

substitution: displacements on the isoquant could make the index change even in the absence of technical 

change or efficiency gain. 

In such cases, however, it seems reasonable to calculate land productivity by counting as an input when 

land is directly devoted to pasture/grazing or to the cultivation of crops destined to feed the animals, such 

as hay or silage crops. Land productivity is then the volume of the livestock product (tonnes of beef, for 

example) divided by the unit of land used for pastures, hay and silage crops. In the case of livestock 

systems fully based on stall-feeding management, land productivity and in systems where feed is bought 

on the market rather than produced on the farm, it is necessary that the high land productivity of land be 

reflected by a greater use of capital and intermediate consumptions. 

Land valuation 

Land values are necessary to construct user cost. They are also useful to incorporate differences in the 

productive contributions of the various components of the stock of capital, including land. The use of market 

prices to aggregate different inputs relies on the idea that marginal returns of an input can be approximated 

by the input price. Note that this requires that the quantity of input can be adjusted, which is not always the 

case of land in the short run.14  

Data from market transactions and price surveys for tax or statistical purposes are obvious sources of unit 

values per hectare. A first difficulty is that market prices do not reflect well the productive capacity of land, 

as it would be the case in a competitive market. As discussed earlier various factors may make the land 

market sticky, such as public regulations, the lack of a competitive supply in some areas and the poor 

demand in other areas. More generally, the current market price of land is affected by several factors that 
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have little connection with the amount of productive service flows that can be drawn from one hectare of 

land. Land sometimes serves as a secure way to store wealth. 

Land prices are also affected by capitalisation of farm support or tax benefits.15 Market transactions of land 

are often too limited in a particular area (small enough to be considered as relatively homogenous from an 

agronomic point of view), and price can be driven by alternative uses of land for habitation, industries, 

infrastructures or recreational purposes. Because land used for agriculture and forestry also supply a range 

of ecosystem services that may be of value to the society as a whole, or to individuals other than the 

owners (for recreational purpose, for carbon storage, etc.), the market value of land does not reflect the 

potential flow of productive services (Ghosh, 2015; Eurostat-OECD, 2015).  

Rather than relying on current transactions, one may use a proxy for prices. National accountants often 

take current sales prices from transactions that took place in an area close to the one where transactions 

are lacking. The land to structure ratio derives the value of the land indirectly by multiplying the depreciated 

structure value by a coefficient. 

Eurostat-OCDE (2010) devotes an entire section in their manual on land for national accountants to this 

issue (chapter 6). Many of these methods rely on the value of the land by subtracting the depreciated 

structure value from the combined total value.16 

FAO (2018) suggests that a residual approach can be adopted when the real estate value is available and 

can be used in conjunction with capital stock of structures, incomes and comparable sales. A "land to 

structure ratio" can also be used on a large sample, provided that reliable information makes it possible to 

estimate this ration on representative areas. 

Even though, land values vary a lot across regions and fields, it is possible to relate unit values (market 

price per hectare) to a set of attributes and to obtain a set of prices that can be applied to each plot, 

provided that data are available on the characteristics of different classes of land, and that the classification 

is detailed enough.  Hedonic methods, also a form of proxy variables, make it possible to construct fictitious 

land prices from bio physical characteristics of soils and land plots (see the section below).  

Alternatively, Ghosh (2015) discusses the option of using net present discounted value of the expected 

flow of benefits. This requires assumptions on future returns and an appropriate discount rate. She argues 

that, according to SEEA conventions on assets, if the value of future benefits is at least equal to the current 

market price, the use of net present value could be justified for land assets. She recommends using the 

NPV in particular to separate the price of wooded land from the value of trees when there is a combination 

of agriculture and forestry, in some cases, the net present value of land use can serve as price. 

Hedonic approaches 

A solution to data limitations is to construct land prices or unit values (or a quality adjustment index that 

reflect productive services from one hectare of land) by linking the relevant variable to a set of 

characteristics or attributes. This is typically, what is done with "hedonic" approaches, that use regression 

techniques to control for the determinant of land values or prices. Another use of hedonic methods is to 

separate the real estate property value (that is, the combined value of land and structures) into different 

prices for the land and for the structure (the total value of land is then derived by multiplying the indirectly 

derived price by the area of land). Ball et al (2010) provide an example of input prices that are constructed 

this way. The exact techniques vary across authors.17 Again, the US agencies have implemented 

sophisticated hedonic approaches to take into account as much as possible soil and land quality 

differences. This was made possible in the United States because of the large set of data on the soil/land 

characteristics and their related aspects, especially land prices and rents. 

For example, Ball et al. (2008) applies a hedonic approach to measure quality-adjusted land prices 

assuming land price is a function of characteristics of land quality variables, such as soil acidity, salinity 
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and hydric stress. The output derived from the land use depends on the soil and land characteristics. USDA 

uses a database that gathers information on those characteristics in different states and regions from the 

"World Soil Resources Office". This method, even though it is accurate, requires a large amount of data 

that are not necessarily available in other countries.  

Land rents as user costs 

Using the rental value of land as the user cost is a defensible choice. Land rents correspond to a flow, 

which is consistent with the way other inputs used in the calendar year of production are measured. Rental 

value reflects land quality characteristics and more generally, factors that influence land prices (FAO, 

2018). Using land rents is rather coherent with the idea of using a specific interest rate for land, in line with 

Diewert's concept of "the interest that could be earned if the asset were sold" in user costs. 

Land rents are a good approximation of the opportunity cost associated with land ownership, one 

illustration is that owners of agricultural land often rent their land to other farmers. Using unit land rents 

also avoids assumptions on which macroeconomic interest rate should be used to price the value of land: 

while interest rates on government bonds are commonly used, there is no obvious rationale for using a 

particular type of bonds. Moreover, it is not clear whether real interest rates should be used rather than 

nominal interest rates (the former can be negative for long periods in case of inflation, and the latter can 

be very high, granting a considerable weight to the primary factor which they are applied to). Using rents 

to impute a value to self-owned land is therefore theoretically grounded and an acceptable estimation 

strategy. 

FAO (2018) suggests imputing land rents to owned land using simple techniques, such as the median or 

average rental rate per hectare or acre for similar land in the same region, or more sophisticated 

approaches based on econometric models. Ideally, the level of detail in the rents should match the 

breakdown provided for the area data, and if possible, be crop specific. 

The higher the disaggregation of area and price data, the better will the land value indicator reflect the 

different quality characteristics of the land. In countries with limited data, the FAO recommends using 

simpler approaches based on average or median rental rates. When possible additional information on 

prices for agricultural land should be gathered even where it is partial data. If weights are based on average 

rents without distinction by crop or other factors that may affect land prices, the weighting scheme will be 

distorted and the final measure of productivity flawed. It is also possible to use a different conversion for 

the equity and debt portion of land. For example, one can use the mortgage interest rate for the debt 

portion; and the net cash rent (possibly after property taxes) divided by current land value for the equity 

portion. 

Capital gains and taxes 

Diewert (2020) suggests that the user cost should also account for taxes and capital gains. Taxation and 

tax depreciation allowances should be included in the user cost. The main limitation, here, is data. In 

addition, conventions differ across countries and whether property taxes should be included in the user 

cost of land or in a separate input "taxes" is controversial.18  

If one follows Diewert's recommendations on user costs, land improvements, which can include major 

changes such as the installation of an irrigation or drainage system, should be counted as capital gains. 

However, national accountants sometimes treat them as fixed capital formation and include them in 

equipment or other forms of capital.19 

While it is current practice to assume that land does not depreciate, one should, in theory account for land 

degradation as well as land improvements. Typically, this can happen if farm practices result in a loss of 

fertility. There is considerable evidence that soil erosion and degradation is a major problem at the world 

level. It is also the case in some OECD countries. Eurostat-OECD (2005) consider that all degradation of 



   221 

INSIGHTS INTO THE MEASUREMENT OF AGRICULTURAL TOTAL FACTOR PRODUCTIVITY AND THE ENVIRONMENT © OECD 2022 
  

land caused by economic activity should be recorded in the volume of the asset, i.e. in the measure of the 

stock of land. However, the effect of soil degradation caused by improper farming practices on future 

productivity, for example, depends on many technical factors (topsoil depth, nutriments reserves, etc.) and 

data are missing. 

Set aside land and public land 

Set-aside is no longer extensively used in OECD countries as a mean to control supply. However, such 

programmes have, historically, been used in the United States in the 1980s, and in the EU in the 1990s, 

and the treatment of compulsory or subsidised set-aside is necessary for consistent time series of TFP. 

International agencies recommend using cultivated areas rather than harvested areas as a measure of 

land stock (FAO, 2018 stresses this issue in international comparisons). The rationale is that many of the 

intermediate inputs such as agrochemicals, or factors of production such as labour or machinery, are used 

on the sown area (land preparation, seeding, fertiliser application, weeding, pesticide application, etc.). 

In addition, using harvested area instead of planted area risks leading to overestimations of yields and 

returns to land, as harvested area often includes the most productive segments of the parcel. The FAO 

Guidelines also recommend including land temporarily fallow (for less than five years) in the cultivated 

area, with the argument that parcels are left uncultivated for some time, to allow for the regeneration of 

soils and maintain their fertility. This strategy is therefore part of production technology.  

However, this is not the case of land diverted from commercial use in response to government programs. 

In that case, it can hardly be seen as an input in the production function. The USDA task force in 1980 (a 

period when compulsory set aside was widespread) paid considerable attention to this issue and eventually 

recommended to include diverted or set aside acreage in the land input used in TFP analysis, but in a way 

such that users could exclude it in particular measures. The motivation was that, since farmers were 

allowed to grow particular crops (e.g. energy crops) on land idled under certain programs, subtracting set 

aside land would understate the land input. In addition, since land under compulsory diversion are 

associated with public support, and that payments are often counted as an output, it can be consistent to 

count diverted acreage as an input (Gardner et al 1980).20 In the case of land enrolled in conservation 

programs, it seems reasonable for the same reason to include it in the capital stock and to consider 

conservation services as a component of input.  

Assessments and recommendations 

In this section, we provide some assessments and recommendations on practical approaches concerning 

data and methodologies for calculating TFP for the aggregate agricultural sector.  

The issue of accounting identity 

In his recommendations for measuring productivity in the manufacturing sector, Erwin Diewert picked the 

interest to value capital stocks as the "balancing rate of return that makes the value of inputs equal to the 

value of outputs". For one of the most prestigious heralds of grounding economic measurement into 

microeconomic theory, the choice of an endogenous rate of return rather than an exogenous one is rather 

surprising: one argument is rather pragmatic, i.e. that an exogenous rate too often results in negative user 

costs for land assets. This is an illustration of the debates that still surround the valuation of primary factors 

in TFP measures and how empirical issues are often determinant. 

It is very possible that applying either a rental rate derived from macroeconomic, or perhaps even more 

applying a per hectare land rent to the stock of land in property results in a "large" user cost of the land 

input. If an average wage rate is also used to calculate a user cost of self-employed labour, and a rental 

rate is also applied to the whole stock of equipment and machinery, the calculated cost of aggregate input 
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will probably exceed the gross returns in the agricultural sector of most OECD countries. This would not 

be theoretically inconsistent (one can consider that the sector is not at its long run equilibrium, or that there 

is non-constant returns to scale), but a large and systematic discrepancy between gross output and the 

cost of all inputs raises questions. 

Approximating marginal returns to inputs by their prices relies on the assumptions that that producers 

operate in a perfectly competitive market and pay each factor of production the value of its marginal product 

without interference from risk, imperfect information or other market imperfections. Under equilibrium and 

constant returns to scale assumptions, and provided that outputs and inputs are measured property and 

in constant quality units, this justifies to "clear the account". 

In such a case, profit exhaustion means that gross receipts equal gross expenditure. Because of the 

assumption that variable inputs ca be adjusted to their optimal use, i.e. when their marginal returns equals 

their market price, it is justified to deduct from the gross income the cost of those inputs that are fully 

utilised in the production period, i.e. the cost of intermediate consumptions (material). And to distribute the 

surplus across primary (quasi-fixed) inputs, i.e. land, machinery and buildings and unpaid operator and 

family labour.  

Consider the assumptions that justify treating returns to primary factors as a residual. "Balancing rate of 

return that makes the value of inputs equal to the value of outputs" as proposed by Diewert is justified if 

the sector experiences constant returns to scale.21 This is a defensible assumption even though it has 

never been fully proven that agriculture experienced such constant returns.22 The second assumption is 

that the sector operates at equilibrium. 

Agriculture is characterised by factors that do not adjust immediately: for example, in most OECD 

countries, farm labour has gone done dramatically over the last decades. This is typically an indicator that 

the sector does not operate at equilibrium. However, the large gap between these calculated costs (once 

all primary factors are applied a market interest rate) and the returns should have resulted in large-scale 

bankruptcies decades ago. 

Rather, the decrease in labour force suggests that this input was not used at its short-term equilibrium 

point, i.e. that marginal returns are lower than the market price and that the level of the input "self-employed 

labour" only adjusts slowly. In such a case, shadow prices of the primary factors would be a good way to 

price them. While there is no solid ground to so, it is defensible to adjust the user costs of these factors to 

match the accounting identity, as an approximation of the shadow prices. 

