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Estimating and Forecasting the Euro 
Area Monthly National Accounts from a 

Dynamic Factor Model

by
Elena Angelini, Marta Banbura´ and Gerhard Rünstler*

We estimate and forecast growth in euro area monthly GDP and its components
from the dynamic factor model of Doz et al. (2006), which handles unbalanced data
sets in an efficient way. We extend the model to integrate interpolation and
forecasting with cross-equation accounting identities. A pseudo real-time
forecasting exercise indicates that the model outperforms various benchmarks, such
as quarterly time-series models and bridge equations, in forecasting growth in
quarterly GDP and its components.
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Given the delays in the publication of national accounts, economic policy making in real

time faces the difficulty of uncovering the actual state of the economy. For the euro area, a

flash estimate of GDP is not available until six weeks after the end of the respective quarter.

The first national accounts estimate is released about four weeks later. Meanwhile,

observers must rely on high-frequency indicators that arrive within the quarter, such as

industrial production, surveys and financial market data. However, the large number of

available indicators, the noise present in many of the series and the different delays in

their publication make the efficient exploitation of this information a difficult task. Under

these circumstances, various approaches have been proposed to obtain measures of the

economic status from the monthly data. Those include projections of quarterly GDP for the

current and, possibly, next quarter, estimates of monthly GDP and monthly coincident

indicators of economic activity.

In this paper, we investigate a unified approach to the interpolation and forecasting of

GDP and of its demand and value-added components. The approach is based on a dynamic

factor model (DFM) for a large monthly data set, and is suitable for dealing with

asynchronous data releases in real-time application. Our objective is to obtain

estimates and forecasts that satisfy temporal aggregation constraints with respect to

quarterly data, as well as appropriate accounting identities.

We build on the DFM of Doz et al. (2006a), which differs from other approaches (e.g.,

those of Stock and Watson, 2002; Forni et al., 2000, 2005) in modelling factor dynamics in an

explicit manner. From a state-space representation of the model, forecasts are obtained

through application of the Kalman smoother. As a consequence, the model can deal

with those irregular patterns of data availability at the end of the sample, which arise in

real-time data sets because of differences in publication delays (Giannone et al., 2008).

In addition, the state-space framework allows for a comprehensive analysis of the

contributions of individual data to the forecasts (Banbura´ and Rünstler, 2010).

We combine the model with forecasting equations for monthly GDP and its demand

components with appropriate temporal aggregation rules and the relevant accounting

identities. Hence, our approach provides monthly estimates and predictions of quarterly

GDP growth and its components, which are mutually consistent. This greatly facilitates

communicating the results to policy makers, as it clarifies the implications of quarterly

predictions for intra-quarter dynamics, and vice versa.

In the empirical part of the paper we evaluate forecasts for GDP and its demand and

value components in terms of out-of-sample forecast performance against various

alternative models. Banerjee et al. (2005), Banbura´ and Rünstler (2010) and Angelini et al.

(2008) report good forecasting performance of factor models for euro area GDP growth.

Alternatively, GDP growth has been forecast from bridge equations using a small set of

selected monthly indicators, notably measures of production and sales (e.g., Rünstler and

Sédillot, 2003; Baffigi et al., 2004; Diron, 2008).
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Thus far, estimates of monthly GDP have been derived primarily from bottom-up

approaches based on estimates of monthly components (e.g., Mitchell et al., 2005a, 2005b;

Proietti and Frale, 2007), which again are based on selected indicators. The bottom-up

approach suffers, however, from the potential weakness that poor interpolates for certain

components may hamper the aggregate GDP interpolate. Breitung and Schumacher (2008)

have employed a diffusion index model for estimating monthly GDP directly.

We find that the factor model forecasts for euro area GDP beat the forecasts from

alternative models, such as quarterly time series models and bridge equations. The same

applies to forecasts for the demand and value-added components, with the exception of

private and public consumption, for which none of the models does well. (For the latter

series, further research is required in order to detect informative monthly indicators.) We

also compare the monthly interpolates of GDP delivered by our model to those obtained

from standard interpolation methods based on a small number of indicators. The resulting

in-sample monthly estimates are similar. We argue, however, that this might not be the

case for real-time GDP interpolates of the most recent periods.

The paper is organised as follows. After a brief review of the DFM of Doz et al. (2006a),

the integrated DFM version used to forecast and interpolate the national accounts is

presented in Section 1. Section 2 reports the results of a pseudo real-time exercise to

compare the performance of the model with various alternative models. Section 3 shows

estimates of monthly GDP and compares them to results from standard interpolation

methods. Section 4 concludes.

1. The model

1.1. A dynamic factor model

DFMs are designed to explain the dynamics in a panel of series by a few common

sources of variation. Consider a vector of n stationary monthly series ,

, which have been standardised to mean zero and variance one. The DFM by Doz

et al. (2006a) is given by the equations

Equation (1) relates the monthly series  to a r 3 1 vector of latent factors

from a matrix of factor loadings , plus an idiosyncratic component

. The latter is assumed to be multivariate white noise with covariance

matrix . Equation (2) describes the law of motion for the latent factors , which are

driven by q-dimensional white noise , where B is a r 3 q matrix. The stochastic process

for  is assumed to be stationary.

Stock and Watson (2005) refer to the specification given by (1) and (2) as the static

representation of a DFM, since series  load only on current values of factors .

However, the specification can be derived from a restricted version of a more general DFM
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with q so-called dynamic factors. Static factors  then contain current and lagged values

of dynamic factors, while series  may load on current and lagged values of the latter. In

this case, it holds that .1

The specification above differs from the representation of, e.g., Stock and Watson

(2002) in that the dynamics of the factors is explicitly modelled through equation (2).

Exploiting the dynamics may lead to efficiency improvements in real-time forecasting (Doz

et al., 2006a; Rünstler et al., 2009). 

1.2. Interpolation

Following Banbura´ and Rünstler (2010), we use a mixed-frequency approach to

combine the monthly factor model with equations to model monthly GDP growth within a

single state-space form. For this purpose, we introduce monthly growth in GDP and its

components as latent variables.2

More precisely, denote with  the m 3 1 vector of monthly national

accounts, which satisfy the accounting identity

where  denotes a possible error term. At the end of each quarter, t 5 3k, we find the

quarterly national accounts as the sum of the respective monthly values,

where .3 We form monthly growth rates  and

three-month growth rates . Let . From logarithmic

approximation, the following familiar aggregation rules apply to the growth rates of the

monthly national accounts (see also, e.g., Mariano and Murasawa, 2003; Breitung and

Schumacher, 2008):

The national accounts identity for monthly growth rates becomes

where weights  represent the shares of components in GDP, i.e., 5 21, and

 otherwise.
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Finally, monthly growth rates  are related to the common factors by the static

equation

where m is a m 3 1 constant term and  is the m 3 r matrix of factor loadings for the

national accounts variables. The idiosyncratic component  is assumed to

be multivariate white noise with covariance matrix . We further assume that the vectors

of innovations  and  are mutually uncorrelated.

Constraints (3) to (5) are log-linear approximations of the original identities and ignore

issues related to chain-linking. In a recent paper, Proietti (2008) proposes an iterative non-

linear estimator to interpolate the national accounts, which satisfies the national accounts

constraints exactly and also allows for implementing exact (non-linear) temporal

constraints for chain-linked data. The approach requires the data set to be balanced and,

hence, is not applicable to forecasting in real time. Proietti and Frale (2007) have shown that

ignoring chain-linking has only a very small impact on the interpolates. The log-linear

approach, in turn, requires a small error term , but has the advantage that it allows for

handling unbalanced real-time data sets.

1.3. State space form

Equations (1) to (6) can be cast in a single state-space form, which is illustrated below

for the case of p 5 1. The transition equation contains the dynamic law of motion for the

state vector  comprising factor dynamics (2), temporal aggregation

rules (3) and (4), and forecasting equations (6) for the monthly national accounts. In the

state space form below, aggregation rule (4) is implemented in a recursive way from

where  in the first month and  otherwise (see Harvey, 1989: 309ff). As

a result, expression (4) holds in the third month of the quarter, . The recursive

implementation of the aggregation through  reduces the size of the state vector, and

thereby computation time, to a considerable extent.

The transition equation is given by

where I denotes the m 3 m identity matrix. The equation is to be pre-multiplied by the

inverse of the left-hand matrix to achieve the standard state-space form.
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The observation equation is

The final rows of the observation equation, related to , are defined only for the third

month of the quarter and otherwise skipped in application.

1.4. Estimation, interpolation and forecasting

As shown by Doz et al. (2006a), under certain regularity conditions consistent

estimates of the model parameters can be obtained as follows:

1. Apply principal components analysis to  to estimate the first r common factors ,

together with factor loadings  and variances of idiosyncratic components .

2. Estimate the VAR  to obtain estimates  and . Further, apply

principal components to the estimated covariance matrix  of residuals  and

extract the first q components to obtain .

3. Obtain quarterly aggregates  of estimates  as from equations (3) and (4). Estimate a

quarterly version of (6),

by ordinary least squares (OLS). As equation (6) is static, the quarterly aggregates give

consistent estimates of ,  and . Similarly, ,

where  is estimated from the quarterly data.4

We now turn to the application of the model to interpolation and forecasting in real

time. Real-time data sets typically contain missing observations at the end of the sample

because of publication lags. Moreover, the amount of missing data differs across series due

to the different timing of data releases. In our forecast exercise we will apply pseudo-real-

time data sets , which use the final data releases but take account of the timing of data

releases. This is achieved by shifting the pattern of publication lags embodied in 

recursively back in time. That is, monthly observation  is eliminated in , if

and only if observation  is missing in . The quarterly national accounts are treated

in a similar fashion.