Because there are several quasi-fixed primary factors in the production process, the question that remains 

is how to allocate the accounting identity across the returns to the different factors. Many authors adjust 

the rental rate (hence the user cost) of land so that it is the "residual claimant". For example, US agricultural 

productivity accounts consider that gross returns should equal total costs in agriculture, and once other 

inputs are valued at their marginal returns, land is the most nearly fixed input used in agricultural 

production. Shumway et al (2017) justify choosing land as the residual claimants by the fact that, if TFP 

calculations are based on a relatively long run, the residual claimant(s) should be the input(s) that remain 

fixed (or quasi-fixed) for the longest adjustment period. Land is clearly an obvious choice.  

However, if TFP calculations are based on the short run (e.g. a single production period), this argument 

hardly holds and profit could be allocated to all inputs that remain fixed over the selected short-run period. 

Other input such as "entrepreneurship" could be considered, which would lead to impute wages for family 

labour and rents to self-owned land and allocate the operating surplus to land in property and self-

employed labour so that it clears the accounts (an idea used by Diewert 2014). 

Alternatively, unpaid family labour could be the residual claimant, as do economists at Agriculture and Agri-

Food Canada to use this convention. Shumway also quotes the choice of the US Bureau of Labor Statistics 

to split the residual between self-employed and non-corporate capital assets. Following Diewert, one could 

consider that, when all fixed assets carry the same risk, the real rate of return should be the same across 
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the fixed assets. If one considers that all inputs are flexible in the long run (with no adjustment costs and 

perfect foresight), all inputs should be residual claimants.  

Our point of view is that, in most cases, the agricultural sector cannot be considered to be at its long run 

equilibrium level. Nevertheless, it is hard to believe that for years on, the cost of inputs structurally exceeds 

the gross income (including public support). 

It is likely that part of the explanation is that there is excess family labour compared to the long run profit 

maximising input level (for example because the farm sector includes hidden unemployment); or that there 

has been some overinvestment in capital (for example because of public incentives or risk aversion) so 

that farmers accept a lower than market rate of returns on their machinery for external reasons (secure 

availability); or because farmers who own the land they cultivate de facto accept a lower return than the 

market rate for patrimonial reasons or risk minimising strategies. 

In theory, this could be corrected by a factor reflecting a coefficient of utilization of the input when estimating 

the actual flow of services from the stock of primary factor. However, there is no practical way to do so, 

and if one wants to avoid estimate econometrically some dual coefficient of utilization, one way to cope 

with the problem is to assume that the sector is in a long run equilibrium, that returns to scale are constant, 

and that accounts clear, at least on average.  

Another strong argument for the accounting identity is that, in cross-country comparisons, the differences 

between calculated costs and revenues are amplified by the scale differences between countries. Such 

scale effects blur comparisons of TFP between, say Luxembourg and the United States. In cross-country 

comparisons, the accounting identity appears as necessary. 

Land is not the only primary factor whose marginal product may differ from the market price. Self-employed 

labour and other forms of quasi-fixed capital face the same situation. And how returns to "residual claimant 

inputs" are handled matters in empirical estimation of TFP. Again, this is particularly the case in cross-

country comparisons, because of the very heterogeneous input mix in different types of farming. A solution 

should be to allocate the "residual" to all quasi-fixed factors in a way that equalises the rate of return to 

these inputs. However, proportionality, starting from the market valuation of each of the primary factors 

could be more easily implementable. 

● Recommendation. When all primary factors are valued at their market rental rate, calculated 

input costs exceed receipts. One likely explanation is that famers accept a lower than market 

returns for some of their primary factors that do not adjust freely in the short run. Hence, it is 

defensible to accept the accounting identity as a crude approximation of the returns to inputs. 

We recommend considering that returns equal costs and accept that accounting identity holds. 

And to price the different primary factors (land in property, self-employed and family labour, 

buildings) at their market value to construct user costs. Then allocate the accounting identity 

residual proportionally to the user costs. 

Measuring stocks and service flows 

Regarding the measurement of land stocks, the number of hectares is the adequate measure of stocks. 

The definition of what should be included or not in the stock is the major problem. The quality and other 

attributes of land plays an important role when deriving estimates of the flow of productive services from 

one hectare of land. 

Hence, if proportionality between stock and service flow is assumed, it is necessary to detail as many 

classes of land as data makes it possible to identify in measuring TFP growth. In spatial comparisons of 

productivity, similar conventions must be made across countries, which often requires adjusting to the case 

where data is most limiting. 
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However, as seen previously, datasets on land characteristics, maps of soil types can provide elements 

for constructing land classes. When data are available, deriving a flow of services from the land stock can 

use a more detailed decomposition of land areas and land classes to correct for land quality and more 

generally attributes, and derive a service flow as a proportion of this quality adjusted stock. 

● Recommendation. The construction of land stocks require setting limits to what can be 

considered as land used as an input in the production process. International agencies 

recommendations, i.e. using cultivated land rather than harvested land, but counting land set 

aside if it leads to payments are defensible. In international comparisons, the land classes 

described in Box 1 can be considered as a minimum degree of detail to associate land 

categories to service flows. 

Measuring the user cost 

A user cost should account for the interest that could be earned on the asset, which implies that some 

interest rate or rental rate should be applied to some value of the stock. In a first order approximation, the 

latter can be based on smoothed series of interest rates on government bonds.  

From an empirical standpoint, two main options should be considered in the treatment of land in when 

aggregating inputs in TFP indexes. The first option follows, roughly the approach used in the US national 

TFP statistics, as elaborated by Gardner et al (1980), Ball et al (2008, 2016) and recommended by 

Shumway et al 2017. That is, correcting land stocks by a quality index, valuing land at market prices, and 

using a rental rate to construct a user cost of land. 

In this option, the user cost of land would include actual land rents paid on leased land, the rental rate 

applied to the stock of land owned by farmers who cultivate it themselves; plus land taxes. The other option 

is to use land rents paid on the surface rented to landowners, and construct a land rent per hectare that is 

applied to the whole stock of land. This could be applied to the whole stock of land so as to construct virtual 

land rents for the share that is self-owned. 

One question is whether rental rates should be constructed with a real or a nominal interest rate. The 

USDA uses a real rate, i.e. government bonds deflated by the price index of the Gross Domestic Product, 

smoothed by an ARIMA procedure.  

Diewert defends use of the real rate of return as the balancing price on the basis of better following market 

rents and leasing rates as well as greater stability in the real rate of return over time. However deflating 

the rental rate used in estimating the user cost of capital and not deflating the wage rate used for the labour 

can be seen as incoherent. 

One empirical problem with using the nominal interest rate is that, over time, it can experience very large 

variations and be negative. However, the incoherence of deflating a particular primary factor price and not 

the other appears as a significant drawback of the USDA method. Even though there is no solid foundation 

to do so, we tend to consider preferable to use an average nominal rate over a time series period rather 

than a smoothed real interest rate. 

● Recommendation. Value the land stock at the market price and derive a user cost as the 

market price multiplied by a rental rate. When data are available use the land rental rate and 

apply it to the whole stock (without any correction for inflation). Then adjust this user costs 

based on the account clearing identity, with a proportional allocation of the residual across all 

quasi fixed factors, in particular land in property and self-employed and family labour. Use an 

average nominal interest rate for calculating the rental rate of other forms of capital (and on 

land in property as an alternative to the rental rate). 
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Notes

1 Fuglie and al. (2016) provide a comprehensive survey of these issues. 

2 The United Nations SNA makes recommendations on how to compile measures of economic activity. 

The SNA guidelines play an important role for statisticians and government agencies in measuring 

productivity, since they are elaborated under the joint responsibility of the United Nations, the the 

International Monetary Fund, the Statistical office of the European Union (Eurostat), the OECD and the 

World Bank. Countries are encouraged to use the SNA as the framework for compiling and integrating 

economic and related statistics, as well as for national and international reporting of national accounts 

statistic.  

3 The SEAA AFF is developed in coordination with the United Nations Statistics Division. The SEEA AFF 

is a statistical system for organizing data regarding the economic activities related to agriculture, forestry 

and fisheries. 

4 They define the land stock by including grazing land including reservation grazing land, land in grazing 

associations and land leased for grazing, except public lands leased for grazing on a per-head basis. They 

exclude the land area in roads and house lots and miscellaneous areas such as marches, open swamps, 

and bare rock areas See Shumway et al. (2017) for details and discussions over this issue. Stocks of land 

are found in censuses. Annual series of land stocks are constructed by using cubic spline interpolation 

across states. 

5 Some of the land characteristics which the aggregation procedure is based on come from the USDA. 

Land price data are sourced for each of the 32 regions from farm surveys. Geographical mapping is used 
to overlay the regions with data describing 18 environmental attributes of lands. Agricultural land is divided 
into two types: crop (including fallow) and pasture. Land areas are collected for each type at the state level. 
Land prices are sourced directly from farm surveys (ABARES, 2020). 

6 Some methodological and data issues with respect to land have never been fully solved as far as EU 

land data are concerned. In particular, the Units of Arable Areas compiled by Member states are subject 

to a common definition, but there is a grey area for temporary pastures in mountain areas, for agroforestry, 

for the traditional practice of grazing on public lands, on the treatment of plantations, and the treatment of 

irrigation. Land values obviously depend on land use, but in areas and sectors there are few land 
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transactions and market prices reflect the use of agricultural land for construction buildings, i.e. a price that 

has little connection with the value of services flows of land used in agriculture.  

7 Shumway et al. (2016, 2017) note that outputs and inputs need to be measured in constant-quality units 

because a change in the quality of one for a fixed level of the other is a shift in production possibilities. 

8 The data on soil characteristics is found in maps of the World Soil Resources Office of the USDA's natural 

resources conservation service. Data are spatially explicated thanks to geographical information services. 

Land characteristics that are used in the valuation of land through indirect methods (hedonic prices) 

include, variables such as irrigation, aluminium toxicity, calcareous, sulfidic, moisture stress, aridic torric, 

leaching, waterlogging, high phosphorus, alkalinity, salinity, cryic frigid, permafrost, cracking clays, 

volcanic organic content, clayey topsoil, loamy topsoil, clayey subsoil, loamy subsoil, rock sandy topsoil 

and sandy subsoil.  

9 ABARES duplicates the USDA methodology albeit relying on technical relations between soil 

characteristics and quality attributes developed in the US case. 

10 Peterson (1987) derived land quality weights by regressing average cropland values in US states against 

the share of land in a variety of classes. He focused on irrigated and rain fed cropland, and on climatic 

(rainfall) variables. He then applied the estimated coefficients to non US Countries. 

11 EU data includes Infrastructure for Spatial Information in Europe (INSPIRE), the Coordination of 

information on the environment (CORINE) programme and High Resolution Layers (HRL) on specific 

classes which are both included in the Copernicus programme, and the Land Use/Cover Area Frame 

Survey (LUCAS). The latter has a particular focus on agricultural land. Ghosh (2015), Pieralli (2020) stress 

the usefulness of combining cadastral, registry, tax data, censuses, farm surveys with remote sensing 

dataset to obtain information on land stocks and their characteristics. See also Diogo and Koomen (2016) 

and Peralli (2020) for methods and data. 

12 Land underlying farm dwellings, farm buildings or other corresponding structures should be included in 

a particular category "land underlying buildings and structures" and not in agricultural land. 

13 In terms of data, Gohsh (2015) recommends to gather specific information on land used for pasture, as 

well as the management system for livestock, and information on the environment and production 

conditions in order to be able to construct appropriate indicators of the productive services of land used for 

pasture. 

14 In the case of quasi fixed inputs, which are not necessarily at equilibrium (profit maximising level) in the 

short run, the marginal contribution of the input is reflected by dual or shadow prices. 

15 Cahill (2019) and Herath (2020) have investigated the way agricultural support policies affect TFP 

indicators in a detailed way. They identify "pathways" which, relate payments to the producer's decisions. 

There is evidence that government payments, but also other types of public intervention (minimum prices, 

target prices, quotas) play an important role in explaining land prices, as the "natural" experiment of Central 

Europe shows (land prices have surged after these countries became progressively eligible for EU 

payments after accession). Herath considers that exclusions in the price indices for the TFP measurements 

would inflate implicit output quantities and deflate implicit input quantities and possibly result in biases in 

TFP measurements. The SNA as well as the OECD productivity manual recommend do use the basic 

price concept as the “true price” faced by the producer. However, if this is consistent with microeconomic 

theory when the program implementation criteria is per unit of output or input of current production, things 

are more questionable for "truly" decoupled payments. 
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16 Several empirical case studies are given un the Eurostat-OECD Manual. 

17 Ball et al. (2001) employ a semi-log form for estimating quality-adjusted land prices. Ball et al (2000) 

include a set of attributes in constructing quality-adjusted land prices in the United States. They use 

different characteristics of land, that include agronomic factors such as texture, pH; pedo-climatic factors 

representing temperature/moisture regimes; and factors such as population and irrigation. Moss et al. 

(2002) extend this model and decompose quality-adjusted land into agronomic and urbanization effects 

using hedonic techniques. Ball et al. (2016) include a “population accessibility” score for each region. The 

population accessibility score reflects the relative size and proximity of population centres. This variable is 

a proxy for distance to market and, hence, transportation costs.  