To obtain efficient estimates and forecasts of GDP growth from unbalanced data sets,

Kalman filter and smoother recursions can be applied. For state-space form,
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and any unbalanced data set , the Kalman filter and smoother provide minimum mean

square error (MMSE) estimates  of the state vector and their precision, ,

for any . To handle missing observations, the rows in equation (7) corresponding to

missing observations in  are simply skipped when applying the Kalman filter recursions

(Durbin and Koopman, 2003: 92f). In the case of forecasting, , it is sufficient to run the

Kalman filter, whereas ex post estimates of monthly national accounts are derived from the

smoother.

Further, Banbura´ and Rünstler (2010) have proposed using an algorithm by Harvey and

Koopman (2003) to obtain the Kalman filter and smoother weights of individual series in

forecasts and monthly estimates of national accounts. This allows expressing estimates

 as

As data sets  embody fixed data release patterns, the 1 3 n vector of weights  is

independent of time t, once the Kalman filter has approached its steady state (see

Banbura´ and Rünstler, 2010). We will consider the cumulative smoother weights 

for series j, where  is the jth element of . The contribution of series

j to estimate  is calculated as .

2. Forecast evaluation
In this section we present a forecast exercise to evaluate the historical forecast

performance of the dynamic factor model against various rival models, including

univariate time series models and bridge equations. We consider forecasts over the period

of 2000Q1 to 2006Q2. We address the following questions. First, how well can the

components of GDP be forecast? While a number of studies have inspected forecasts for

GDP, components have been largely neglected. Second, how does the DFM compare to

benchmark models? Third, does constraint (5) help in forecasting?

2.1. Data, publication lags and forecast design

Our euro area data set ( ) begins in January 1993 and was downloaded on 20 February

2007. It contains 85 monthly series including official data on economic activity, surveys and

financial market data. Our choice of series is based on earlier studies by, e.g., Stock and

Watson (2002) and Giannone et al. (2008) for the United States, and Banbura´ and Rünstler

(2010) for the euro area.5 The monthly series of data on euro area economic activity contains

components of industrial production (17), employment and unemployment data (5), extra

euro area trade values from the balance of payments (4), retail sales (1) and new passenger
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car registrations (1). We use 24 series from the European Commission business, consumer,

retail and construction surveys. Financial data comprise 17 series including exchange rates

(6), interest rates (7) and equity price indices (4). The data contain monetary aggregates and

loans (5) and 11 series on the international economy including raw material prices (5) and

key macroeconomic indicators for the United States (6). The series list is given in the annex,

together with the data transformations we use for all models in this study. The annex also

reports the publication lags of the individual series and Augmentend Dickey-Fuller (ADF)

tests against unit roots in the transformed data.

The monthly data are published at different times. Surveys, financial data and raw

material prices are available at the end of the respective month. By contrast, most of the

official data on euro area economic activity, such as industrial production, employment

and retail sales, are published with a delay of six to eight weeks after the end of the month.

The same applies to the euro area monetary aggregates. This implies that in our data,

surveys and financial data are available for January 2007, but most of the real activity data

for December 2006 only.

Our euro area quarterly national accounts data include GDP and the major demand

components, with inventories subsumed under the statistical discrepancy. In addition, we

consider value added and its two major components, industry (including construction and

agriculture) and services. The national accounts are published about ten weeks after the

end of the respective quarter, while a flash estimate of GDP is available about one month

earlier. Hence, our data contain the GDP flash estimate for 2006Q4, but first releases of the

demand components and value added only for 2006Q3.

With our forecast design, we aim to replicate the real-time application of the models

as closely as possible. Although we do not have real-time data sets at hand, following

Rünstler and Sédillot (2003) and Giannone et al. (2008), we take account of publication lags

in the series and use pseudo real-time data sets  as defined in Section 1.3. In addition, we

re-estimate the models at each point in time based on the available data at the time the

forecast is made. Since our data were downloaded on 20 February 2007, our forecasts will

replicate the data availability situation on the twentieth day of the month.

We inspect eight forecasts for growth in GDP and its components in a certain quarter.

These forecasts are obtained in consecutive months. We start with forecasting in the first

month of the previous quarter and stop in the second month of the subsequent (next)

quarter, one month before the first estimate of national accounts is released by Eurostat.

The design will be illustrated in the following section.

2.2. Forecast evaluation

All forecasts are evaluated over the period of 2000Q1 to 2006Q2, with recursive

estimation starting in 1993Q1.6 We consider the following models:

● As benchmarks, we use naive (random walk) forecasts and first-order autoregressive

processes (AR(1)) for quarterly GDP and its components. The naive forecast is simply the

unconditional mean of the growth rate in each quarterly series, which amounts to a

random walk with drift forecast in the level of the series. Again, both forecasts are

calculated recursively, i.e., each forecast is based on the available data at the time the

forecast is made.

● Bridge equations are widely used for the short-term forecasting of GDP and its

components (e.g., Baffigi et al., 2004; Rünstler and Sédillot, 2003; Diron, 2008), as they

Zt
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employ intraquarter information from the individual indicators. Following Kitchen and

Monaco (2006), we obtain forecasts for quarterly series  from each indicator , and

average across those forecasts. We forecast the individual monthly indicators from

monthly AR(p) models,  over the desired horizon, where we use three-

month rates , as this tends to give better forecasts. We use the Bayesian information

criterion (BIC) to determine lag length p. Forecasts, , are then aggregated to

quarterly frequency, , and the target series  is predicted from the “bridge”

equation

We estimate parameters  and  by OLS. The final forecast  is obtained as the

average of the forecasts

● As for the DFM, we consider the multivariate model both with and without constraint (5).

We apply the model to two sets of national accounts data. The first data set includes GDP

and its demand components, i.e., private and public consumption, gross fixed capital

formation (GFCF), export and imports and the statistical discrepancy. The second version

contains total value added (VAD) plus its breakdown into VAD industry and VAD

services.7

As to the specification of the DFM, we determine the number of static factors r from the

information criterion developed by Bai and Ng (2002), which gives r 5 4, while the

number of lags in factor dynamics is found from the BIC with p 5 3. Studies have argued

that two shocks are sufficient to model economic activity, and we therefore set q 5 2

(Giannone et al., 2008). Compared to specification selection based on forecast

performance, this approach has the advantage that the specification choice is

independent of the target series, as we want to evaluate our model across a set of target

series.

Table 1 shows the root mean square error (RMSE) from the naive quarterly forecast

over the period of 2000Q1 to 2006Q2 (26 observations). As noted above, we inspect eight

forecasts for growth in GDP and its components in a certain quarter, which are obtained in

consecutive months. We start with forecasting in the first month of the previous quarter

and stop in the second month of the subsequent (next) quarter, one month before the first

estimate of national accounts is released by Eurostat. As an example, the table illustrates

the timing of the forecasts and data releases for the second quarter of the year. We run the

first forecast for the second quarter on 20 January and the final (eighth) on 20 August. Note

that the last two “forecasts” are actually backcasts, whereas forecasts 4 to 6 amount to

nowcasting the current quarter.

The timing of forecasts for the other quarters is equivalent. Since the naive forecast is

based on the quarterly data, the RMSE shifts every three months. The timing of these shifts

reflects publication dates. New observations for GDP become available in the second

month of the quarter, those for components one month later.
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Table 2 presents the results for the AR(1) and the bridge equations in terms of the

RMSE relative to the RMSE of the naive forecast. For the bridge equations, we construct the

GDP forecast from a limited set of 8 series, which gives a smaller RMSE as compared to

forecasts from the entire set of 87 series. The forecasts for components are based on the

full set of series.8 As regards GDP, both models improve upon the naive forecast for the very

short horizons, i.e., forecasts 5 to 8 (the backcasts and late nowcasts). For the one-quarter-

ahead forecasts (1 to 3), only bridge equations outperform the naive forecast, but the gains

remain below 10%.

For the components of VAD, the bridge equations beat the naive forecast. Among the

demand components, some gains emerge for exports and imports, but these rarely exceed

10%. For private and public consumption as well as GFCF, the benchmark models give

largely uninformative forecasts. 

Table 1. RMSE of naive forecast

Fcst
Example 
2nd quarter

GDP Priv cons Gov cons GFCF Export Import Stat discr VAD total VAD ind VAD serv

8 August 0.000 0.314 0.356 0.798 1.509 1.438 0.320 0.364 0.629 0.301

7 July 0.332 0.314 0.356 0.798 1.509 1.438 0.320 0.364 0.629 0.301

6 June 0.332 0.314 0.356 0.798 1.509 1.438 0.320 0.364 0.629 0.301

5 May 0.332 0.316 0.354 0.807 1.526 1.460 0.317 0.372 0.642 0.307

4 April 0.338 0.316 0.354 0.807 1.526 1.460 0.317 0.372 0.642 0.307

3 March 0.338 0.316 0.354 0.807 1.526 1.460 0.317 0.372 0.642 0.307

2 Feb 0.338 0.317 0.358 0.819 1.538 1.474 0.316 0.380 0.652 0.314

1 Jan 0.347 0.317 0.358 0.819 1.538 1.474 0.316 0.380 0.652 0.314

Table 2. RMSE of benchmark models (relative to naive forecast)

Quarterly AR(1)

Fcst GDP Priv cons Gov cons GFCF Exp Imp Stat discr VAD total VAD ind VAD serv

8 1.04 0.97 1.10 0.95 0.91 0.91 0.89 0.94 0.96

7 0.82 1.04 0.97 1.10 0.95 0.91 0.91 0.89 0.94 0.96

6 0.82 1.04 0.97 1.10 0.95 0.91 0.91 0.89 0.94 0.96

5 0.82 1.07 0.96 1.01 1.00 1.01 1.01 0.97 1.00 0.97

4 0.98 1.07 0.96 1.01 1.00 1.01 1.01 0.97 1.00 0.97

3 0.98 1.07 0.96 1.01 1.00 1.01 1.01 0.97 1.00 0.97

2 0.98 1.07 0.99 1.03 1.01 1.05 1.01 1.02 1.01 1.03

1 1.03 1.07 0.99 1.03 1.01 1.05 1.01 1.02 1.01 1.03

Bridge equations

Fcst GDP Priv cons Gov cons GFCF Exp Imp Stat discr VAD total VAD ind VAD serv

8 1.02 0.97 1.06 0.86 0.94 0.99 0.80 0.76 0.83

7 0.86 1.02 0.97 1.06 0.86 0.94 0.99 0.80 0.76 0.83

6 0.87 1.04 1.00 1.06 0.87 0.94 1.00 0.81 0.77 0.84

5 0.88 1.04 1.04 1.08 0.87 0.95 0.99 0.79 0.79 0.86

4 0.87 1.04 1.01 1.09 0.89 0.96 0.99 0.79 0.79 0.87

3 0.89 1.03 1.00 1.08 0.92 0.99 0.99 0.82 0.82 0.88

2 0.92 1.03 1.00 1.10 0.98 1.02 0.99 0.86 0.87 0.89

1 0.94 1.04 0.99 1.09 0.99 1.02 0.99 0.85 0.90 0.88
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The results for the DFM version without constraint (5) are shown in the upper panel of

Table 3. The model shows substantial improvements upon the alternative models for GDP

and most demand and value-added components. For the short horizons, the RMSE of the

GDP forecast is now 30% lower as compared with the naive forecast. For the first forecast,

eight months ahead of the data release, the improvement still amounts to 20%. Similar

gains occur for gross fixed capital formation, exports and imports, and the components of

value added. While the absence of any gains for private and public consumption may

reflect a lack of forecastability of the series per se, it also may be a consequence of a lack of

appropriate monthly indicators in our data set. It has been argued that private

consumption follows a random walk (Hall, 1988), and this also seems plausible for

government consumption. However, the lack of forecastability does not necessarily

preclude informative nowcasts of the series based on intra-quarter information.

The lower panel of Table 3 shows the results for the DFM using constraint (5). For the

demand components, the inclusion of the constraint tends to improve the RMSE for the

eighth forecast, but leaves it unchanged otherwise. This appears to be related to the fact

that the flash estimate of quarterly GDP is already available for the eighth forecast, as it is

published about four weeks before the full national accounts. In this situation, the

information contained in the flash estimate contributes to forecasting the demand

components.

Figure 1 shows forecasts from the DFM and the benchmarks. The graphs visualize the

higher precision of the DFM forecasts compared to the AR(1) and the bridge equations.

They indicate a better performance of the DFM compared to the other models, in particular

for the 2001–2003 period. As shown in Table A.2 in the annex, however, the DFM also

improves upon the alternative models in subsequent years, although to a smaller extent.

Finally, Table A.3 in the annex reports forecasts encompassing and Diebold-Mariano

tests of the DFM using constraint (5) against the bridge equations. They indicate that, for

Table 3. RMSE of dynamic factor models (relative to naive forecast)

Without constraint (5)

Fcst GDP Priv cons Gov cons GFCF Exp Imp Stat discr VAD total VAD ind VAD serv

8 1.01 1.13 0.81 0.77 0.69 1.13 0.72 0.64 0.85

7 0.70 0.98 1.15 0.81 0.77 0.72 1.13 0.70 0.64 0.84

6 0.72 0.98 1.20 0.84 0.77 0.70 1.11 0.75 0.70 0.86

5 0.74 0.98 1.04 0.81 0.72 0.74 0.99 0.75 0.75 0.86

4 0.73 0.97 1.02 0.82 0.70 0.68 0.98 0.77 0.76 0.87

3 0.73 0.96 1.01 0.81 0.82 0.80 0.98 0.76 0.70 0.88

2 0.80 0.96 1.01 0.82 0.86 0.86 0.99 0.76 0.77 0.85

1 0.81 0.98 1.01 0.86 0.90 0.90 0.98 0.80 0.84 0.86

Including constraint (5)

Fcst GDP Priv cons Gov cons GFCF Exp Imp Stat discr VAD total VAD ind VAD serv

8 0.94 1.13 0.78 0.74 0.69 1.20 0.72 0.62 0.87

7 0.67 0.97 1.16 0.82 0.78 0.72 1.13 0.72 0.63 0.86

6 0.70 0.96 1.21 0.85 0.77 0.70 1.12 0.75 0.68 0.88

5 0.76 0.97 1.04 0.78 0.73 0.74 0.99 0.76 0.73 0.87

4 0.74 0.96 1.03 0.80 0.70 0.68 0.99 0.76 0.73 0.88

3 0.73 0.96 1.01 0.78 0.82 0.80 0.98 0.74 0.68 0.87

2 0.79 0.95 1.02 0.80 0.85 0.87 0.99 0.78 0.77 0.87

1 0.79 0.97 1.01 0.84 0.89 0.91 0.98 0.84 0.84 0.91
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GDP and most of the components, forecasts from bridge equations do not add information

to those from the DFM and are significantly less precise over short horizons. More

precisely, we run the encompassing regression

to explain observations  by the two forecasts (Clements and Hendry, 1998: 228ff ).

A value of l 5 1 indicates that forecasts  from bridge equations do not add

information to forecasts  from the DFM, and the same holds in an opposite manner

for a value of l 5 0.

Table A.3 shows that, with the exception of government consumption, estimates of l

are generally close to one or at least higher than 0.5. The Diebold-Mariano tests against the

null hypothesis of equal forecast efficiency find the efficiency gains from the DFM over part

of the horizon significant at the 10% level for GDP, consumption, exports, imports and VAD

services.

3. Estimates of monthly national accounts
The smoothed estimates of growth in monthly GDP and its components from the DFM

using constraint (5) are shown in Figure 2. The graph contains estimates of both three-

month and month-on-month rates, multiplied by three, together with the observed

quarterly rates. Note that these estimates are obtained from the Kalman smoother based

on the entire data set .

Angelini et al. (2006) compare factor-based interpolation methods with the traditional

method by Chow and Lin (1971), and conclude that both methods fare well. We therefore

inspect estimates of monthly GDP growth from applying the Chow-Lin method to a single

equation. Following existing studies on estimating euro area monthly GDP (Mitchell et al.,

Figure 1. GDP forecasts
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2005a, 2005b; Proietti and Frale, 2007), we choose euro area industrial production in

manufacturing, total employment, the business confidence indicator and retail sales as

explanatory variables.9

Figure 3 demonstrates high correspondence among estimates of monthly growth rates

from the two methods, with a contemporaneous correlation of 0.86 among the monthly

series over the period of 1998M1 to 2006M6. This reflects the fact that the Kalman smoother

attaches high weights to items of industrial production and, to a lesser extent, business

surveys, when backcasting monthly growth rates. In this case, the DFM effectively uses

information similar to what has been chosen in the aforementioned studies.

Banura´ and Rünstler (2010) have shown, however, that the weights of individual series

in quarterly GDP forecasts may change considerably with the forecast horizon. From

contribution analysis, as in equation (10), it can be shown that the same applies to

estimates and forecasts of monthly growth. Table 4 presents the mean absolute

contributions (MACs) of individual data groups to the forecasts of monthly GDP growth.

Sample contributions have been estimated from the same pseudo real-time forecast

design over the period 2000Q1 to 2006Q2 as used in Section 2.

Figure 2. Estimates of monthly growth in GDP and demand components

Notes: The grey bars show quarterly growth in the component, while the bold and thin lines show estimates of three-
month and month-on-month growth rates, respectively. The latter are multiplied by three.
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Table 4 shows the mean absolute values of the contributions of data groups as defined

in Table A.1. The table demonstrates the shifts in the contributions of the individual data

groups over the forecast horizon. Forecasts 8 and 9 are actually estimates of monthly GDP,

where quarterly GDP is already known. In this case, the model attaches very high weights

to industrial production data. Note, also, that the relative weight of quarterly GDP growth

itself is small, even though temporal aggregation constraints (3) and (4) are relevant. As the

horizon increases, survey and financial data gain more weight relative to industrial

production and (quarterly) GDP growth. For nowcasts of monthly GDP in the current

quarter (i.e., forecasts 4 to 6), the weight of survey data already exceeds that of industrial

production series.

Overall, these findings parallel those of Banbura´ and Rünstler (2010) for quarterly GDP

forecasts. They indicate that equations designed to estimate historical monthly growth in

GDP, and therefore that rely heavily on industrial production data, are not necessarily

optimal for the purpose of assessing the economic stance in real time.

Figure 3. Estimates of monthly GDP growth
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Table 4. MAC to forecasts of monthly GDP growth

Fcst Industr Prod Surveys Financial Int’l Labour Money GDP

9 0.85 0.18 0.18 0.02 0.01 0.01 0.18

8 0.90 0.18 0.19 0.02 0.00 0.00 0.18

7 0.90 0.22 0.30 0.05 0.01 0.01 0.11

6 0.44 0.63 0.35 0.06 0.01 0.01 0.11

5 0.21 0.32 0.33 0.10 0.01 0.01 0.11

4 0.10 0.21 0.20 0.04 0.00 0.00 0.00

3 0.05 0.14 0.21 0.03 0.00 0.00 0.00

2 0.06 0.07 0.12 0.05 0.00 0.00 0.00

1 0.04 0.11 0.10 0.02 0.00 0.00 0.00

Notes: MACs are calculated as the sum of contributions from individual series belonging to a given group (see Table A.1).
They are divided by the mean absolute deviation of monthly GDP growth. The GDP column shows the MAC of quarterly
GDP growth. The sum of MACs across data groups exceeds one because in some periods contributions are of
conflicting sign.
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4. Conclusions
The paper has combined the dynamic factor model of Doz et al. (2005) with equations

to obtain monthly estimates and short-term forecasts of quarterly growth in the national

accounts. The model contains the necessary temporal aggregation and national

accounting identities. Hence, monthly estimates and short-term forecasts of the quarterly

accounts are mutually consistent, which has advantages when the model is used for

monitoring economic developments in real time.

For GDP and a number of components, the model beats forecasts from quarterly

models-based time series and from bridge equations using selected indicators. One

exception is public and private consumption, for which all forecasts remain largely

uninformative.