18 Gardner et al. (1980) pointed out that the USDA considered property taxes as part of the "taxes", i.e. a 

separate input, considering that taxes in general reflecting a bunch of productive services (education, 

roads, etc.) while Canada agencies, by contrast, included property and real estate taxes in the service 

flows of real estate (land and buildings) 

19 The Eurostat-OECD guidelines state that expenditure on land improvements should be recorded as 

gross formation of fixed capital and the additional value it provides is excluded from the value of land shown 

in the balance sheet and should be shown in a separate asset category for land improvements. 

20 Note that in the more general framework of considering land in national accounts, the Eurostat-OECD 

task force devotes an entire section on land set aside, in Chapter 8. 

21 Elementary microeconomics, (Euler identity applied to a differentiable homogenous function) requires 

for profit to be fully exhausted in returns to the various inputs, that the production function is homogenous 

in degree one in inputs. That is, that returns to scale are constant. 

22 There is no compelling evidence in the literature that agriculture is an industry characterized by 

increasing returns to scale above a certain threshold. Below this threshold, increasing returns to scale are 

mostly caused by the need for a farm to feed one farmer, that is, by the existence of a fixed factor and 

therefore a fixed cost. In countries with a vibrant off farm labour market (e.g. Ireland in the 1990s and 

2000s), where small farmers could find easily part time employment in the industry, the adjustment of self-

employed farm labour suggests that increasing returns to scale are not a fundamental aspect of the 

technology. 
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This chapter sheds light on the importance of soil in productivity measures. 

It first relates to the nature of soil, how soils affect agricultural production. It 

then explains why soil is important and some of the specific challenges that 

relate to including soil in economic measures. The chapter then 

investigates data issues and some of the best sources found for soil data. 

Methods to aggregate soil characteristics in a single measure are then 

investigated. Finally, the chapter outlines how differences in soil 

characteristics translate into differences in productivity accounting and 

shows an example of how to isolate these differences with an exemplary 

data set from France. 

  

11 Measurement of soil quality  
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Introduction 

Soils are critical for life on our planet. All humans rely on food products for their life and food production is 

mostly originated on soils. With an increasing human population, the demand for food is always larger. 

However, soils are not growing at the same pace as population is, making it difficult to sustain such an 

increasing demand for food. 

Soils are fundamental even though for a long time their role has been neglected in economic analyses and 

relegated to the error term in econometric specifications correlating agricultural outputs with inputs. The 

inclusion of soils into these specifications or, more generally, in a production technology as an input or as 

an output is necessary to represent more completely the agricultural production process and reduce 

omitted variable bias. 

Soil quality is an aggregate measure (an index or an indicator) to summarize the many key functions soil 

plays for the ecosystem and for humans. These functions range from support for plant growth, to recycling 

nutrients and organic waste interacting with the atmosphere, to offering a habitat for soil biota, and to 

purifying water systems (Brady and Weil, 2017). 

Three key soil interactions with other systems are key functions that will be further analyzed in this chapter 

because they reveal how soils can be important as inputs or outputs in an agricultural production process. 

Fundamental is the interaction of soils with agricultural production to support plant growth (first interaction). 

Soil fertility for plant growth is a result of soil biota abundance and soil biota help deteriorating organic 

materials left in the soil from cultivation. This deterioration process provokes soil emissions of nitrous oxide 

(which is a greenhouse gas) in the atmosphere (second interaction). Soils also interact with the subsoil by 

filtering substances and preventing them to reach lower soil strata or waterways (third interaction). 

While in the first interaction is clear that soils can be considered inputs to the production process, for one 

production cycle, they are also an output to be considered as input for the next production cycle. In a 

sense, soils and the associated soil quality are a ‘dynamic regenerative capital equipment’. Soil is capital 

equipment whose services can be used to produce goods and can be regenerated through sustainable 

use. In the second interaction, soils, via interaction with the atmosphere, can regulate the production of 

polluting by-products. The third interaction highlights that soils are very complicated to include in economic 

analyses because soil characteristics can change their role in the technology: soils can filter substances 

and purify the residuals going to the waterways but can also release more substances and portions of the 

soil itself in the waterways. This balance depends on many different aspects, such as soil characteristics, 

rain, temperature, but, most critically, depends on how humans interact with soils for plant growth. For 

example, if humans over apply nitrogen to the soil to ensure maximum agricultural yield is obtained, soils 

can cause nutrients (for example, nitrate) and soil particles to leach into the soil below root zone and into 

the waterways (nutrient surplus originated from a positive soil nutrient balance). However, if soils are used 

for agricultural purposes and crops are harvested without adding nutrients artificially, then the soil might 

lose its nutrient contents (nutrient deficit originated from a negative soil nutrient balance). 

These interactions contemplate soil functions critical for agricultural productivity accounting. Many of these 

soil functions are very complicated for economic accounting because they are difficult to measure. Soil 

functions representing the way soils interact with the agricultural production are aggregates of soil 

characteristics for economic accounting. 

Soil characteristics and attributes are manifold. In this chapter, we will consider the characteristics 

important for the soil functions considered. We will thus concentrate on only some of the soil characteristics 

shaping texture, structure, and porosity of soils. Many studies have used qualitative soil characteristics to 

account for soil quality (Sherlund et al., 2002; Abdulai and Binder, 2006; Di Falco and Chavas, 2009; Fuwa 

et al., 2007; Bellon and Taylor, 1993; Chang and Wen, 2011). Some soil properties are qualitative like the 

colour, but some qualitative properties like the texture (coarse or fine soil) have correspondences with 
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quantitative metrics (higher or lower proportion of sand or clays). Some studies have included quantitative 

soil characteristics to account for soil quality (Marenya and Barrett, 2009a, b; Barrett et al., 2010). 

All soils contain minerals, organic matter, air, and water. Some characteristics are more stable over time; 

some are more volatile and depend on the interactions with external agents. Soil texture, more stable over 

time, considers the different size of particles and depends on the proportion of sand, silt, and clays. Soil 

structure, more variable over the long term, looks at the way these particles are bound to form aggregates, 

which are fundamental to how water and air move through the soil and affect nutrient availability. Soil 

porosity refers to the presence and quantity of pores in the soil (management and compaction). All these 

soil characteristics are important disaggregated proxies of an aggregate measure, which can be 

denominated soil quality. Soil characteristics and attributes are usually aggregated into soil-quality 

measures (Jaenicke and Lengnick, 1999). 

Being an aggregate, given that correct aggregation methods are followed, a soil-quality measure could be 

beneficial for parsimonious technology representations. Soil quality is a critical input and output in the 

agricultural production technology. However, because soil quality is an aggregate, a definition of the 

purpose of the aggregation is critical to define correctly the aggregate. In that way, the aggregate soil 

quality can be confidently considered as an input or as an output in economic analyses. 

Soil quality is a dynamic concept, both in time and space terms. On one hand, the output of one season is 

the input of the next season (Jaenicke, 2000). On the other hand, one could think of the output of one farm 

or of a certain depth of the root zone to be the input of the adjacent farm or of the downstream farm. The 

fact that decisions on soils can both influence what happens in the future on the same soils and what 

happens in surrounding farms at the same time calls for a dynamic representation of the problem both in 

time and space. In the following, we will concentrate on the challenges, the data and some of the methods 

for creating the building blocks of a potential dynamic representation, which is, however, not defined in this 

chapter. 

Challenges 

Three main challenges arise from including soil quality in agricultural productivity accounting. One 

important challenge to accounting for soils in productivity measures is how much soil characteristics can 

be considered under the control of the producer or not. The time length required for changing some soil 

characteristics plays an important role to understand whether a certain soil characteristic is under the 

control of the producer or not. Being under the control of the producer or not has implications for economic 

modelling. Some characteristics like clay or the percentages of sand and silt are almost immutable in 

composing soil texture. Some other characteristics, such as soil carbon can be influenced over a long time 

through continued management practices. Some characteristics (such as soil pH) are very variable in 

space and time and can be modified easily through specific actions (such as application of limestone). 

Recognizing some characteristics as under the control of the producer, in an economic theory context, 

would require input soil characteristics to be around optimal levels. This is usually assumed true in an 

economic sense if the input considered is costly. However, as natural inputs, soil characteristics are not 

necessarily costly and do not necessarily respond to economic theory in that sense. Indeed, quantities of 

a certain soil characteristic may be much more than optimal for a certain type of production in some areas 

(see extreme waterlogging due to abundance of heavy clays on fields requiring drainage systems). For 

this reason, in some cases it is necessary to adapt economic theory to the soil characteristics case (Pieralli, 

2017). This would require including in agricultural productivity accounting also portions of the technology 

that are usually considered as non-economic, where marginal products are negative. 

A second challenge that is common to all natural variables in agricultural productivity accounting (shared 

also by soil characteristics) is the lack of an economic price in most settings. The problem of estimating a 
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price for non-valued inputs or outputs has increasingly been dealt in some studies through shadow pricing 

(Bostian and Herlihy, 2014), even though not directly in the soil context. A third challenge, faced when 

considering most natural variables, is that policies in different countries in the world interfere with the way 

one can evaluate monetarily the land resource. 

Data 

The data requirements for soil-quality measurements are very difficult to satisfy. On one hand, some 

characteristics, which are less variable, can be analyzed less often, for example, every five years. On the 

other hand, other soil characteristics, which are more variable, for example soil pH or nitrogen, should be 

analyzed more frequently. Usually, soils have been considered a static resource and geological services 

in most countries have surveyed soils only in one point in time. We revise here some of the soil-quality 

measuring systems developed in some of the OECD countries. 

Germany has started the collection of soil samples since the Soil Protection Law was passed in 1934. The 

German authorities have devised a soil-quality index called Ertragsmesszahl (EMZ, productive capacity 

number), which is the multiplication of the area in ares (1 are equals 100m2) and a land soil-quality number 

(Ackerzahle, field measure, or Grünlandzahl, grassland measure) on a scale from 1 (very bad) to 120 (very 

good). The soil-quality index considers a variety of pedologic and chemical factors. It is not publicly 

available on the internet for free and is a static measure of soil quality, not dynamic. 

Probably the most comprehensive soil surveying effort is the one from the United States National 

Resources Inventory (NRI). The National Resources Inventory data come from a sample of ‘segments’  

which are the primary sampling units of the NRI sample. The legislation founding this effort was passed in 

the Rural Development Act of 1972. These are longitudinal data collected in census years in 1982, 1987, 

1992, 1997, and annually from 2000 to 2015. The National Cooperative Survey of the United States has 

also been collecting data from 1899 onwards. A series of products are available on the web. Most famous 

ones are the Soil Survey Geographical Database (SSURGO, county-level based, collected on the ground 

since more than 100 years). Additionally, now are available also STATSGO2 (general soil maps with limited 

fieldwork), and the Raster Soil survey (very specific soil surveys obtained through predictive digital soil 

mapping, only available for few areas as of April 2020). All these data are from the US Department of 

Agriculture, National Resources Conservation Service. 

These three surveys have been used to create the Gridded National Soil Geographic Database 

(gNATSGO) and is available for access through database queries, usually in SQL on the web from the Soil 

Data Mart. At the basis of this new data product is the SSURGO database. A very detailed description of 

the SSURGO database is here on NRCS website where a 249-page description of the database is present. 

From this guide, one can see that most quantitative soil data are categorized into classes. For example, of 

interest to this chapter the ‘‘soil leaching potential’’  is subdivided into three classes: Low (permeability 

below 0.6 in/hour), Medium (between 0.6 and 6 in/hour), and High (above 6 in/hour). Even though the data 

effort is enormous and the results impressive, the categorization provokes important losses in data 

precision. Other important data for which continuous variables may be much better could be, for example, 

pore root size, structure size, cation exchange capacity or texture class, all aggregated in categories. We 

will come back to this issue in the next section. 

There are few exceptions among countries in the world where systematic repeated observations have 

been sampled over a historical period and are available as numbers, and not as categorical variables. For 

example, the Scientific Interest Group Soil (Groupement d’Intérêt Scientifique Sol), together with the 

Ministry of Agriculture and the Institut National de la Recherche pour l’agriculture, l’alimentation et 

l’environnement (INRAE), has had in France a pioneering role in setting a successful soil analysis protocol. 

The data have been consistently collected from farmers for free and the results sent back to the relevant 

farmers. The collected data are then anonymized and are publicly available for free on the internet at five-
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year intervals from 1990 until 1994, from 1995 until 1999, 2000-2004, 2005-2009, 2010-2014, and 2015-

2019, aggregated at different regional levels from small townships to regions. 

Increasing environmental awareness in the international policy arena and the recognition of the potential 

role of soils in fighting climate change have, always more critically, stressed the importance of soil carbon, 

soil depletion, and soil erosion. In the wake of such increasing concerns and thanks to the success of some 

national experiences such as the French one, more recently, international organizations such as the Joint 

Research Centre of the European Commission, together with FAO and World Bank, have piloted efforts to 

collect systematic samples of soil data in different countries. While the emphasis in the past was for most 

countries on a static measure of soil health, in the new sampling schemes, a dynamic perspective has 

been increasingly adopted. For example, the Joint Research Centre of the European Commission has 

started in 2009 the Land Use and Coverage Area frame Survey (LUCAS website). This effort attempted to 

structure the way data are collected across 25 countries. Expanding the success of the French collection 

methods, LUCAS surveys have been repeated in 2015 and 2018. These are the first efforts in defining a 

standard protocol at the European level to collect these types of data on a regular basis. 

One problem that most soil sampling methods described until now share is that they require soils to be 

dried or burnt. A new series of methodologies requiring soils not to be disposed of and much less 

expensive, both from a financial and time perspective, have been arising from the work of Shepherd and 

Walsh (2002). These new protocols require, in a preliminary phase, calibration. Calibration requires both 

wet chemistry soil analyses and near-infrared (NIR) spectroscopy analyses. Principal component analyses 

models are trained to predict from the NIR analysis the properties usually obtained from the wet chemistry 

analysis. After calibration, a large set of soil characteristics can be predicted faster only with few 

characteristics obtained via inexpensive NIR spectroscopy analysis (Shepherd and Walsh, 2002). These 

methods are increasingly used by the World Bank in some of their Living Standards Measurement Surveys 

(LSMS), especially in Africa. This possibility also arises thanks to the extensive work creating an Africa 

Soil Profiles Database, originated from the efforts of the Africa Soil Information Service and the 

International Soil Reference and Information Centre (ISRIC). 

In the near future, with increasingly available and refined remote sensing data, methods are being 

developed to predict an increasing number of soil characteristics from remotely sensed data. Soil moisture, 

together with soil temperature, are characteristics that historically have been predicted from satellites. At 

present, methods to predict additional soil characteristics, such as soil alkalinity and salinity, are validated 

with remote sensing images from satellites, with mounted multi-spectral cameras (Bai et al., 2016). Visible 

near-infrared and shortwave infrared bands from satellite imagery are being used in conjunction with 

measurements on the ground to validate prediction methods of soil characteristics. 

Aggregation of disaggregate measures 

One critical component to obtaining a soil-quality measure from consistent measures of soil characteristics 

at more disaggregate levels is aggregation. Aggregation methods come in different forms and are used to 

obtain summary measures of more disaggregated data. We introduce some notation to help us in showing 

some aggregation methods. We represent the multiple outputs by 𝐲 ∈ ℝ+
𝑆  and let 𝐱 ∈ ℝ+

𝑈 denote a vector 

of inputs controlled by the producer. Land area is denoted by 𝑙 ∈ ℝ+ and soil-quality characteristics are 

denoted by 𝐜 ∈ ℝ+
𝑄
. 

One simple way to represent data is to categorize data via classes (for example, soil leaching potential 

with permeability below 0.6 inches per hour is categorized as low). A soil-quality measure of this type could 

be a measure being either 1, 2, or 3 depending on the level of the soil leaching potential. This can be 

represented in mathematical form by a series of indicator functions: 
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𝑆𝑄𝑀(𝑐) = {

𝕀 𝑓𝑜𝑟 𝑎 ≤ 𝑐 ≤ 𝑏
2 ∗ 𝕀 𝑓𝑜𝑟 𝑏 < 𝑐 ≤ 𝑒

3 ∗ 𝕀 𝑓𝑜𝑟 𝑒 < 𝑐
} 

where the 𝑆𝑄𝑀 is a soil-quality measure defined on a soil characteristic 𝑐. In the case that 𝑐 is a soil 

leaching potential (𝑆𝐿𝑃) measuring permeability in inches per hour, we could rewrite the formula as follows: 

𝑆𝑄𝑀(𝑆𝐿𝑃) = {

𝕀 𝑓𝑜𝑟 0 ≤ 𝑆𝐿𝑃 ≤ 0.6
2 ∗ 𝕀 𝑓𝑜𝑟 0.6 < 𝑆𝐿𝑃 ≤ 6

3 ∗ 𝕀 𝑓𝑜𝑟 6 < 𝑆𝐿𝑃
}. 

Such summary representation can be seen as a form of aggregation of many different values. Aggregation 

may be done on continuous variables, but it can also be done on already categorical variables (for example, 

in the case of aggregating a soil characteristic from two categorical measures at the sub-regional level to 

the regional level). Let the previously defined soil-quality measure (𝑆𝑄𝑀(𝑆𝐿𝑃)) in two sub-regions be 

𝑆𝑄𝑀1(0.3) = 1 for sub-region 1 and 𝑆𝑄𝑀2(7) = 3 for sub-region 2. A simple way to obtain an aggregate 

measure of 𝑆𝑄𝑀 for the whole region is to choose the maximum measure to be the representative of the 

region, if for example we are worried of excessive leaching and we would like to have a conservative 

approach to the problem. This could be represented in mathematical terms as follows: 

𝑆𝑄𝑀(𝑆𝐿𝑃) = max{𝑆𝑄𝑀1(0.3), 𝑆𝑄𝑀2(7)} = 3 

One could also consider the minimum value of a nutrient to be the limiting factor in soil quality, for example 

for soil nitrogen content. So the minimum could be the aggregating function for the soil-quality measure in 

the region in that case. 

Slightly more complicated aggregation methods require some more complicated function to be defined on 

some soil characteristics. For example, a weighted average of soil characteristics can constitute a soil-

quality index, which is representative of a set of characteristics. In the previous example of the soil-quality 

measure at the sub-regional level, one could define a weighted average of the sub-regions to obtain a 

representative measure of the whole region, with weights defined by the extent of crop area in each sub-

region. If the first sub-region crop area were three times bigger than the second sub-region’s crop area, 

one could define in mathematical terms the soil-quality measure at the regional level as follows: 

𝑆𝑄𝑀(𝑆𝐿𝑃) =
{𝑆𝑄𝑀1(0.3) ∗ 3 + 𝑆𝑄𝑀2(7) ∗ 1}

4
= 1.5 

More complicated methods of aggregation attempt to endogenize these weighting schemes. These 

methods require more general functional relationships, which usually fall in the category of the 

correspondences between sets. The framework shown below can be considered general and similar 

aggregation methods can be considered whether soil quality is considered as an input or as an output. 

The production technology is described by a set 𝑇 ⊂ ℝ+
𝑈 × ℝ+ × ℝ+

𝑄 × ℝ+
𝑆  as follows: 

𝑇 = {(𝐱, 𝑙, 𝐜, 𝐲) ∈ ℝ+
𝑈+1+𝑄+𝑆

: (𝐱, 𝑙, 𝐜) 𝑐𝑎𝑛 𝑏𝑒 𝑢𝑠𝑒𝑑 𝑡𝑜 𝑝𝑟𝑜𝑑𝑢𝑐𝑒 𝐲}. (1) 

The treatment in this section considers soil characteristics as inputs but an equivalent measure can be 

defined with soil characteristics as outputs. In that case, the previous equation would be substituted by the 

following: 

𝑇 = {(𝐱, 𝑙, 𝐜, 𝐲) ∈ ℝ+
𝑈+1+𝑄+𝑆

: (𝐱, 𝑙) 𝑐𝑎𝑛 𝑏𝑒 𝑢𝑠𝑒𝑑 𝑡𝑜 𝑝𝑟𝑜𝑑𝑢𝑐𝑒 (𝐲, 𝐜)}.    (2) 

Technology 𝑇 satisfies usual properties of convexity, closeness, boundedness of inputs and output sets 

and strong disposability of inputs and outputs under the control of the producer. For the inputs not under 

the control of the producer or polluting outputs, other assumptions relaxing these disposability assumptions 

may be more appropriate. For example, if some ranges of the inputs out of the control of the producer are 

potentially damaging to production, weak disposability may be a more appropriate assumption for those 

inputs. 
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To represent the technology, one can use a variety of functional measures. One such measure, which is 

also a complete function representation of the technology 𝑇, is a directional output distance function: 

𝐷(𝐱, 𝑙, 𝐜, 𝐲) = max{𝑒 ∈ ℝ+:%  (𝐱, 𝑙, 𝐜, 𝐲 + 𝐠𝐲𝑒) ∈ 𝑇}     (3) 

if ∃ 𝑒 s.t. (𝐱, 𝑙, 𝐜, 𝐲 + 𝐠𝐲𝑒) ∈ 𝑇 and 0 otherwise, and where 𝐷:ℝ+
𝑈 × ℝ+ × ℝ+

𝑄 × ℝ+
𝑆 → ℝ+. 

Various authors have used quantitative soil characteristics as freely disposable inputs to create a soil-

quality index in a radial distance function context (Jaenicke and Lengnick, 1999). Jaenicke and Lengnick 

(1999) obtain a soil-quality index multiplicatively separable from other input and output levels by imposing 

radial homotheticity. In another context, Färe et al. (1995) define an intertemporal quality index and use 

multiplicative separability to obtain a quality index function of quality attributes. 

Soil quality as an aggregate should be considered as either a good input or a good output. For this reason, 

it is our belief that the strong disposability assumptions on the soil characteristics in many studies need to 

be adapted for the case of soil quality. In other words, the aggregation method should penalize the quality 

measure when too much of a soil characteristic is included. Moreover, the point (i.e. the optimum) at which 

the soil-quality measure decreases given the increase in one of its inputs (the disaggregate soil 

characteristics) should vary not only depending on the soil characteristic but also considering the other 

input and output levels. This finding implies that the aggregate soil-quality measure cannot be aggregated 

through strong separability assumptions, insensitive to other inputs and outputs levels, but needs to 

depend on them. This dependence would allow sensible optimal ranges to be estimated in aggregated 

soil-quality measures. 

Two potential methodologies have been developed in the context of a soil-quality indicator (Hailu and 

Chambers, 2012) and of a soil-quality measure (Pieralli, 2017). On the technology representation defined 

by the directional distance function, they impose a separable structure upon 𝐷(𝐱, 𝑙, 𝐜, 𝐲). Specifically, they 

assume soil characteristics 𝐜 to be separable from 𝐱, 𝑙, 𝐲: 

𝐷𝑠(𝐱, 𝑙, 𝑔(𝐜), 𝐲) = 𝐷(𝐱, 𝑙, 𝐜, 𝐲)  (4) 

where 𝐷𝑠: ℝ+
𝑈 × ℝ+ × ℝ+ × ℝ+

𝑆 → ℝ+ and 𝑔:ℝ+
𝑄 → ℝ+. 𝑔(𝐜) is interpretable as an aggregator function of 

multiple soil-quality characteristics. Depending on the method used to aggregate the soil characteristics in 

the 𝑔 function, the properties of the measure change. For example, one of the issues discussed earlier is 

the importance of assuming a non-monotonic 𝑔 aggregator function to allow the identification of optimal 

ranges of soil characteristics. 

If one had more precise data on soil characteristics at the local level and then consistently aggregated it 

to the national levels, one could construct a consistent panel of observations over time. With those 

observations and after estimating the additional value of specific types of lands, that quantitative measure 

of quality due to natural soil characteristics could be included in the productivity accounts. 

Countries could be, in principle, required to report also on their natural capital inputs, including soil 

characteristics. An aggregate measure of quality of land and soils for a country could be obtained either 

directly from the countries or estimated centrally by the OECD, given disaggregate soil characteristics and 

GIS locations of agricultural production. 

A simplified proposed way forward 

We will now specify two simple ways to include soil characteristics in the productivity accounts and we will 

focus on one of them in the following portion of this chapter. 

Among others, there are two ways to include soil characteristics in a productivity accounting framework. 

One possibility is to include the soil characteristics directly in a primal technology estimation. Another 

possibility is to adjust for the quality of land, most notably with a hedonic approach. This approach deflates 
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land values with quality-adjusted indexes of prices. We defer the treatment of the hedonic approach to the 

Chapter on land quality and to the research of USDA/ERS (Ball et al., 2001). We note here that this 

approach could be a great approach to obtain a centralized measure of soil quality. However, the work 

needed to complete this measure transcends the scope of these Guidelines. 

In this part of the chapter, we will concentrate on the first way to solve this issue by including the soil 

qualities in a flexible primal technology estimation. This method will also highlight what type of measures 

could be obtained. The material in this part of the chapter relies heavily on methodology and analysis in 

Pieralli (2019). 

Soil properties do not respond necessarily to free disposability assumptions (often imposed on inputs in 

productivity methods) and are not always scarce in economic terms. Thus, there may be cases in which 

too much of a soil property is in use. We then need to ensure that the technology considered is estimated 

in a flexible manner. That would potentially require a quadratic shape of the marginal response of 

production to a specific soil property, e.g. soil carbon or soil pH. If these effects for each characteristic 

were not included in a flexible manner, the effects would be most likely misrepresented. 

This is because a linear specification of the soil variables in a primal technology representation does not 

allow a variation in the production response for different ranges of the soil characteristic variables: only an 

average effect would be modelled as a response. That would mean that, for example, soil carbon would 

be either beneficial, neutral or good for agricultural production. However, in most cases of natural variables 

modelling (and soil is not an exception in this case) the effects of certain variables are positive until a 

certain point and then become negative or neutral, i.e. they vary over the range of the soil (independent) 

variable. 

Moreover, flexibility in the production technology functional form also requires to model interactions 

between a soil characteristic and other inputs. For example, it could be that same product may be 

generated with either a very low level of soil carbon and a high level of fertiliser or with a low level of 

fertiliser and high level of soil carbon. If this interaction is not considered explicitly in the technology 

estimation, the effect of soil characteristics on production may be misrepresented. 

We rely in this part of the Chapter on a version of what is presented in Pieralli (2019). Nonparametric 

alternatives of this technology estimation are in Chambers and Pieralli (2020), Chambers et al. (2020), and 

also rely on previous efforts by Kumar and Russell (2002), Färe et al. (1994) and Henderson and Russell 

(2005). In this Chapter we exemplify the results of the flexible functional form econometric estimation by 

showing average changes to disaggregated farm productivity over time. 