Ex post estimates of monthly GDP growth are similar to those derived from single

equation methods that employ monthly indicators, such as industrial production and

confidence indicators. Our findings suggest, however, that equations that have been

designed to estimate historical monthly growth in GDP are not necessarily optimal for

assessing the economic status in real time.

Our forecast exercise seeks to replicate the real-time application of the models as

closely as possible. However, we did not have a real-time data set at hand. Clearly, the

properties of short-term forecasts based on real-time data are important for future

research. The findings of Diron (2008) from forecasting euro area GDP with a small real-

time data set indicate that this may increase the relevance of survey and financial data.

Notes

1. In the dynamic representation of a DFM, series  are related to dynamic factors  from
 with some finite lag polynomial . Defining  as the stacked

vector of current and lagged values of  gives equation (1) (see Stock and Watson 2005).

2. Giannone et al. (2008) use a two-step approach to forecast quarterly GDP growth from the factor
model. In a first step, they obtain forecasts of the latent factors, as from the state-space model
given by equations (1) and (2). In a second step, quarterly GDP is predicted from quarterly
aggregates of forecasts by means of a static regression.

3. This notation assumes that t 5 1 represents the first month of a certain quarter.

4. With  being white noise,  follows an MA(1) process with coefficient 4�19. This does not affect
the consistency of estimates from the quarterly version of equation (6). Doz et al. (2006b) present
an expectation-maximisation (EM) algorithm to obtain maximum likelihood estimates, but report
few gains in forecasting performance.

5. Boivin and Ng (2006) have argued that using smaller data sets may improve the forecasts. However,
series selection methods for unbalanced data sets have not been established thus far. Since our aim is
to forecast not only GDP but also demand components, we opt for a reasonably large data set.

6. We have value added data beginning only in 1995Q1. Hence, estimates of equation (6) for these
series start in this period.

7. The two model versions, hence, contain complete breakdowns of GDP and total value added,
respectively, and  in equation (5) reflects only approximation errors. The model without the
constraint is almost equivalent to running models that contain a single quarterly series (the case
of m 5 1).

8. The series used for GDP are: industrial production in manufacturing, retail sales, new car
registrations, the unemployment rate, and the European Commission business, consumer,
building and retail confidence indices. They are used in bridge equations for euro area GDP
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proposed by Rünstler and Sédillot (2003) and Diron (2008). We have also experimented with some
specific equations proposed in these studies. They did not outperform our approach.

9. The aforementioned studies actually use more series as they derive monthly GDP as the sum of
interpolates of its value-added components. For the most part, estimates use sectoral equivalents
of our series. Other equations give similar results, as long as major industrial production items are
included.
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ANNEX 

Table A.1. Data

No. Series Group
Publication lag 
(months)

Transformation code Dickey-Fuller test

1 IP-Total industry IndProd 3 2 22.930

2 IP-Total Industry (excl 
construction)

IndProd 2 2 22.911

3 IP-Manufacturing IndProd 2 2 22.962

4 IP-Construction IndProd 3 2 25.343

5 IP-Total Industry excl 
construction and MIG 
Energy

IndProd 2 2 22.880

6 IP-Energy IndProd 2 2 26.274

7 IP-MIG Capital Goods 
Industry

IndProd 2 2 22.985

8 IP-MIG Durable 
Consumer Goods 
Industry

IndProd 2 2 23.657

9 IP-MIG Energy IndProd 3 2 27.054

10 IP-MIG Intermediate 
Goods Industry

IndProd 2 2 23.246

11 IP-MIG Non-durable 
Consumer Goods 
Industry

IndProd 2 2 24.942

12 IP-Manufacture of 
basic metals

IndProd 2 2 23.192

13 IP-Manufacture of 
chemicals and 
chemical products

IndProd 2 2 24.555

14 IP-Manufacture of 
electrical machinery 
and apparatus

IndProd 2 2 23.207

15 IP-Manufacture of 
machinery and 
equipment

IndProd 2 2 23.137

16 IP-Manufacture of 
pulp, paper and paper 
products

IndProd 2 2 24.476

17 IP-Manufacture of 
rubber and plastic 
products

IndProd 2 2 23.591

18 Retail trade, except of 
motor vehicles and 
motorcycles

IndProd 2 2 23.712

19 New passenger car 
registrations

IndProd 1 2 24.893

Notes: Transformation code: 1 5 3-month difference, 2 5 3-month growth rate.
Augmented Dickey-Fuller tests: 5% and 10% critical values for the t-statistics are 22.86 and 22.56, respectively
(McKinnon, 1991).
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20 Unemployment rate, 
total

Labour 2 3 24.551

21 Index of Employment, 
Construction

Labour 3 2 22.299

22 Index of Employment, 
Manufacturing

Labour 3 2 21.946

23 Index of Employment, 
Total Industry

Labour 3 2 23.422

24 Index of Employment, 
Total Industry 
(excluding 
construction)

Labour 3 2 21.995

25 Industry Survey: 
Industrial Confidence 
Indicator

Surveys 0 1 23.414

26 Industry Survey: 
Production trend 
observed in recent 
months

Surveys 0 1 23.501

27 Industry Survey: 
Assessment of order-
book levels

Surveys 0 1 23.461

28 Industry Survey: 
Assessment of export 
order-book levels

Surveys 0 1 23.637

29 Industry Survey: 
Assessment of stocks 
of finished products

Surveys 0 1 23.940

30 Industry Survey: 
Production 
expectations for the 
months ahead

Surveys 0 1 23.558

31 Industry Survey: 
Employment 
expectations for the 
months ahead

Surveys 0 1 23.526

32 Industry Survey: 
Selling price 
expectations for the 
months ahead

Surveys 0 1 23.059

33 Consumer Survey: 
Consumer Confidence 
Indicator

Surveys 0 1 23.363

34 Consumer Survey: 
General economic 
situation over last 12 
months

Surveys 0 1 22.680

35 Consumer Survey: 
General economic 
situation over next 12 
months

Surveys 0 1 23.688

36 Consumer Survey: 
Price trends over last 
12 months

Surveys 0 1 23.094

37 Consumer Survey: 
Price trends over next 
12 months

Surveys 0 1 23.485

Table A.1. Data (cont.)

No. Series Group
Publication lag 
(months)

Transformation code Dickey-Fuller test

Notes: Transformation code: 1 5 3-month difference, 2 5 3-month growth rate.
Augmented Dickey-Fuller tests: 5% and 10% critical values for the t-statistics are 22.86 and 22.56, respectively
(McKinnon, 1991).
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38 Consumer Survey: 
Unemployment 
expectations over next 
12 months

Surveys 0 1 23.317

39 Construction Survey: 
Construction 
Confidence Indicator

Surveys 0 1 23.191

40 Construction Survey: 
Trend of activity 
compared with 
preceding months

Surveys 0 1 24.188

41 Construction Survey: 
Assessment of order 
books

Surveys 0 1 23.013

42 Construction Survey: 
Employment 
expectations for the 
months ahead

Surveys 0 1 24.033

43 Construction Survey: 
Selling price 
expectations for the 
months ahead

Surveys 0 1 23.877

44 Retail Trade Survey: 
Retail Confidence 
Indicator

Surveys 0 1 23.487

45 Retail Trade Survey: 
Present business 
situation

Surveys 0 1 23.635

46 Retail Trade Survey: 
Assessment of stocks

Surveys 0 1 26.208

47 Retail Trade Survey: 
Expected business 
situation

Surveys 0 1 23.777

48 Retail Trade Survey: 
Employment 
expectations

Surveys 0 1 24.257

49 Total trade - Intra Euro 
12 trade, Export Value

Int'l 2 2 22.708

50 Total trade - Extra 
Euro 12 trade, Export 
Value

Int'l 2 2 23.527

51 Total trade - Intra Euro 
12 trade, Import Value

Int'l 2 2 23.130

52 Total trade - Extra 
Euro 12 trade, Import 
Value

Int'l 2 2 23.043

53 US, Unemployment 
rate

Int'l 1 1 22.748

54 US, IP total excl 
construction

Int'l 1 2 22.621

55 US, Employment, 
civilian

Int'l 1 2 23.482

56 US, Retail trade Int'l 1 2 23.351

57 US, Production 
expectations in 
manufacturing

Int'l 0 1 25.429

Table A.1. Data (cont.)

No. Series Group
Publication lag 
(months)

Transformation code Dickey-Fuller test

Notes: Transformation code: 1 5 3-month difference, 2 5 3-month growth rate.
Augmented Dickey-Fuller tests: 5% and 10% critical values for the t-statistics are 22.86 and 22.56, respectively
(McKinnon, 1991).
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58 US, Consumer 
expectations index

Int'l 0 1 25.082

59 World market prices 
of raw materials in 
Euro, total, HWWA

Int'l 0 2 23.574

60 World market prices 
of raw materials in 
Euro, total, excl 
energy, HWWA

Int'l 0 2 23.503

61 World market prices, 
crude oil, USD, 
HWWA

Int'l 1 2 24.064

62 Gold price, USD, fine 
ounce

Int'l 0 2 22.596

63 Brent Crude, 1 month 
fwd, USD/BBL 
converted in euro

Int'l 0 2 24.356

64 ECB Nominal effective 
exch. rate

Financial 0 2 23.117

65 ECB Real effective 
exch. rate CPI deflated

Financial 0 2 23.083

66 ECB Real effective 
exch. rate producer 
prices deflated

Financial 0 2 23.151

67 Exch. Rate: USD/EUR Financial 0 2 23.348

68 Exch. Rate: GBP/EUR Financial 0 2 23.306

69 Exch. Rate: YEN/EUR Financial 0 2 23.088

70 Eurostoxx 500 Financial 0 2 23.138

71 Eurostoxx 325 Financial 0 2 23.226

72 US S&P 500 
composite index

Financial 0 2 22.782

73 US, Dow Jones, 
industrial average

Financial 0 2 23.383

74 US, Treasury Bill rate, 
3-month

Financial 0 1 22.072

75 US Treasury notes & 
bonds yield, 10 years

Financial 0 1 23.527

76 10-year government 
bond yield

Financial 0 1 23.537

77 3-month interest rate, 
Euribor

Financial 0 1 23.020

78 1-year government 
bond yield

Financial 0 1 22.665

79 2-year government 
bond yield

Financial 0 1 22.864

80 5-year government 
bond yield

Financial 0 1 23.286

81 Index of notional 
stock - Money M1

Money 2 2 23.013

82 Index of notional 
stock - Money M2

Money 2 2 22.834

83 Index of notional 
stock - Money M3

Money 2 2 22.636

84 Index of Loans Money 2 2 22.031

85 Money M2 in the U.S. Money 2 2 22.087

Table A.1. Data (cont.)