We use a simplified econometric estimation in Pieralli (2019) to obtain flexible technological parameters 

with interaction terms between inputs. We estimate the effect on a unique output 𝑦 of managed inputs 𝐱, 

soil characteristics 𝐜, time 𝑡, and soil inputs 𝐬 to obtain: 

𝑦 = 𝑓(𝐱, 𝐜, 𝑡, 𝐬) − 𝑣 + 𝜖.  (5) 

In the following, we adapt and extend the methods contained in Kumar and Russell (2002), Färe et al. 

(1994) and Henderson and Russell (2005) to attribute production differences to specific input components. 

The production difference between two time periods 1 and 0 can be decomposed as: 

𝑦1 − 𝑦0 = 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬1) − 𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬0) − 𝑣1 + 𝑣0 + 𝜖1 − 𝜖0  (6) 

To simplify the treatment, we focus the explanation of the decomposition on the first two terms of the right-

hand side of the equation (6). The other difference of terms −𝑣1 + 𝑣0 measures the difference in 

heterogeneity of each farm and their potential infrastructural differences, not associated with the passing 

of time 𝑡. In this chapter of the Guidelines, we show how much the soil characteristics’ component accounts 

in the difference in outputs. For a complete treatment, we refer the reader to Pieralli (2019). 
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Different decompositions of the first two right-hand terms of (6) are possible. An alternative that avoids this 

arbitrariness is to follow Caves et al. (1982), Färe et al. (1994), Kumar and Russell (2002), and Henderson 

and Russell (2005) and rely on an additive counterpart of a ‘‘Fisher ideal index’’ that takes an arithmetic 

average of the two possible decomposition paths. In decomposing the first two right-hand side terms of 

(6), the path dependency problem is solved by taking the arithmetic mean of the possible paths obtaining 

a decomposition á la Luenberger. 

For example, by taking into account the problem of path dependency, the soil change component is: 

𝑆𝛥(𝐬1, 𝐬0; 𝐱, 𝑡, 𝐜) = (𝑓(𝐱1, 𝐜0, 𝑡0, 𝐬1) − 𝑓(𝐱1, 𝐜0, 𝑡0, 𝐬0) + 𝑓(𝐱0, 𝐜0, 𝑡1, 𝐬1) − 𝑓(𝐱0, 𝐜0, 𝑡1, 𝐬0)

+𝑓(𝐱1, 𝐜0, 𝑡1, 𝐬1) − 𝑓(𝐱1, 𝐜0, 𝑡1, 𝐬0) + 𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬1) − 𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬0)

+𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬1) − 𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬0) + 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬1) − 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬0)
+𝑓(𝐱1, 𝐜1, 𝑡0, 𝐬1) − 𝑓(𝐱1, 𝐜1, 𝑡0, 𝐬0) + 𝑓(𝐱0, 𝐜1, 𝑡1, 𝐬1) − 𝑓(𝐱0, 𝐜1, 𝑡1, 𝐬0)

+𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬1) − 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬0) + 𝑓(𝐱0, 𝐜1, 𝑡0, 𝐬1) − 𝑓(𝐱0, 𝐜1, 𝑡0, 𝐬0)

+𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬1) − 𝑓(𝐱0, 𝐜0, 𝑡0, 𝐬0) + 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬1) − 𝑓(𝐱1, 𝐜1, 𝑡1, 𝐬0)) ∗ 1/12.

 

As in Pieralli (2019), the final decomposition comprises changes in technological adaptation 

(𝑇𝛥(𝑡1, 𝑡0; 𝐱, 𝐜, 𝐬)), farm managed inputs change effect (𝑋𝛥(𝐱1, 𝐱0; 𝑡, 𝐜, 𝐬)), climatic inputs change effect 

(𝐶𝛥(𝐜1, 𝐜0; 𝐱, 𝑡, 𝐬)), and a soil change effect (𝑆𝛥(𝑠1, 𝑠0; 𝐱, 𝐜, 𝑡)), in addition to a farm heterogeneity effect 

(−𝑣1 + 𝑣0) and an error effect (𝜖1 − 𝜖0): 

𝑦1 − 𝑦0 = 𝑇𝛥(𝑡1, 𝑡0; 𝐱, 𝐜, 𝐬) + 𝑋𝛥(𝐱1, 𝐱0; 𝑡, 𝐜, 𝐬) + 𝐶𝛥(𝐜1, 𝐜0; 𝐱, 𝑡, 𝐬) + 𝑆𝛥(𝐬1, 𝐬0; 𝐱, 𝑡, 𝐜) − 𝑣1 + 𝑣0 + 𝜖1 − 𝜖0. 

We use an unbalanced panel data set of French field crop farms from the Farm Accountancy Data Network 

(FADN), observed between 1990 and 2015.1 The retained data from the FADN contain accountancy data 

for representative commercial farms from a stratified, rotating sample, of field-crop specialist producers.2 

The data are on 2953 French field crop farms with a total of 25892 observations. 

Summary statistics of inputs and output used in the analysis are in Table 11.1, Table 11.2 and Table 11.3. 

We use a parsimonious one-output technology with multiple inputs. As farm managed inputs, we consider 

unpaid labour (expressed in Annual Working Units, in full time equivalent), utilized land area (in hectares, 

ha), and an aggregate intermediate input index including all other inputs. More information on aggregation 

methods is in Pieralli (2019). 

We match these data with a series of different environmental data sources. In particular, we consider soil 

properties measured in the GIS SOL data base in France3 between 1990 and 2015 at the department 

(NUTS 3) level. 

As critical soil properties we consider soil organic carbon concentration (in g Kg−1) and soil pH. Soil organic 

carbon concentration is usually considered as a proxy for soil structure and fertility. It varies but only in the 

long run; it helps the structure of the soil and enhances its water-holding capacity (Brady and Weil, 2017). 

Soil organic carbon concentration is transformed to obtain tons of carbon per hectare utilized in each farm. 

Soil pH is also a fundamental variable because it enables conditions in the soil conducive to stable and 

reliable plant growth. If the average pH in the period observed is around 7.3, the observations vary between 

acidic soils below 5.9 and very basic ones above 8.3. The effect of more or less acidic soils on specific 

plants is different depending on the field crop considered, on crop cultivars, and on organic carbon 

concentration. 

The climatic inputs are obtained from the Gridded Agro-Meteorological Data in Europe database of 

Agri4Cast of the Joint Research Centre of the European Union,4 which is a gridded dataset with a regular 

grid resolution of 25 km. For a detailed description of the manipulation of the weather database, see Pieralli 

(2019). 

We consider the effects of the variability across regions in Figure 11.1 and in Table 11.1, Table 11.2 and 

Table 11.3. Figure 11.1 depicts the regional (NUTS 3) sample-weighted averages of the indexes at the 
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farm level. This visualization highlights the values of the component changes and it shows the differences 

between regions. 

Figure 11.1. Regional (NUTS 3) averages of components of output change decomposition into 
input, technical change, soil, and weather, France, 1990-2015 

 

In Table 11.1, Table 11.2 and Table 11.3, the averages are between -2% and +2.5%. The soil-change 

components are much smaller than the other decomposition changes reported. However, in Figure 11.1, 

we clearly observe regional patterns with spatial clusters in the soil effect levels, which is what one would 

expect given the nature of the variable. Soil is much less variable in time but potentially more variable in 

space. It is interesting to notice that best soil effects are regionally concentrated where more acidic soils 

are (e.g. Bretagne, Basse Normandie, Aquitaine, and part of Auvergne, Franche-Comté, and Lorraine). 

Additionally, some of these regions (Bretagne, Auvergne, Franche-Comté) are also regions with very high 

soil carbon concentration. On the contrary, most negative soil effects are where more basic soils are 

present (e.g. Charentes, Nord-Pas de Calais, Picardie, Champagne-Ardenne, Herault, Vaucluse, Bouches 

de Rhône, Alpes de Haute Provence, and Hautes Alpes). One could speculate that, in part, these resulting 

positive effects are potentially due to the dominating presence in these regions of crops that require 

moderately acidic soils to thrive (e.g. pea, turnip, soybean, sunflower, corn, potato). On the other hand, 

soil carbon, as proxying soil structure and fertility, is equally important for plant health and could be the 

dominating factor. 
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Table 11.1. Averages of decomposition results by region, Part A 

 

Table 11.2. Averages of decomposition results by region, Part B 
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Table 11.3. Averages of decomposition results by region, Part C 

 

These soil-weighted average effects hide extremes, which are large, both positive and negative, visible in 

Table 11.1, Table 11.2 and Table 11.3. Some of the most positive are from regions of France with different 

soil characteristics: a 2.46% average in the Doubs department (with a moderately acidic soil, around  

6.2-6.5 pH, but high soil carbon concentration), the Loire-Atlantique department with a 2.4% average (with 

a moderately acidic soil, 6.2-6.5 pH, and optimal soil carbon concentration), and 2% in the Finistère 

department (with an acidic soil but high soil carbon concentration). 

The most negative regional average soil effect comes from the Vaucluse department, with a -1.9%, where 

relatively basic soils are reported (8.22 pH) and portions of territory present very low soil carbon 

concentration. These patterns are interesting because they confirm the perception that many field crops, 

except for some of the cereals, are better adapted to thrive in moderately acidic soils, with relatively high 

amounts of soil carbon, proxying for soil fertility. Moreover, in recent years, some wheat cultivars have 

been bred to be more resistant to more acidic soils. 

Among other critical findings is also that the soil characteristics interact and the quality changes, depending 

on the concentrations of different soil characteristics. From this fact, we recognize that is critical to model 

flexibly the technology by allowing interactions among variables and potentially negative effects. 

Conclusions 

Some of the recommendations that may arise from the analyses in the present chapter are: 

 Soil is a complicated input. Its quality can be considered an output for sustainable future farming. 
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 Soil characteristics are dynamic and change over time. Measures and changes should be updated 

more or less frequently, depending on the characteristic. 

 Aggregation may help in considering consistently soil characteristic measures into productivity 

accounting. 

 Spatial heterogeneity of soil characteristics is very important to consider in representative 

productivity measures. 

 Depending on the soil characteristic properties, aggregation needs to account for congestion 

effects. 
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Notes

1 Farm Accountancy Data Network (FADN) 2018. We gratefully acknowledge the usage of the data 

obtained from Directorate-General for Agricultural and Rural Development (DG AGRI). The confidential 

data used are accessible through specific authorization from the European Commission. More information 

is available at http://ec.europa.eu/agriculture/rica/. 

2 Farms that have at least three quarters of their output from field crop production on average in all the 

years of presence in the sample. Field crop product, in this case, is understood to contain all measured 

output from cereals, protein crops, potatoes, sugar beet, oil-seed crops, and industrial crops. In the names 

of the variables from the FADN standard results this corresponds to: 

se140+se145+se150+se155+se160+se165. 

3 We acknowledge the usage of public data from the GIS SOL database available online at 

https://webapps.gissol.fr/geosol/. 

4 We acknowledge the JRC dataset from the European Commission Joint Research Centre 

(http://agri4cast.jrc.ec.europa.eu/DataPortal/Index.aspx). 
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Intermediate inputs are consumed entirely during the production process of, 

for example, one year. Inputs include fertilizers, pesticides, feedstuffings, 

etc. Unlike quasi-fixed inputs ‒ such as self-employed labour, land and 

buildings ‒ input divisibility and short term adjustments justify the 

assumption that the use of intermediate inputs corresponds to equilibrium. 

Hence, it is recommended to use weights that correspond to factor shares. 

Most challenges to measuring the service flows of intermediate inputs 

originate from changes in the composition of the inputs, particularly in the 

case of pesticides and fertilisers. The other major issue is the change in 

quality of the inputs.   

  

12 Measurement of intermediate 

inputs 
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Intermediate inputs 

Definition and coverage of the concept 

Intermediate inputs (materials) are a form of capital that are consumed (i.e. destroyed) during the 

production process of a particular period (e.g. a year). What should be included and excluded in 

intermediate inputs nevertheless raises several challenges for national accountants. 

Pop (2019) provides a comprehensive discussion of the concept behind the term “intermediate inputs” as 

well as a comparison of their coverage and definition in several systems of National Accounts, including 

the United Nations (UN) and the European Union (EU) ones. In spite of different wording, the definitions is 

rather similar across agencies: “…intermediate consumption consists of the value of the goods and 

services consumed as inputs by a process of production, excluding fixed assets whose consumption is 

recorded as consumption of fixed capital. The goods or services may be either transformed or used up by 

the production process.” 

The more general problem of defining what is the agricultural industry that one wants to cover is particularly 

acute for intermediate inputs, since some of the inputs can be used in non-agricultural activities of the 

farmer.1 In most cases, goods and services consumed in ancillary activities (marketing, transport, 

maintenance, etc.) are included by convention as intermediate inputs by national accountants, but it is 

mostly due to the difficulty of isolating them and data availability. The boundaries of the item “intermediate 

inputs” are not always well defined regarding compensation of employees, or items that contribute to the 

formation of fixed capital (e.g. expenditures for restoration or maintenance).2 Overall, there is a broad 

agreement that in Total Factor Productivity (TFP) indexes “intermediate consumption” include the following 

items (adapted from Pop, 2019):  

 seeds and planting stock  

 energy; lubricants  

 fertilisers and soil improvers  

 plant protection products and pesticides  

 veterinary expenses  

 animal feedstuffs (bought-in domestic and imported feedstuffs, processed or not, including those 

obtained directly from other farmers) 

 maintenance of materials (goods and services for maintenance and repairs, crop protection 

equipment)  

 maintenance of buildings, including materials, labour costs and other costs incurred by farmers for 

maintaining agricultural structures, except housing  

 agricultural services, including hire of machines and equipment with operating staff  

 financial intermediation services; rental paid for machines and equipment without operating staff, 

fees, transport services, post and communication cost, fees for membership of professional 

associations, subscriptions to agricultural cooperatives, costs of dairy tests, expenditure on artificial 

insemination and castration  

 purchase of inexpensive small tools, working clothing, spare parts, fees for short-term contracts, 

leases and licences.  

It is noteworthy that goods and services produced and consumed within the same agricultural unit 

(i.e. produced and used in the same reference period for agricultural production purposes) are not recorded 

by national accountants as intermediate consumption unless they also appear in the output of the industry 

(i.e. crop products used in animal feed. Here too, the main reason is the difficulty to obtain information, 

and to price such internal transfers. While it could be conceptually useful to measure such flows from a 
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TFP measurement point of view, the fact that national accountants focus on measuring the value added of 

the sector, in which self-produced inputs do not appear, is probably another motivation for not collecting 

such information. 

Specific issues with intermediate inputs 

Intermediate inputs are consumed during the production process of a particular period, unlike other forms 

of capital, e.g. land, buildings, equipment, reproducing animals, infrastructure. This has important 

consequences. First, there are less difficulties and probably less questionable assumptions necessary, for 

deriving a service flow from a stock. Here the main problems are the aggregation of the multiple forms of 

capital (think of fertilisers, or the many molecules that are combined under “pesticides”). The need to 

account for composition heterogeneity across countries and over time, i.e. a form of quality change is also 

a challenge. Second, it can be assumed that this form of capital adjust in the short run. These inputs are 

considered as “variable inputs” in production theory, as opposed to “quasi-fixed” inputs whose short-term 

level does not necessarily correspond to the long-term equilibrium. When they specify a representation of 

the technology, most economists consider them as part of variable costs. We can consider that, for 

intermediate inputs, their short-term consumption corresponds to the long term-equilibrium. Therefore, the 

main results from microeconomic theory, i.e. some equivalence between marginal productivity and prices, 

holds. Third, in most cases, these inputs, purchased every year, face market prices that are observable. 

All of this makes market pricing much more relevant and straightforward than, say, in the case of self-

employed family labour. 

The OECD Insights recommends, “valuation should reflect the price that is most relevant for the producer’s 

decision making; regarding both inputs and outputs. Therefore, it is suggested that output measures are 

best valued at basic prices, i.e. excluding net taxes on products, whereas inputs are best valued at 

purchaser’s prices, i.e. including net taxes on products as well as trade and transport margins." This is 

consistent with Diewert’s recommendations for collecting data on intermediate inputs, i.e. that 

“intermediate input costs paid should include any commodity taxes imposed on the intermediate inputs, 

since these tax costs are actually paid by producers in the industry. On the other hand, taxes that fall on 

the outputs produced by the production unit should be excluded for productivity measurement purposes” 

(Diewert, 2007). 

Service flows 

When TFP is measured with an index number, as opposed to measuring it through direct estimation of a 

functional form or a distance function, weighing inputs in the "denominator" of the index (i.e. the aggregate 

input) is a controversial issue. Microeconomic theory, stating that the weights of the different inputs should 

reflect the marginal contribution of the input to the production process, is a useful reference. A widely used 

method is to approximate such marginal contributions by prices, through cost shares. In the case of 

intermediate inputs, the assumptions necessary to do so are less heroic than for other forms of capital: 

intermediate inputs are divisible and adjustable in the short term, so one can assume that prices reflect 

marginal returns. Overall, it is possible to construct aggregates of intermediate inputs using a Fisher or 

Tornqvist index by weighting the growth rates of each category of intermediate inputs by their value share 

in the overall value of intermediate inputs. 

The main difficulty, here is that assets such as seeds or pesticides include many different items, whose 

price is difficult to obtain on an annual basis. In practice, the heterogeneity of intermediate inputs requires 

constructing quantity (volume) and price indexes to aggregate categories of goods. This means that 

information on all the intermediate inputs utilised by the production unit for each time period in the sample 

along with the average price paid for each of the inputs is required. In practice, period-by-period information 

on costs paid by the industry for a list of intermediate input categories is required along with either an 

intermediate input quantity index or a price index for each category, one or the other being derived 
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implicitly. The other difficulty lies in the changes in composition of each input category and the changes in 

quality over time.  

Adjustment for composition and quality changes 

Potentially, all inputs which experience major changes in their composition. Changes in the quality of 

factors of production and intermediate inputs must be accounted for when measuring TFP, because inputs 

of different quality levels have different marginal productivities, which must be accounted for in the 

aggregation process. 

Measuring quality changes and accounting for new inputs is a major difficulty regarding intermediate 

inputs. For complex compound products (which are often characterised by a lack of public information due 

to confidentiality of production processes) such as chemical products, the most practically convenient 

method is to account for new products as being effectively qualitative changes in old products.  

Correcting the service flow for composition or quality changes is cumbersome. The most commonly used 

alternative is to construct prices that correspond to a measure in constant-quality units. Adjusting for quality 

changes through prices is consistent with microeconomic theory, as prices normally reflect differences in 

marginal productivity and efficiency of inputs. Such quality-adjusted prices could be constructed with either 

hedonics or matched model methods depending on data availability. 

The FAO Guidelines explain how the changes in quality affect the productivity and which factors are 

considered: “modifications in the quality of individual” and “shifts of the input mix towards more efficient 

inputs” (FAO, 2018). Quality differences may be taken into account in two ways: the first, which may be 

referred to as ex ante adjustment, consists “in treating inputs with different quality attributes as separate 

goods or services, and collecting data on quantities and prices for each item. This allows for the tracking 

of quality changes, compositional changes and the appearance of new products from the data collection 

phase.” However, as this method results in higher data collection requirements, alternative adjustments 

based on econometric modelling would rather be used, namely those relying on hedonic pricing (Box 12.1).  

Price index estimates that fail to fully incorporate the increase in quality over time will “overstate price 

changes and understate volume changes” (Wang et al., 2021). Following the recommendations by 

Griliches, namely under the pioneering 1980 review on TFP measurement (Gardner, 1980), the Economic 

Research Service (ERS) of the US Department of Agriculture has paid considerable attention to the issue 

of quality change in intermediate products. For pesticides, fertiliser, and purchased contract labour 

services, the Department makes adjustments for quality gains using hedonics. For other categories, the 

Department relies on published price deflators. From this point of view, the pricing method used by the 

Economic Research Service of the US Department of Agriculture is undoubtedly the most advance attempt 

to achieve theoretical consistency given data availability.  

Box 12.1. Hedonic techniques for controlling for quality changes 

Hedonic regressions are often used to derive quality constant prices that are used to control for 

intermediate inputs quality and composition changes. The main idea is presented by Nicholson (1967): 

“Most commodities, including the very simplest, have numerous aspects which satisfy different needs 

and tastes. Durability, appearance, size, comfort, efficiency, convenience, conditions of sale, various 

technical characteristics – these and other features can affect the prices of different grades and 

qualities. If we can distinguish the various characteristics and if we know the prices of the different 

qualities available at a particular date, it should be possible by fitting an appropriate form of regression 

equation to find out how much of the price is associated with each characteristic, and the variations in 
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price which are associated with variations in any measurable characteristic. … We could then see how 

much of any apparent change in price was explained by a difference in quality and how much was a 

genuine change in price.” 

The most common method is to define a set of relevant model characteristics, say x, y, z, (three relevant 

characteristics that define an input) which can be continuous or dummy variables. Now information on 

the price of inputs at period t and their characteristics are collected; i.e. let p(t, xj, yj, zj) be the price of 

model j at time t. Then a regression something like the following one is run:  log p(t,xj,yj,zj) = 

at+bxj+gyj+dzj + error ; t = 1,…,T; j = 1,2,…,J, where J is the number of models in the sample and T is 

the number of observations in the sample. Given that logarithm of the price is used as the dependent 

variable, the sequence of exponentiated time dummies, exp[a1], …,exp[aT], can be interpreted as a 

sequence of quality adjusted average prices for the input for periods 1,…,T. Running the regression in 

this form ensures that the quality adjustment coefficients b, g, d are invariant to the amount of general 

inflation in each period.  

Diewert and Laurence (1999) review the different problems associated with the procedure, including 

the following ones: Is the above equation the “right” functional form for the hedonic regression? Are all 

of the relevant characteristics included? How do we avoid multicollinearity and “wrong sign” problems? 

Are the characteristic coefficients b, g, d stable over time? How do we deal with new characteristics? 

Should each model be weighted by its sales in the period? More generally, what is the appropriate 

stochastic specification for the model? Is the hedonic method reproducible; i.e. if two different 

econometricians were given the same data set, would they come up with the same results? They 

conclude that “in spite of the above difficulties, the hedonic method of making quality adjustments is still 

the best tool that we have at present”. 

Fertilisers 

The list of fertilisers and lime is particularly broad. It would be necessary to combine data on prices and 

quantities, i.e. tons of nutrient, to construct indexes. Data are seldom available on the tonnage and 

consumption of each component (nitrogen, phosphate and potash). Rather, data on expenditure is more 

common, limiting the ability to correct for composition changes over time.  

Gardner (1980) used the example of fertilisers to illustrate the need to shift from Laspeyeres indexes to 

Divisia approximation3, because of the large changes in both the composition and the price of fertilisers 

over time, which make fixed weights index rather inappropriate. However, in order to apply a Fisher or 

Tornqvist index in a satisfactory way, one need to account for changes in the composition of fertiliser over 

time in a precise way. The most advanced effort in this area, as far as agricultural TFP is concerned has 

been developed by the US Department of Agriculture. The ERS estimates a price index for fertilisers by 

regressing the prices of single nutrient and multi-grade fertiliser materials on the proportion of nutrients 

contained in the materials; prices of pesticides are regressed on differences in physical characteristics 

(Ball, Nehring and Wang, 2016). The corresponding quantity index for fertilisers is formed implicitly by 

taking the ratio of the value of each aggregate to the corresponding hedonic price index. This methodology 

de facto sets the standard for other agencies, and is used in particular by Australian agencies such as the 

Australian Bureau of Agricultural and Resource Economics and Sciences). 
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Box 12.2. The construction of quality adjusted prices for fertilisers by the ERS/USDA 

Ball, Nehring and Wang, (2016) and Wang, Nehring, Mosheim, Njuki, and Fuglie (2021) define the 

Economic Research Service of the US Department of Agriculture (USDA/ERS) methodology that is 

used to account for quality and composition changes of fertilisers in TFP measures.  

Compound fertiliser comprises three important nutrients of nitrogen (N), phosphorus (P) and potassium 

(K). These nutrients perform different functions and their implicit prices is of particular interest, as well 

as the aggregate fertiliser index. The USDA/ERS measure their characteristics as the percentage 

concentration of the nutrient within the fertiliser—the nature of these nutrients has not changed through 

time but a variety of more concentrated products have become available. Wang et al (2021) estimate 

the implicit prices of N, P, and K and in relevant straight fertilisers and the results reported are an 

average of straight and compound fertilisers (weighted by quantities of nutrient applied in each form). 

To obtain a price index of fertiliser, the USDA/ERS regresses the prices of single nutrient and multigrade 

fertiliser materials on the proportion of nutrients contained in the materials. The regression model can 

be expressed as:  
1 1

,
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                  1,..., .i N , where Pit denotes the price 

of a specific grade of fertiliser i in year t; xij denotes a jth characteristic (N, P, or K) of the ith grade of 

fertiliser; Dt is a time dummy variable (yearly) taking a value of one for year t and zero otherwise; δ and 

β are parameters to be estimated; ε is a stochastic disturbance term. The empirical fertiliser hedonic 

regression is fit with a linear form. When the above model is linear, can be interpreted as the shadow 

price (implicit value) of the jth characteristic. The variable Pit can be interpreted as a constant-quality 

price index. Overall, close to fifty different fertiliser products are used in crop production and each 

product has a different composition of N, P, and K. The regression is conducted using the proportion of 

a given type of fertiliser to the total fertiliser expenditure as the weight.4 The result of these estimations 

is the hedonic price for fertiliser. The corresponding quantity indexes are formed implicitly as the ratio 

to of total expenditures to its price index (Ball et al, 2016). 

Details on the USDA/ERS method to correct for fertiliser quality changes are provided in Fernandez-

Cornejo and Jans (1995) and in Ball, Hallahan and Nehring (2004). 