No. Series Group
Publication lag 
(months)

Transformation code Dickey-Fuller test

Notes: Transformation code: 1 5 3-month difference, 2 5 3-month growth rate.
Augmented Dickey-Fuller tests: 5% and 10% critical values for the t-statistics are 22.86 and 22.56, respectively
(McKinnon, 1991).
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Table A.2. RMSE for GDP for subsamples (relative to the naive forecast)

2000Q1 - 2003Q3 2003Q4 - 2006Q2

Fcst Naive AR(1) QVAR BEQ DFM Naive AR(1) QVAR BEQ DFM

8

7 0.375 0.77 0.74 0.89 0.59 0.282 0.91 0.90 0.99 0.80

6 0.375 0.77 0.74 0.91 0.60 0.282 0.91 0.90 1.04 0.80

5 0.375 0.77 0.75 0.94 0.60 0.282 0.91 0.90 1.05 0.97

4 0.385 0.99 0.98 0.94 0.60 0.284 0.96 1.00 1.04 0.88

3 0.385 0.99 0.98 0.96 0.64 0.284 0.96 1.00 1.07 0.85

2 0.385 0.99 0.98 1.00 0.71 0.284 0.96 1.00 1.06 0.84

1 0.392 1.03 1.04 1.01 0.74 0.287 1.05 1.11 1.06 0.85

Note: The table shows the RMSE of the naive forecast and, for the remaining models, the RMSE relative to the naive
forecast.

Table A.3. Encompassing and Diebold-Mariano tests

(2000Q1 - 2006Q4)

Fcst GDP Priv cons Gov cons GFCF Exp Imp VAD total VAD Ind VAD serv

Encompassing tests

7 0.939 0.899 0.055 0.630 0.683 0.922 0.961 0.612 1.094

4 0.952 0.151 20.237 0.783 0.945 0.978 0.908 0.558 1.254

1 0.892 0.716 20.111 0.720 0.808 0.827 0.813 0.512 1.186

Diebold-Mariano tests

7 * 1.538 ** 2.327 21.113 0.309 * 1.446 1.080 1.216 0.527 0.957

4 0.952 0.505 20.628 0.534 ** 2.767 * 1.583 1.211 0.281 * 1.282

1 0.259 0.582 20.442 0.262 0.932 0.526 1.204 0.511 * 1.281

Notes: The upper panel of the table shows coefficient l from encompassing regression (13). The lower panel shows
the Diebold-Mariano statistics using the small-sample correction by Harvey et al. (1997).
* Significant at the 5% level.
** Significant at the 10% level.
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CHAIN-LINKING IN AUSTRIAN QUARTERLY NATIONAL ACCOUNTS AND THE BUSINESS CYCLE
It is conventional wisdom that using a distant base year for price adjustment may result

in bias.1 For this reason, in the area of national accounts, countries have moved from price

adjustment related to a fixed base year to one based on previous year prices.2 This allows

calculating growth rates in real terms – but not absolute values. As absolute values are

strongly in demand, these growth rates are chained together to construct either an index

series or absolute values related to a reference period.

Whereas this is straightforward for annual figures, it is more complicated for sub-

annual series. In quarterly national accounts, either the most recent quarter or the entire

previous year can be used as the price basis. If the first approach is used – as is the case in

the United States – a Fisher index is usually applied in order to avoid distortions from

seasonal fluctuations in prices and quantities. EU member countries, instead, use the

entire previous year as the basis for calculating a Laspeyres-type index.

Whereas chain-linking using the previous quarter as a basis for price adjustment can be

done in the same way as for annual figures, there exist three possible methods for linking

quarterly figures if the entire previous year serves as the basis. This can result in different

outputs, time-series properties and price-adjusted quarterly national account figures.

Nevertheless, countries within the EU are free to choose among them and currently, all three

types of approaches are used.

This study demonstrates the different results obtained using the three methods, when

applied to Austrian quarterly GDP data. I observe the consequences of consecutive

time-series-based processing, such as seasonal adjustment and business cycle analysis.

Section 1 briefly presents the three chain-linking methods (the over-the-year method,

the annual overlap method and the quarterly overlap method3). The magnitude of time

inconsistency based on Austrian quarterly national accounts (QNA) data for all three

techniques is presented in Section 2, where a further method for benchmarking that

adjusts time series to annually chain-linked totals is also given. Section 3 addresses how

the different chain-linking techniques can interfere with time-series modelling. The

sensitivity of dating business cycle turning points with the popular Bry and Boschan (1971)

method to the different chain-linking methods is discussed in Section 4.

1. Different methods of chain-linking for quarterly data
The choice of the proper base period is less straightforward for sub-annual studies

than for annual data. This problem has been solved in the EU by determining that the

average (over all four quarters) has to be used for the construction of series at the previous

year’s prices. However, countries can decide how to calculate growth rates and how to

chain them together for producing series in absolute values.4

To construct the three different methods – the over-the-year method (OTY), the annual

overlap method (AO) and the quarterly overlap method (QO) – two “series”5 are necessary:

one that calculates each quarter at average prices of the current year, and one that

calculates each quarter at average prices of the previous year.
OECD JOURNAL: JOURNAL OF BUSINESS CYCLE MEASUREMENT AND ANALYSIS – VOLUME 2010/1 – © OECD 201028
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The OTY method calculates growth rates by comparing a certain quarter at average

prices of the previous year to the respective quarter at average prices of the previous year.

These growth rates are chained together analogously to an index series:

(1)

where y represents the year, s the respective quarter (s = 1,…,4), q the quantities and y – 1

the average price level of the previous year.

Index chains constructed this way allow for a comparison of quantities not over

consecutive quarters, but over the year.6 Furthermore, it can be shown that the quarters do

not add up to independent annual chained years, which is very often requested by users of

national accounts data.

The AO method calculates growth rates by comparing a certain quarter calculated at

average prices of the previous year to the average of the quarters of the previous year

calculated at average prices of this respective year. These growth rates are chained

together analogously to an index series:

(2)

As all quarters of the current year are related to the entire previous year, the index

series constitutes a consistent time series until a new year can serve as the next price

basis. This happens each first quarter of a new year, causing a break in the series. The size

of this break depends on the change in the fraction of the fourth quarter quantities and/or

prices relative to the total year between two successive years.7 In practice, this break will

be rather small, unless there is a large change in the price or quantity structure relative to

the entire year. In respect of the criterion of time consistency, the annual overlap method

is the only one of all three chain-linking approaches in which the sum of the quarters gives

the exact respective annually chained totals.

The QO method calculates all growth rates by comparing the current quarter at

average prices of the previous year to the fourth quarter of the previous year valued at

average prices of the respective year. Once again, these growth rates are chain-linked in the

same manner. The index series is calculated as

(3)

Of all three methods, it is the only one that allows a comparison of quantities over

consecutive quarters without breaks.8 This is probably why the IMF9 strongly recommends

this approach for setting up quarterly national accounts, despite the fact that this kind of

quarterly series does not add up to annual totals, derived by independently chaining the

years. Lippe and Küter (2005) correctly note that the QO method, in this respect, performs

even worse than the OTY method.

When deciding in favour of one of these three methods, statistical offices have to

choose whether to give more emphasis to the time-consistency criterion (summation of

the quarters to annual totals) or to the break-free development of the series over time. As

the OTY method fulfils neither the time consistency nor the time-series criterion,10 the

decision usually has to be made between the AO and the QO method.
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As time-consistent quarterly series are strongly demanded by users,11 a further way to

achieve this is by applying methods that distribute the differences between the sum of the

quarters and the respective annuals in a second step. In national accounts, procedures that

force sub-annual data to be consistent with annual totals are called benchmarking

techniques. These techniques range from basic forms, like the distribution of differences

equally among all quarters or proportionally (pro rata), to more sophisticated mathematical

or statistical forms.

It is interesting to note that index chains constructed by the QO method produce

exactly the same results as the AO where time consistency is achieved, by following

implicit pro rata distribution of differences.12 This may be viewed as somewhat

problematic, as the IMF regards the explicit application of a pro rata benchmarking

technique as “unacceptable” in its Quarterly National Accounts Manual.13

2. Empirical differences due to time inconsistency
In this section, the differences among the three chain-linking methods discussed in

Section 1 are given for Austrian GDP data. They range from the first quarter of 1988 to the

end of 2006. Table 1 presents the differences from the time inconsistency of all three

chain-linking methods.

The results given in Table 1 are consistent with the expectations formed on the basis

of the theoretical considerations of Section 1. There are no differences between the sum of

the quarters – derived by the AO method – and the independent annually chained years. As

regards the OTY approach, only small differences in absolute numbers and percentages

occur. It is clear that the difference is zero only for the reference year 2000. The largest

differences between quarterly and annually chain-linked data result from the QO method.