Pesticides 

Pesticides, like fertilisers, have played a historically a considerable role in agricultural TFP changes. They 

account for a large share of input expenditure, and it is important to adjust their service flow for quality 

changes over the study period if one does not want to introduce a bias in the TFP measure. Correcting for 

composition changes and quality changes over time raise practical problems. Data are often limited 

regarding herbicides, insecticides and fungicides. In most cases, it is difficult to obtain information on the 

unit price and quantity of each component, given the heterogeneity of compound products and the complex 

mixes that are available commercially, to say nothing about industrial secrecy. Often, statistical agencies 

use the price of a “representative” ingredient as a deflator of global expenditures. The problem is made 

more complex in cross-country comparisons, where it is difficult to construct spatial deflators (Purchasing 

Power Parities).5  

Again, the most advanced effort to control for composition changes and quality changes over time has 

been made by the USDA. The idea here is to express their service prices in constant-efficiency units. The 

Economic Research Service has constructed price indexes for fertilisers and pesticides using hedonic 

regression techniques (Ball, Nehring and Wang, 2016). This methodology de facto sets the standard for 

other agencies and is used in particular by Australian agencies such as the Australian Bureau of 
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Agricultural and Resource Economics and Sciences (ABARES). The technique used is similar to the one 

described above for fertilisers, i.e. construct a hedonic price index through regression on physical 

characteristics, including toxicity, persistence in the environment, and leaching potential (Box 12.3). The 

corresponding quantity index for pesticides is formed implicitly by taking the ratio of the value of each 

aggregate to the corresponding hedonic price index.6 

Box 12.3. The USDA/ERS hedonic pricing for pesticides 

The USDA/ERS methodology accounts for quality and composition changes of pesticides in TFP 

measures. The econometric technique is rather similar to the one used for fertilisers described in 

Box 12.2. The hedonic price function for pesticides is designed so that the pesticide price is a vector of 

characteristics or quality variables. 

The characteristics included in the regression are the application rate, chronic score, half-life, 

absorption, water solubility and vapour pressure. The application rate measures the chemical’s potency. 

Hazardous characteristics are measured by chronic toxicity scores, and persistence is measured by the 

pesticide’s half-life. The chronic toxicity index is the inverse of the water quality threshold (which 

measures the concentration in parts per billion) and serves as an indicator for environmental risk. The 

persistence indicator is defined by the share of pesticides with a half-life less than 60 days (the lower 

the indicator, the less persistent the pesticide is) and by the degree to which the pesticide binds to soil 

particles (absorption coefficient). The leaching potential is measured by water solubility (the amount in 

milligrams of pesticides that would dissolve in one litter of water, mg/L) and vapour pressure (how 

readily a chemical will evaporate) measured in millimetres of mercury (mm Hg).  

Other variables are included in the hedonic regression, and their selection depends on the objectives 

of the study. In order to obtain price indexes adjusted for quality, time dummy variables are included to 

capture all price effects other than quality. After allowing for differences in the levels of the 

characteristics, the part of the price difference not accounted for by the included characteristics is 

reflected in the time dummy coefficients (Ball et al., 2016). The regression is conducted using cost 

weights in total pesticide expenditures for all crops by active ingredient. 

Other intermediate inputs 

Seeds is an intermediate input that has historically had a considerable role in TFP changes over time in 

the agricultural sector. However, there are strong limitations in the ability to control for quality changes, 

and even the efforts of the USDA/ERS to construct hedonic prices have run into data problems (Shumway 

et al., 2017). At this point, there are few suggestions available for a treatment of quality changes.  

Regarding energy, most agencies construct a price index and an implicit quantity for fuels and lubricants 

by deflating total expenditures. Price data for gasoline, diesel, and liquefied are usually readily available 

petroleum gas. One question is the treatment of taxes since farmers are often entitled to a tax rebate on 

fuel in OECD countries, which might not be translated immediately into lower prices. Consistency with 

microeconomic theory suggests that the actual prices faced by farmers should be used in constructing 

user costs. 

Feedstuffings should distinguish at least manufactured feed, grains, hay and forages. At the 

macroeconomic level, the margin between manufactured feed and the value of feed crops captures the 

use of additives as well as the processing and transportation services added in the non-farm sector. One 

difficulty is that feeds, seeds and some livestock services service flows are primarily farm outputs that are 

also used as inputs. When self-consumed on the farm, they are not counted as output or input for purpose 

of productivity measurement.7 Only the components of feed, seeds resulting from resources committed in 
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the non-farm sector are usually counted. However, there are grey areas, depending on whether or not it is 

a standard practice to transform an input or to purchase it from the market, which can blur some cross 

country-comparisons.8  

Like animal feed, seeds raise a conceptual problem when they are produced on the farm. Ideally, all 

physical flows of all products, between economic units and within economic units, should be recorded. 

However, intra-unit, intra-activity flows are in general not recorded. It is generally not possible to place 

observed values on flows within an economic unit and the recording of intra-unit flows representing, 

simultaneously, an output and an input. Seeds for use in future crop growing fall in this category. 

Purchased services 

Insurances such as fire should be included as input service flows. However, the considerable use of 

insurance as farm support programmes in some OECD countries, namely the United States, raises 

questions on whether these are simple services, that enter in the production process through a service 

flow, or have become a structural form of income support.  

For contract work, the standard practice is to use purchased machine services use the index of machine 

rental prices. Note that this implies that purchased machine services are a perfect substitute for services 

from own-capital. 

Expenditure on irrigation, i.e. operating and maintenance should also be included as a productive service. 

However, data are often limited to irrigation fees, which say nothing about the value of the service flow that 

result from an irrigation system that would pay no fee. 

For all services, data are a strong limitation for constructing service flows and user costs. Ball et al. (2016) 

construct price and implicit quantity indexes for purchased services, such as contract labour services, 

purchased machine services, and maintenance and repairs from data on expenditure. The method they 

use assumes a fictitious hedonic wage function where hourly earnings are expressed as a function of 

demographic characteristics including sex, age, education, and experience, as well as legal status and 

type of employment (hired versus contract labourers). Assuming that purchased machine services are a 

close substitute for own capital input, this allows to construct an implicit quantity of machine services as 

the ratio of expenditures to an index of rental prices of agricultural machinery (i.e. farm tractors; agricultural 

machinery excluding tractors).  

The treatment of intermediate inputs in TFP calculations across agencies 

We briefly review what is done in practice both in empirical studies in academic literature and in 

governments in terms of intermediate input.  

The OECD 

The 2001 OECD Productivity Manual provides detailed insights regarding intermediate inputs (Chapter 6). 

The OECD recommends using input-output tables to create a full set of intermediate input price and 

quantity indexes, and to weigh the quantity indexes by their value share in total inputs. This is a way to 

account for input substitution towards intermediate inputs with higher marginal products as a change in the 

composition of the basket of. Note that the OECD recommends exclude taxes paid and include subsidies 

received. Purchasers’ prices are prices relevant for producer decisions on input choices. For goods 

intended for intermediate consumption, the OECD and the SNA recommend valuing them for the consumer 

at the purchaser’s prices (which includes taxes, transport and other charges paid by the purchaser).  
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FAO 

The UN Food and Agriculture Organisation (FAO) defines guidelines for the treatment of intermediate 

inputs (FAO, 2018). They include seeds, to seeds, fertilisers, crop protection products, water used for 

irrigation, energy, small tools and equipment used for specific activities (protection clothing, etc.), feed, 

water, veterinary care services, drugs, vaccines, etc. The FAO Guidelines recommend to collect data on 

each quantity (e.g. kg of feed, litres of water, number of visits of veterinary services, etc.) and to value at 

the price effectively paid by the farmer to purchase them, as well as to collect purchases made by farmers, 

so as to define an implicit volume index.  

However, the FAO recommends to count intermediate inputs produced by the agricultural holding and to 

value them based on average or median prices for similar inputs purchased on the market. For those 

intermediate inputs that cannot be measured in physical quantity (e.g. financial costs, etc.), the FAO 

recommends deflating expenses using the most suitable price index (such as the GDP deflator or, if 

available, the agricultural GDP deflator), for the purpose of productivity. “Quality differences may be taken 

into account in two ways: the first, which may be referred to as ex ante adjustment, consists in treating 

inputs with different quality attributes as separate goods or services, and collecting data on quantities and 

prices for each item. This allows for the tracking of quality changes, compositional changes and the 

appearance of new products from the data collection phase." (FAO 2018). 

The Economic Research Service of the US Department of Agriculture (USDA/ERS) 

Overall, the USDA/ERS constructs measures of intermediate inputs are formed as indexes over a set of 

goods and services. Price and quantity data corresponding to purchases intermediate inputs such as of 

feed and seed directly enter the calculation of intermediate goods. The agency collects data one 

expenditures for intermediate input data are input expenditures collected from farm level data. Given the 

difficulty to collect prices for certain inputs from firm accounting data, external surveys for prices for 

intermediate inputs are often used. Fertiliser, lime and pesticides comprise the broader agricultural 

chemical input. As seen in Box 12.2 and Box 12.3, the USDA/ERS has developed hedonic techniques to 

account for quality changes for fertilisers, pesticides, services as well as some capital inputs (machinery). 

Hedonic prices accounting for quality changes are constructed as are implicit quantities. Note that the 

Bureau of Labour Statistics also develops pesticides and fertiliser price indexes, whose correlation with 

those of the USDA/ERS were investigated by Shumway et al. (2017). They found good correlation on 

prices but relatively poor on growth rates. The difference is probably due to the USDA/ERS correction for 

changes in quality.  

The USDA/ERS also constructs a price index and an implicit quantity for fuels and lubricants by deflating 

total expenditures net of taxes. ERS treats all on-farm feeding as drawn from opening stocks. The price of 

corn fed on the farm is the opportunity cost, i.e., the price received by the farmer for corn sold off the farm, 

net of price supports since the payments are not dependent on end use. The total feed and seed input is 

an index of purchased and on-farm use. This results in a different input price than that proposed by the 

OECD Productivity Manual to the extent that the marketing margins and transportation costs of animal 

feed are not included in the valuation of the price index for animal feeds (Shumway et al., 2017). For 

purchased services, ERS uses the Bureau of Labor Statistics implicit capital rental price index for 

machines. The rationale for this is the assumption that agricultural services that are outsourced are perfect 

substitutes for own account services, an assumption criticized by Shumway et al (2017). 

Recommendations 

In this section, we provide some assessments and recommendations on practical approaches concerning 

data and methodologies for calculating TFP for the aggregate agricultural sector.  
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 Recommendation. With quasi-fixed inputs such as self-employed labour, land and assets such as 

buildings, we recommend a proportionality rule on allocating the “residual”, considering that returns 

equal costs and accept that accounting identity holds. For intermediate inputs, we consider that 

assumptions on input divisibility and short-term adjustment justify considering that the use of inputs 

corresponds to equilibrium. Hence, we recommend using weights that correspond to factor shares 

and to exclude intermediate inputs from the adjustment so that the accounting identity holds.  

Most of the challenges when measuring the service flows of intermediate inputs come from changes in the 

composition of the inputs. This is particularly the case for pesticides and fertilisers. The other major issue 

is the change in quality of the inputs. 

 Recommendation. Changes in the composition of the input mix should be treated as changes in 

quality of inputs. Both can be handled simultaneously by constructing a price index that reflect 

these changes. On this issue, the work of the USDA/ERS, should be used as a blueprint to estimate 

a hedonic price for fertilisers and pesticides, and then derive an implicit quantity index from 

observed expenditures. The OECD could play a major role in gathering information that allow 

consistent hedonic pricing across member countries. 
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Notes

1 Accountants have to adopt conventions regarding the scope of the sector covered, with leisure farming, 

agri-tourism, transformation activities, third activities such as sales, marketing, contract work, etc. 

2 Pop (2019) provides several illustration of the need for conventions and boundaries for intermediate 

inputs, on the basis of the methodology used by Eurostat for the EU accounts for agriculture. 

3 A Divisia index refers to an index in continuous time whose weights accounts for the changes that occur 

over the period under consideration. Tornqvist and Fisher indexes, which make use of weights both at the 

beginning and the end of the period are discrete approximations of a Divisia index. Chained indexes, which 

correspond to the cumulation of annual changes for which an index is calculated between t and t+1 are 

able to approximate the underlying theoretical Divisia index through a set of moving weights. 

4 Data on prices and quantities are found in industry sources (Association of American Plant Food Control, 

Commercial Fertilisers Inc, etc.). 

5 Bureau, Butault and Hoque (1992) used PPPs on final consumption of chemical products by households, 

collected by the OECD as proxy variables, but they seem to show little connections with the actual 

discrepancies on prices paid by farmers. 

6 Procedures regarding USDA/ERS’s current treatment of changes in the quality of pesticides are 

described by Wang et al (2021).  

7 The United Nation’s SEA states that “Own-account production and use, a feature of most economic 

activities, occurs when a single economic unit produces a particular good or service that is used within the 

same unit rather than sold to another unit. In physical terms, in line with the discussion above, all flows of 

own-account production should be recorded. However, in monetary terms, if a single economic unit is 

responsible for several stages of production or transformation in the same activity, the usual national 

accounting treatment is to omit flows within that economic unit because they amount to internal buying and 

selling with no net addition to value added” (FAO, 2020). 

8 For example, one observes differences across countries and over time. Hay is counted as both an output 

and an input by farm accountants in some countries, while it is not in other countries. In a similar way, 

grapes are counted as outputs, while in some countries where farmers are wine makers, they are not. This 

is consistent with the fact that some of the hay and some of the grapes can be sold in the market in some 

countries, while it is not the case in others. 
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The production of many agricultural products depends on stochastic weather variates beyond the 

producer’s control. Even though it is well understood that weather variates affect production and 

productivity, they are often ignored in constructing agricultural productivity measures.  