Negative as well as positive deviations have been observed. In absolute values, they range

Table 1. Differences between quarters and annual totals

OTY AO QO

Million EUR Per cent Million EUR Per cent Million EUR Per cent

1988 12.02 0.01 0.00 0.00 –128.41 –0.09

1989 12.94 0.01 0.00 0.00 –229.65 –0.15

1990 11.94 0.01 0.00 0.00 422.48 0.26

1991 12.43 0.01 0.00 0.00 761.13 0.45

1992 4.99 0.00 0.00 0.00 730.39 0.42

1993 10.23 0.01 0.00 0.00 839.55 0.48

1994 4.91 0.00 0.00 0.00 497.05 0.28

1995 7.97 0.00 0.00 0.00 266.50 0.15

1996 7.60 0.00 0.00 0.00 98.26 0.05

1997 9.34 0.00 0.00 0.00 –266.37 –0.14

1998 11.24 0.01 0.00 0.00 –721.54 –0.37

1999 9.50 0.00 0.00 0.00 –1 587.38 –0.78

2000 0.00 0.00 0.00 0.00 0.00 0.00

2001 –19.63 –0.01 0.00 0.00 591.10 0.28

2002 –20.52 –0.01 0.00 0.00 1 006.43 0.47

2003 –22.55 –0.01 0.00 0.00 1 458.10 0.67

2004 5.57 0.00 0.00 0.00 1 457.55 0.66

2005 19.59 0.01 0.00 0.00 636.15 0.28

2006 23.59 0.01 0.00 0.00 286.39 0.12
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from EUR –1.6 billion (–0.78 per cent of annually chain-linked GDP) to EUR 1.5 billion

(0.67 per cent). There does not seem to be a trend, but rather the differences look as if they

evolve smoothly.

The size of the differences derived from the QO method may suggest that this method

is inferior to others. But it does show the extent of the amount distributed implicitly pro

rata in the AO chain-linking method. As time consistency may be regarded as an important

feature for some users, the question arises if there is an alternative benchmarking

technique that can be applied to the series which disturbs the quantitative evolution over

time less than the implicit pro rata distribution included the AO method. A possible

alternative could be the approach taken by Denton (1971), which is strongly recommended

by the IMF.14 In this method, the allocation of the annual difference is distributed over the

quarters by minimizing their relative change from quarter to quarter. A drawback of this

method is, of course, that each new annual observation requires a recalculation of the

minimization process that leads to regular revisions of the entire time series historically.

Figure 1 shows the differences between the quarters calculated by the AO method

(which implies a pro rata distribution of annual differences) and the QO method after

benchmarking with the proportional Denton procedure. Differences are given as

percentages of the arithmetic mean of the quarters calculated by both methods. They

range from –0.31 per cent (EUR 155 million) in the first quarter of 2000 to +0.22 per cent

(EUR 120 million) in the fourth quarter of this year. It may seem odd that in the reference

year in which all methods show no deviations from annual totals, the largest differences

between the AO method and the benchmarked QO (B-QO) occur. This is because there were

very large differences to be distributed over the quarters for 1999 and 2001. The smooth

distribution mechanism of the proportional Denton approach requires an adjustment of

the quarters of 2000 as well. Figure 2 shows the adjustments relative to the unadjusted

QO method, which have to be made in order to reach annual totals.

Figure 1. Relative differences between the AO and the benchmarked QO method

0.3

0.2

0.1

0

-0.1

-0.2

-0.3

-0.4

%

01
-19

88

01
-19

89

01
-19

90

01
-19

91

01
-19

92

01
-19

93

01
-19

94

01
-19

95

01
-19

96

01
-19

97

01
-19

98

01
-19

99

01
-20

00

01
-20

01

01
-20

02

01
-20

03

01
-20

04

01
-20

05

01
-20

06
OECD JOURNAL: JOURNAL OF BUSINESS CYCLE MEASUREMENT AND ANALYSIS – VOLUME 2010/1 – © OECD 2010 31



CHAIN-LINKING IN AUSTRIAN QUARTERLY NATIONAL ACCOUNTS AND THE BUSINESS CYCLE
3. Consequences for time-series modelling
To show possible consequences for modelling time series, an automatic time-series

modelling software has been applied to the output of the three quarterly chain-linking

methods, as well as to the one with the benchmarked QO results. This software fits

seasonal ARIMA models to economic time series in order to adjust for seasonal and

workday effects, as well as for possible outliers. To this end, the software package

DEMETRA,15 which includes the TRAMO-SEATS16 module, has been used.

For the OTY method, a model has been proposed that represents the seasonal part as

an ARIMA (0,1,1) and the regular (trend-cycle) part as a (0,1,0) model. Furthermore, an

outlier in the form of a transitory component type was detected in the first quarter of 1993

and removed automatically.

In the case of the AO method, a model that represents the seasonal part as an (0,1,1), but

the trend-cycle part as an (0,1,1) process, has been selected. Again an outlier was found in the

first quarter of 1993, but this time it was an additive outlier affecting only the quarter.

For the unadjusted QO method, the same type of model has been chosen. While the

MA coefficient for the seasonal part is nearly the same as in the AO case, the MA coefficient

of the regular part is somewhat lower. In this case, an outlier has also been detected for the

same period, but this time a transitory component like in the OTY case.

The QO series adjusted by the proportional Denton procedure has been modelled as an

ARIMA (0,1,0)(0,1,1), which is quite different from all other chain-linking methods. The

parameter of the trend-cycle MA term is the smallest of all models. As in the case of the AO

approach, an additive outlier was detected in the first quarter of 1993.

Figure 3 shows the quarter-on-quarter growth rates of the seasonally and workday-

adjusted series for the OTY, the AO and the Denton benchmarked QO method as they were

produced by the different time-series models. It may be observed that the ones derived by

the AO and benchmarked QO (B-QO) methods show nearly the same pattern, with

coinciding local peaks and troughs. However, the model based on the OTY chain-linked

data results in growth rates that behave quite differently in that they seem to have a lower

Figure 2. Distribution of annual differences by the AO 
and the Denton benchmarked QO method
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variance. The OTY series does not seem to have a generally leading or lagging property

when compared to the others, but the local maxima at the beginning of 2000 and 2002 were

reached one quarter later than in the other series.

If the AO and the B-QO series are compared, the only difference in the local maxima of

growth rates can be observed for the beginning of 2000 with the B-QO method showing the

peak one quarter later.

4. Extracting the business cycle
Looking at the growth rates over the various methods may suggest that the different

chain-linking models come to more or less the same conclusions. But differences in the

ARIMA structure of the trend-cycle part may entail severe consequences for business cycle

analysis. Fukuda (2008) has shown that existing MA or AR terms in the non-seasonal

ARIMA component are indicators of whether the trend can be statistically separated from

the cycle. Ignoring this can lead to spurious cycle detection.17

For the sake of simplicity, it is assumed here that trend and cycle can be separated from

each other. Furthermore, it is done in this case by non-parametric filtering approaches. Here,

only the most popular ones – the famous Hodrick-Prescott (HP) and Baxter-King (BK) filters –

are applied in order to show possible differences in results.

Figure 4 gives the result in log differences between consecutive quarters of the

different series for which a HP-1600 trend has been eliminated. The output is quite similar

to the ones in which the trend has been eliminated by first-order differences of logs, which

correspond approximately to the calculation of growth rates shown in Figure 3.

Table 2 gives the corresponding dates of the business cycle turning points as detected

by the routine proposed by Bry and Boschan (1971), by demanding a minimum cycle length

of five quarters and a minimum length of three quarters. The unbenchmarked QO series

serves as the reference cycle to which all other results are compared.18

Figure 3. Quarter-on-quarter growth rates on seasonally 
and workday-adjusted series
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The reference series (QO) given in the first line shows the largest number of completed

cycles between 1988 and 2006. It counts four cycles, while all chain-linking methods show

only three. The one starting with a trough in the first quarter of 1993 and showing its peak in

the first quarter of 1994 has not been recognised by all other chain-linked series. A possible

explanation for this is that the outlier detected in all series has not been removed sufficiently

by the QO method or has been removed too much by the other methods.19

There is some evidence in the literature that the period around 1993 was indeed a

cyclical trough. For the Austrian case, Artis, Krolzig and Toro (2004) reported a trough in the

third quarter of 1993 for the Austrian economy.* For the euro area, Mönch and Uhlig (2004)

also identify a trough in the first quarter of 1993. The CEPR Business Cycle Dating

Committee (2003) places it in the fourth quarter of 1992, Artis, Krolzig and Toro (2004) in the

second quarter of 1993, Artis, Marcellino and Proietti (2004) in the fourth quarter of 1993

and Forni et al. (2004) in the first quarter of 1994.

From the above, one can conclude that the benchmarking process – done either explicitly

or implicitly – can potentially interfere with the appropriate detection and estimation of

outliers, which may in turn hamper the detection of business cycle turning points.

Further results indicate that the trough in the second quarter of 1997 was indicated by

the AO and the benchmarked QO method one period earlier than by the other methods.

Figure 4. Differences in log of HP-1600 transformed series

Table 2. Turning point analysis for HP-1600 filtered series

Series
Peak Trough Peak Trough Peak Trough Peak Trough # of extra 

cyclesQ3-1991 Q1-1993 Q1-1994 Q1-1995 Q1-1996 Q2-1997 Q2-2000 Q4-2003

QO 0 0 0 0 0 0 0 0 0

AO 0 None None 0 0 –1 0 0 –1

B-QO 0 None None 0 0 –1 0 0 –1

OTY 0 None None 0 0 0 0 –1 –1

Note: + (–) denotes a lag (lead) with respect to the reference series.

* Scheiblecker (2008) dated it to the third or fourth quarter of 1993, respectively.
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The same goes for the trough in the fourth quarter of 2003, which was detected by the

OTY method one quarter earlier.

A further method for business cycle extraction was used to explore whether the

differences in business cycle analysis stem from the differences in time series modelling

– used for outlier detection and seasonal and workday adjustment – or from the chain-

linking process itself. The band-pass filter proposed by Baxter and King (1995) was applied

to all four chain-linking methods as an alternative. As this filter removes not only the trend

but also frequencies higher than the business cycle like seasonal variations, it can be

applied directly to the series without prior adjustment for seasonal fluctuations.20

To make sure that seasonal variations are properly extracted, the filter was set to

retain only variations with a frequency of between 8 and 2 years (32 and 8 quarters,

respectively) instead of the common 8 and 1½ years. Additionally, the filter length has

been expanded to 8 quarters in order to reduce leakage, but this advantage comes at the

expense of a higher loss of observations at either end of the series (which are usually

extended by an ARIMA forecast). This is not, however, a drawback in this study.

Figure 5 shows the cyclical component after applying the BK-filter to the logs of the series

of OTY, AO and the Denton benchmarked QO chain-linked series. They look quite similar in

their ups and downs between 1999 and 2006. The only remarkable difference is that the

OTY series seems to reach its lowest point two quarters before the AO and the B-QO series.

This result can be confirmed by looking at the turning points as detected by the

Bry-Boschan dating procedure given in Table 3. The trough found by the three other series

in the first quarter of 2006 is dated by the OTY series two quarters earlier.21 This time, five

complete cycles have been found which can be attributed to dropping a prior outlier

detection procedure. As a consequence, the second quarter of 1993 has been dated as a

trough, followed by a peak in the first quarter of 1996.

Generally, the dating calendar of the BK-8-2 transformed series looks quite different

from the one for the HP-1600 seasonally filtered ones. However, it is conventional wisdom

that the Bry and Boschan (1971) procedure detects fewer turning points in HP-filtered series

Figure 5. Baxter-King 8-2 filtered series
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that are still plagued by high frequency components. This makes it difficult for this dating

procedure to find turning points in such highly erratic series.

From Tables 2 and 3, one can conclude that the Denton benchmarked QO method and

the AO method give the same business cycle turning points for the Austrian GDP

between 1988 and 2006. However, the unadjusted QO method, which represents the only

breakless quantity index, and the OTY method produce different dates and number of

cycles, with the latter sometimes showing some leading properties when compared to the

QO method.

This analysis has demonstrated that the different methods of quarterly chain-linking

give quite robust results for business cycle analysis based on non-parametric filtering.

However, modelling such data by time-series models can give quite different results, not

only in respect of the model type but also concerning the detection of outliers. The analysis

was based on data drawn from a period that did not have significant changes in prices and

weights. In times of strong economic change, results concerning differences between

quarterly chain-linking methods can be more pronounced.

Notes

1. See, e.g. Boskin et al. (1998).

2. In 2003 EU member countries were obliged to deliver national accounts data from 2005 onwards on
a previous-year price basis.

3. The quarterly overlap method is frequently called the “one-quarter overlap method”.

4. Unlike annual figures, QNA figures are usually not published as index series.

5. These series cannot be regarded as time series in a narrower sense, as they show breaks at the
beginning of each new year.

6. See, e.g. Bikker (2005, p. 9) or Kirchner (2007).

7. For a more formal explanation, the reader is referred to Kirchner (2007, p. 5).

8. This is apart from the usual ones due to permanent weight changes. See also Bikker (2005).

9. See Bloem, Dippelsman and Maehle (2001).

10. Therefore, the EU statistical office EUROSTAT does not recommend this method.

11. Hence the EU is demanding the production of benchmarked chained national accounts data.

12. See Bikker (2005).

13. See Bloem, Dippelsman and Maehle (2001, p. 84).

14. See Bloem, Dippelsman and Maehle (2001, p. 87).

15. DEMETRA 2.1 © European Communities, 1999-2007.

16. The TRAMO-SEATS software package used here has been developed by Gomez and Maravall (1992)
and is strongly recommended by the EC for seasonal adjustment in QNA.

Table 3. Turning point analysis for BK-8-2 filtered series

Series
Peak Trough Peak Trough Peak Trough Peak Trough Peak Trough # of extra 

cyclesQ4-1988 Q1-1990 Q4-1991 Q2-1993 Q1-1996 Q2-1997 Q1-2000 Q2-2003 Q3-2004 Q1-2006

QO 0 0 0 0 0 0 0 0 0 0 0

AO 0 0 0 0 0 0 2 0 0 0 0

B-QO 0 0 0 0 0 0 2 0 0 0 0

OTY 0 0 0 0 0 0 2 0 0 –2 0

Note: + (–) denotes a lag (lead) with respect to the reference series.
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17. Per Harvey (1989, p. 46), a distinction must be made between a trend-plus-cycle and a cyclical-trend
model.

18. This is done on practical grounds, as here one more cycle has been found and is not based on some
priority reasoning.

19. The detection of a trough makes the Bry-Boschan routine look for a following peak in the series, as
changing signs for business variations is a precondition for this procedure.

20. It has to be noted that, for a sensible business cycle analysis, a prior adjustment for working days
and outliers is indispensable, but here the focus is just on the difference between methods and not
on finding the correct business cycle.

21. It must be noted that this difference has to be disregarded, as it concerns the margin of the time
series, which has been enlarged by the ARIMA forecast. In Section 4, it was shown that the
different chain-linking methods interfere quite strongly with this kind of time-series models.
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Evaluating German Business Cycle 
Forecasts under an Asymmetric 

Loss Function

by
Jörg Döpke, Ulrich Fritsche and Boriss Siliverstovs*

Based on annual data for growth and inflation forecasts for Germany covering
the 1970-2007 period and up to 17 different forecasts per year, we test for a possible
asymmetry of the forecasters’ loss function and estimate the degree of asymmetry
for each forecasting institution using the approach of Elliot et al. (2005).
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EVALUATING GERMAN BUSINESS CYCLE FORECASTS UNDER AN ASYMMETRIC LOSS FUNCTION
A central assumption in economics and finance is that economic agents behave

rationally when they form their expectations. Consequently, a large body of literature has

investigated the accuracy and rationality of forecasts, including several studies regarding

German business cycle forecasts (see, e.g., Fildes and Stekler, 2002, for a survey, and Döpke

and Fritsche, 2006, for an overview of related papers for German data). While a large body

of research has supported the hypothesis of rationality in German business cycle forecasts,

some papers have recently challenged these findings. For example, Osterloh (2008) argues

that forecasts with a horizon beyond one year do not fulfil the requirements for rational

forecasts. A similar argument is made by Dovern and Weissner (2008), who base their

argument on a methodological variation of tests for rationality using pooled data. Ager,

Kappler and Osterloh (2009) not only reject the idea of information efficiency, but also find

biased forecasts in some cases.

Virtually all of these studies, however, regardless of whether the point is made

explicitly or implicitly, analyse the issue under the assumption of a symmetric loss

function, i.e., the notion that over- and underestimations are equally costly to the

respective forecaster. While this assumption has been more or less undisputed for a long

period, it may be criticised for very good economic reasons.

Consider possible customers of business cycle forecasters. For a single firm, for example,

there is a priori no reason to assume that the costs of underpredicting demand in terms of a

loss of sales or reputation should be exactly equal to the costs of overpredicting demand in

terms of additional costs and storage (Elliot et al., 2005, 2008). On a macroeconomic level, it is

very likely that central banks have asymmetric preferences regarding inflation, perhaps

leaning toward more caution against inflation acceleration. Alan Blinder summarises his

experience as a central bank officer, claiming that a central bank “take(s) far more political

heat if it tightens preemptively to avoid higher inflation than if it eases preemptively to avoid

higher unemployment” (1998). Furthermore, while an overestimation of a budget deficit may

help the career of a finance minister, an underestimation may end it. As the famous German

economist and politician Ludwig Erhardt once put it: “If it gets better than expected, even

the false prophet will be forgiven” (quoted according to Miersch, 2008). Furthermore,

international or supranational institutions like the International Monetary Fund (IMF), World

Bank or European Commission face principal-agent problems regarding their relationship

with clients or member states – which, in turn, could justify asymmetric loss functions (Artis

and Marcellino, 2001; Elliott et al., 2005; Christodoulakis and Mamatzakis, 2008, 2009). An

additional line of argument, which may point to the possibility of an asymmetric loss, refers

to the political economy of business cycle forecasts (see Döpke, 2000, for related arguments).

In this view, individual forecasters represent competing political points of view and use the

forecasts as instruments to achieve their political goals. Hence, under- and overestimations

of growth and inflation are likely to be unequally costly in the eyes of the forecaster, since

they give different incentives for good or bad policies. Additional reasoning might be found

in the model of Laster et al. (1999) who argue that forecasters face different incentives. For

example, a private institution might be very interested in garnering public attention for its
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forecasts. All in all, a certain scepticism regarding the symmetry assumption is well justified.

Therefore, we analyse signs of asymmetric loss functions for those institutions publishing

regular forecasts for the German economy.

Consequently, several approaches have been developed to incorporate more general

loss function into forecasting evaluations. Based on influential work by Chistofferson and

Diebold (1997), Granger (1999) and Batchelor and Peel (1998), among others, Elliott et al.

(2005, 2008) have proposed estimating the degree of asymmetry of the loss function and

testing for a significant degree of asymmetry. Moreover, Patton and Timmerman (2007)

analyse the properties of an optimal forecast under a generalised loss function and discuss

how to test for these properties. We make use of these approaches to re-evaluate the issue

of rationality of German business cycle forecasts, namely, growth and inflation forecasts

covering the 1970-2007 time span, and up to 17 different forecasts.

In our results, we find only limited evidence of asymmetric loss functions of German

business cycle forecasters. For example, for a piecewise linear (lin-lin) loss function, as in

the approach of Patton and Timmerman (2007), we are not able to reject the null hypothesis

of a symmetric loss function at the usual significance levels in all but two cases for each

growth and inflation rate forecast. This conclusion, based on individual data, is further

reinforced by evidence based on pooled data, where we also cannot reject the null

hypothesis of an asymmetric lin-lin loss function at the usual significance levels, for both

growth and inflation rate forecasts. In the case of the piecewise quadratic (quad-quad) loss

function, the evidence against a symmetric loss function is stronger, as we can reject the

corresponding null hypothesis for up to five institutions for each growth and inflation

forecast, depending on a set of instrumental variables. Furthermore, in constrast to the

results obtained on pooled data for the lin-lin loss function, in the case of a quad-quad loss

function for growth forecasts we are able to reject the null hypothesis even at the 1% level

for all considered sets of intruments, indicating a general tendency of forecasting

institutions to produce overly optimistic forecasts of GDP growth rates. We also find some

evidence of asymmetry in pooled inflation forecasts, but the test outcome appears not to

be fully robust vis-à-vis the choice of instruments.