This chapter, which is part of a broader effort on incorporating non-measured inputs and outputs into 

agricultural productivity accounts, shows how to construct “weather indices” for use in agricultural-

productivity measurement. The chapter develops as follows. First, we specify a model of aggregate 

agricultural production and define a weather index. Then we discuss empirical procedures and weather 

indices are calculated for two international data sets on agricultural productivity. 

A weather index 

Indices can be used to compare performance for the same production unit over time, for different 

production units at the same time, or for different production units over different times. Our focus is on 

making comparisons for the same production unit (a country) for weather occurring at two different time 

periods. We phrase the discussion in those terms, but the same techniques can be applied to make 

different binary comparisons, albeit with a different phraseology.1 

We model the aggregate production technology at time 𝑡 by an aggregate production function, 𝑓𝑡(𝑥, 𝑤), 

that depends upon an aggregate non-weather input, 𝑥, and a vector of weather variates, 𝑤. The production 

function is subscripted by 𝑡 to recognize that “technical know-how” develops over time. Changes in 

aggregate production associated with changes in 𝑡 holding 𝑥 and 𝑤 constant are referred to as technical 

change. 

Our task is to specify an output-based index of weather’s impact on aggregate agricultural production using 

observations on 𝑦𝑡, 𝑦0, 𝑥𝑡, 𝑥0, 𝑤𝑡, and 𝑤0, where 𝑦 denotes aggregate agricultural output. The index-

number problem is to segregate the contribution of weather-related output changes from those induced by 

technical change or changes in 𝑥. For that reason an index constructed as the ratio of aggregate output in 

two time periods, 

𝑦𝑡
𝑦0
=
𝑓𝑡(𝑥𝑡, 𝑤𝑡)

𝑓0(𝑥0, 𝑤0)
, 

is inappropriate because it confounds production changes induced by technical change and changes in 𝑥 

with weather-induced variation. 

To segregate weather-induced effects from technical change and input use, only weather can be permitted 

to vary in constructing the weather index. In the parlance of experiments, technical change and aggregate 

input use must be treated as controls. Controlling for technical change and aggregate input use, however, 

raises the problem of where to fix the state of the technology and aggregate input use. 

Figure 13.1 illustrates. There we have depicted the aggregate production functions for two different time 

periods, 𝑡 and 0, holding aggregate input use at 𝑥𝑡. If we use the production function relevant for time 

period 0, an appropriate index of the impact of weather upon agricultural production is 

𝑓0(𝑥𝑡 , 𝑤𝑡)

𝑓0(𝑥𝑡 , 𝑤0)
=
𝐵

𝐴
. 

Here the state of the technology is held fixed at that relevant for time period 0 and input use is held fixed 

at 𝑥𝑡. Thus, differences between the numerator and the denominator are attributable to weather-related 

effects on production. If 
𝐵

𝐴
> 1, 𝑤𝑡 is “better” for agricultural production than 𝑤0, and if 

𝐵

𝐴
< 1 𝑤𝑡 is worse 

than 𝑤0. 

On the other hand, if we use the 𝑡 period production function, the analogous index is 
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𝑓𝑡(𝑥𝑡 , 𝑤𝑡)

𝑓𝑡(𝑥𝑡 , 𝑤0)
=
𝐷

𝐶
, 

which does not equal 
𝐵

𝐴
. Nevertheless, it is an appropriate weather index because differences between the 

numerator and denominator are due to the different effects of 𝑤𝑡 and 𝑤0. 

Both production functions in Figure 13.1 are drawn holding 𝑥 constant at 𝑥𝑡. We do not illustrate with a 

figure, but a similar problem arises if the contours in Figure 13.1 are redrawn after replacing 𝑥𝑡 with 𝑥0 in 

𝑓𝑡(𝑥𝑡 , 𝑤) and 𝑓0(𝑥𝑡 , 𝑤). Two distinct weather indexes, 

𝑓0(𝑥0, 𝑤𝑡)

𝑓0(𝑥0, 𝑤0)
 

and 

𝑓𝑡(𝑥0, 𝑤𝑡)

𝑓𝑡(𝑥0, 𝑤0)
, 

would result. 

Figure 13.1. The base matters 

 

The four indices derived from Figure 13.1 illustrate a phenomenon inherent in index-number construction.2 

Regardless of the setting, choosing the base in constructing an index affects the result just as choosing 

the point at which to evaluate a partial derivative determines its value. 

The longstanding tradition in index-number creation, due Fisher (1922), is to accommodate the 

indeterminacy by geometric averaging. Thus, Fisher’s Ideal Price Index is the geometric average of the 

Paasche and the Laspeyres indices. More recently, Aczél (1990) has shown that the geometric mean is 

the only merged relative score that satisfies multiplicativity, positive homogeneity, and symmetry. 

Following that tradition, our weather index is the geometric index of these four indices 

𝑊𝑡,0 = (
𝑓𝑡(𝑥0, 𝑤𝑡)

𝑓𝑡(𝑥0, 𝑤0)

𝑓𝑡(𝑥𝑡 , 𝑤𝑡)

𝑓𝑡(𝑥𝑡 , 𝑤0)

𝑓0(𝑥𝑡 , 𝑤𝑡)

𝑓0(𝑥𝑡 , 𝑤0)

𝑓0(𝑥0, 𝑤𝑡)

𝑓0(𝑥0, 𝑤0)
)

1
4

. 

Taking natural logarithms of 𝑊𝑡,0 converts it into a weather-change index: 

𝑊𝛥𝑡,0(𝑤𝑡 , 𝑤0, 𝑥𝑡 , 𝑥0) =
1

4
[
ln𝑓𝑡(𝑥0, 𝑤𝑡) − ln𝑓𝑡(𝑥0, 𝑤0) + ln𝑓𝑡(𝑥𝑡 , 𝑤𝑡) − ln𝑓𝑡(𝑥𝑡 , 𝑤0)

+ln𝑓0(𝑥0, 𝑤𝑡) − ln𝑓0(𝑥0, 𝑤0) + ln𝑓0(𝑥𝑡 , 𝑤𝑡) − ln𝑓0(𝑥𝑡 , 𝑤0)
]. 
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This weather index is the “weather-related” component of the decomposition of agricultural total factor 

productivity developed in Chambers and Pieralli (2020) and implemented in Chambers, Pieralli, and Sheng 

(2020). These studies show how the weather index is related to an efficiency index, a scale index, and 

technical change in describing changes in agricultural productivity. The Chambers and Pieralli (2020) 

decomposition extends a productivity decomposition introduced by Kumar and Russell (2005). 

The Aggregate Production Function 

To implement the weather index, the aggregate production function, 𝑓𝑡(𝑥, 𝑤), must be approximated using 

data on aggregate output, aggregate input, and weather variates. Different approaches exist: econometric, 

programming, or mixtures of econometric and programming methods. Our illustration uses data 

envelopment analysis (DEA) methods developed in Chambers and Pieralli (2020) applied to two cross-

country panel data sets. 

Let 𝑦𝑡𝑘 denote aggregate output for country 𝑘 at time 𝑡, 𝑥𝑡𝑘 denote aggregate input use, and 𝑤𝑡𝑘 denote 

the measured weather variates. Our empirical approximation to the aggregate production function at time 

𝑡 for a sample of 𝐾 countries is constructed as the solution to 

𝑓𝑡(𝑥, 𝑤) = max

{
 
 

 
 ∑∑𝜆𝑗𝑘

𝐾

𝑘=1

𝑡

𝑗=1

𝑦𝑗𝑘: 𝑤 =∑∑𝜆𝑗𝑘

48

𝑘=1

𝑡

𝑗=1

𝑤𝑗𝑘 ,  𝑥 ≥∑∑𝜆𝑗𝑘

𝐾

𝑘=1

𝑡

𝑗=1

𝑥𝑗𝑘 ,

 1 ≥∑∑𝜆𝑗𝑘

𝐾

𝑘=1

𝑡

𝑗=1

,  𝜆𝑗𝑘 ≥ 0, 𝑗 = 1,… , 𝑡
}
 
 

 
 

. 

Chambers and Pieralli (2020) and Chambers, Pieralli, and Sheng (2020) provide extended discussions of 

this empirical representation. We refer the interested reader to them for further details. Here, we emphasize 

important aspects of the model. First, the empirical representation hulls the observed data from above, 

and the production function represents a “best-practice” frontier for the observed data. Second, the 

representation assumes that technical change is never regressive. That is, what is technically feasible in 

an earlier time period is always technically feasible in a later time period. Third, weather variates are treated 

as weakly disposable. In standard economic jargon, weak disposability allows weather variates to have 

either positive or negative marginal products. This is important because our variates encompass natural 

moisture and temperature-related factors. And it is well-known that either too much moisture or too high 

temperatures can harm rather than promote agricultural production. Finally, the technology imposes non-

increasing returns to scale. 

The data 

Our data on aggregate inputs and aggregate outputs are taken from two sources. Both are reported on an 

annual basis at the country level. One data set is available at https://www.ers.usda.gov/data-

products/international-agricultural-productivity/ and represents total factor productivity data on agriculture 

for 173 countries. The other data set covers agricultural total factor productivity data for 17 OECD countries 

and is reported in Sheng, Ball, and Mensonada (2020). The weather variates are the sum of rainfall and 

average temperature in the "growing season" for each country where the "growing season" encompasses 

the period two months before the greenest month through two months after. They were constructed using 

methods due to Ortiz-Bobea et al. (2021). 
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Empirical illustration 

The year-to-year weather-change index was computed for all countries in both data sets for the period 

1990 to 2016. Figure 13.2 summarizes the results for the ERS-USDA panel. 

Some calculated weather effects are extreme and indicate implausibly large weather-related production 

losses and gains. There are some obvious causes. For example, the empirical model posits a single 

aggregate agricultural production frontier for all countries regardless of their location or the type of 

commodities produced. Thus, the results reported in Figure 13.2 should not be interpreted as truly 

indicative of true weather effects. Instead, they illustrate how the procedure can be applied to existing data. 

Figure 13.2. W Δ1,0 ERS-USDA Panel 

 

Nevertheless, most of the observations in Figure 13.2 are tightly clustered and suggest smaller but 

perceptible and variable weather-induced effects that range between approximately -15% and +15%. 

These magnitudes are to be compared to those reported in Ortiz-Bobea et al. (2021), using the same 

productivity data but a different methodology, that find that anthropogenic climate change reduced global 

agricultural total factor productivity by 21% since 1961. The magnitudes are comparable. 

The indices reported in Figure 13.2 appear to exhibit an autoregressive nature. This is characteristic of 

intertemporal agricultural productivity measures. Its root cause is the stochastic nature of agricultural 

production. Figure 13.3 illustrates with two production functions defined over 𝑥, one drawn for 𝑤0 and one 

for 𝑤1 with 𝑓𝑡(𝑥, 𝑤0) > 𝑓𝑡(𝑥, 𝑤1). Now consider a three-period weather pattern {𝑤0, 𝑤1, 𝑤0} that represents 

a normal, bad, normal sequence of weather. The computed indices for 𝑥0 would be 

𝑓𝑡(𝑥0, 𝑤1)

𝑓𝑡(𝑥0, 𝑤0)
=
𝐴

𝐵
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and 

𝑓𝑡(𝑥0, 𝑤0)

𝑓𝑡(𝑥0, 𝑤1)
=
𝐵

𝐴
 

with 
𝐵

𝐴
>

𝐴

𝐵
. 

Figure 13.3. Weather-related productivity losses and gains 

 

The productivity gain associated with weather returning to normal from a bad weather outcome is larger in 

percentage terms than the productivity loss. 

Figure 13.4 reports the results for three countries from the 173 country samples: China, Brazil, and India. 

These countries were chosen because they are the three countries whose data observations most often 

tend to define the best-practice frontier for the ERS-USDA panel. 

The measured weather indices reported in Figure13.4 are smaller in magnitude than the more extreme 

values reported in Figure 13.2. On average the largest effects (in absolute value terms) are those for Brazil 

followed by India and China. If the figure is reflective of reality, weather conditions for agriculture in Brazil 

were particularly bad in 1998, 2002, 2005, and 2010. In each case, the geometric average suggests an 

average loss of production capability of 10% or larger. In each instance, weather sharply improved 

seemingly as a result of conditions returning to normal. 

Applying our methodology to the Sheng, Ball, and Mensonada (2020) data set also resulted in some 

implausible weather index measures (particularly for Canada). Thus, the results are again best viewed as 

an illustration. Figure 13.5 reports the weather indexes for the Netherlands, United States, and France. 

These countries were chosen because they are the three countries whose data observations tend to define 

the best-practice frontier for this data set. 

While preliminary, these results suggest particularly large negative weather events in 1994 for the United 

States (massive mid-Western flooding) and 2003 for the Netherlands and France (dramatic heatwave). 
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Figure 13.4. Brazil, China, and India weather indices 

 

Figure 13.5. Netherlands, France, and United States weather indices 
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Conclusion 

This chapter shows how to define an output-based weather index for agriculture that can be used in 

agricultural total factor productivity calculations. We illustrate the procedure by applying it to two existing 

agricultural productivity data sets. While the application is for country-level intertemporal weather indices, 

the procedure is, in principle, applicable at any level of aggregation, intertemporally, cross-sectionally, or 

intertemporally and cross-sectionality. 
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2 The disparity between the Paasche and Laspeyres indices are well-known manifestations of the 

phenomenon in a price setting. 
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