Furthermore, we check whether the usual results concerning the rationality of the

forecasts still hold when the assumption regarding the loss function is relaxed. In a

nutshell, we find that neither a specifically asymmetric loss function nor the assumption

of a generalised loss function alters the findings obtained under a symmetric loss function

by very much, although the results of the test proposed by Elliot et al. (2005) give some

contrary results for inflation forecasts.

The remainder of the paper is organised as follows. Section 1 describes the data and

the econometric method proposed by Elliot et al. (2005) to back out the parameter of

asymmetry of a loss function and statistical testing for the existence of asymmetry, and

discusses the results for the data set at hand. Section 2 tests for the rationality of the

forecasts under different assumptions: a symmetric loss function, a specific asymmetric

loss function and a generalised loss function. Section 3 summarises and concludes.

1. Estimating loss function asymmetry parameters and testing for asymmetry
We evaluate the forecasts of several institutions that deliver macroeconomic forecasts

regarding the German economy. Further details on the data set can be found in Döpke and

Fritsche (2006). For all institutions, we have collected growth and inflation forecasts. The
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growth forecast is the predicted growth rate of real GNP (for the time span 1983 to 1989)

and of real GDP (for all other years). In the case of published interval forecasts, the average

is used. The numbers refer to West Germany up to 1992, and to the whole of Germany

from 1993 to the present. As a measure of the inflation forecast, we use the predicted

change of the deflator of private consumption, when this figure is available. In some cases,

however, no explicit reference was given to whether an inflation forecast referred to the

consumption deflator or to the CPI/HICP. In such cases we assume that no distinction

between the figures was intended by the forecaster, and we use the available inflation

forecast. As regards the actual outcome, it is possible to refer to the latest available revised

data or to the first published (“real-time”) data. As it is common in the analysis of business

cycle forecasts, we make use of the latter type of numbers, i.e., we compare the forecasts

made at the end of a certain year “x” or at the beginning of the following year “x + 1” with

the first published figure for the year “x + 1”.

The analysis by Elliot et al. (2005) starts from the general loss function:1

(1)

In this loss function the parameter p represents the underlying assumption of the

subsequent analysis. In particular, p = 1 stands for a linear-linear (lin-lin) loss function,

while in case of p = 2 the calculations are based on a quadratic-quadratic (quad-quad) loss

function. Furthermore, the loss function contains the parameter  representing the degree

of asymmetry of the loss function. In particular,  = 0.5 yields a symmetric loss function,

while  > 0.5 represents the case of forecasters’ incentives to issue optimistic forecasts.

Finally,  < 0.5 stands for the case of forecasts that are too pessimistic. Thus, a particular

set of parameters leads to a well-known loss function. For example, 

yields a symmetric quadratic loss function (Elliot et al., 2005, p. 1110). The key problem

they address is, of course, that the value of this parameter is unknown and has to be

estimated from the data.

Elliot et al. (2005) establish conditions for optimality of forecasts, which, in turn, deliver the

necessary moment conditions. By observing the sequence of forecasts, the authors propose a

generalised method of moments (GMM) estimator that yields the following expression to

estimate the asymmetry parameter of the loss function out of the moment conditions:

(2)

with  as a weighting matrix. Since S depends on T,

estimation has to be performed iteratively, assuming S = 1 in the first round, since the identity

matrix is a consistent starting point, and using vt as instrument(s). The estimation is based on

considerations that have led to the GMM estimator proposed by Hansen (see Hansen and West,

2002, for a survey and a discussion of its relation to macroeconomic applications). Elliot et al.

(2005) show that the estimator of T is asymptotically normal and, hence, renders it possible to

test for the hypothesis  = 0.5, i.e., for loss function symmetry.

Instruments are warranted for the proposed GMM estimator. Following Elliot et al. (2005,

p. 461), our instruments are: i) a constant; ii) a constant and a lagged forecast error; iii) a
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-value

0.017

0.079

0.351

0.339

0.545

0.869

0.850

0.515

0.370

0.136

0.472

0.869

0.851

0.861

0.618

0.294

0.849

0.793

0.025

0.004

0.856

0.671

0.189

0.374

0.291

0.274

0.389

0.711

0.139

0.005

0.178

0.575

0.141

0.780

0.567

nstant,
constant and the lagged variable to be predicted (i.e., the growth and inflation rate,

respectively); and iv) a constant, the lagged forecast error and the lagged variable to be

predicted. We use the terms Model 1 to 4 in the course of the paper for estimations based on

each of the four sets of instruments, respectively. These are the sets of instruments proposed

in the literature and that also have been used in a similar context (Elliott et al., 2005;

Christodoulakis and Mamatzakis, 2008, 2009). The estimation results for the data set under

investigation are given for lin-lin loss functions in Table 1 and quad-quad loss functions in

Table 2.

As regards growth forecasts and calculations based on the assumption of a lin-lin loss

function, the findings presented in Table 1 suggest only very limited evidence of

Table 1. Evidence for an asymmetric loss function, lin-lin function

Model 1 s.e. p-value Model 2 s.e. p-value Model 3 s.e. p-value Model 4 s.e. p

Growth forecasts

Berlin Institute 0.320 0.077 0.022 0.319 0.077 0.018 0.320 0.077 0.019 0.318 0.077

Council of Economic Advisers 0.595 0.081 0.241 0.595 0.081 0.241 0.607 0.080 0.182 0.639 0.079

Employers Institute 0.571 0.084 0.393 0.575 0.084 0.372 0.578 0.083 0.352 0.578 0.083

Essen Institute 0.568 0.081 0.407 0.568 0.081 0.407 0.573 0.081 0.372 0.578 0.081

European Commission, autumn 0.541 0.082 0.621 0.542 0.082 0.611 0.547 0.082 0.569 0.550 0.082

European Commission, spring 0.486 0.082 0.869 0.486 0.082 0.869 0.486 0.082 0.869 0.486 0.082

Government’s Economic Report 0.514 0.082 0.869 0.514 0.082 0.866 0.515 0.082 0.853 0.516 0.082

Halle Institute 0.571 0.132 0.589 0.572 0.132 0.588 0.576 0.132 0.567 0.586 0.132

Hamburg Institute 0.432 0.081 0.407 0.432 0.081 0.403 0.428 0.081 0.377 0.427 0.081

IMF, autumn 0.588 0.084 0.296 0.588 0.084 0.296 0.592 0.084 0.274 0.624 0.083

IMF, spring 0.444 0.083 0.502 0.441 0.083 0.475 0.444 0.083 0.501 0.441 0.083

Joint Forecast, spring 0.514 0.082 0.869 0.514 0.082 0.869 0.514 0.082 0.869 0.514 0.082

Joint Forecast, autumn 0.486 0.082 0.869 0.486 0.082 0.866 0.485 0.082 0.855 0.485 0.082

Kiel Institute 0.486 0.082 0.869 0.486 0.082 0.869 0.486 0.082 0.863 0.486 0.082

Munich Institute 0.459 0.082 0.621 0.459 0.082 0.620 0.459 0.082 0.618 0.459 0.082

OECD 0.568 0.081 0.407 0.571 0.081 0.383 0.581 0.081 0.318 0.585 0.081

Trade Union Institute 0.486 0.082 0.869 0.486 0.082 0.866 0.485 0.082 0.851 0.484 0.082

Pooled data 0.505 0.020 0.807 0.505 0.020 0.806 0.505 0.020 0.797 0.505 0.202

Inflation forecasts

Berlin Institute 0.378 0.080 0.127 0.333 0.077 0.031 0.374 0.080 0.114 0.327 0.077

Council of Economic Advisers 0.649 0.078 0.058 0.704 0.075 0.007 0.705 0.075 0.006 0.714 0.074

Employers Institute 0.514 0.084 0.866 0.515 0.084 0.861 0.515 0.084 0.857 0.515 0.084

Essen Institute 0.514 0.082 0.869 0.533 0.082 0.688 0.525 0.082 0.763 0.535 0.082

European Commission, autumn 0.568 0.081 0.407 0.602 0.080 0.206 0.576 0.081 0.353 0.606 0.080

European Commission, spring 0.432 0.081 0.407 0.428 0.081 0.374 0.432 0.081 0.401 0.428 0.081

Government’s Economic Report 0.432 0.081 0.407 0.416 0.081 0.297 0.430 0.081 0.390 0.414 0.081

Halle Institute

Hamburg Institute 0.568 0.081 0.407 0.588 0.081 0.274 0.575 0.081 0.354 0.588 0.081

IMF, autumn 0.441 0.085 0.490 0.427 0.085 0.392 0.439 0.085 0.472 0.427 0.085

IMF, spring 0.528 0.083 0.738 0.531 0.083 0.711 0.528 0.083 0.735 0.531 0.083

Join Forecast, spring 0.405 0.081 0.241 0.388 0.080 0.160 0.390 0.080 0.169 0.382 0.080

Joint Forecast, autumn 0.649 0.078 0.058 0.702 0.075 0.007 0.670 0.077 0.028 0.710 0.075

Kiel Institute 0.432 0.081 0.407 0.412 0.081 0.276 0.432 0.081 0.401 0.392 0.080

Munich institute 0.541 0.082 0.621 0.546 0.082 0.578 0.543 0.082 0.596 0.546 0.082

OECD 0.600 0.089 0.264 0.622 0.089 0.169 0.600 0.089 0.261 0.630 0.088

Trade Union Institute 0.514 0.082 0.869 0.519 0.082 0.819 0.514 0.082 0.869 0.523 0.082

Pooled data 0.509 0.021 0.651 0.512 0.021 0.567 0.509 0.021 0.628 0.512 0.020

Legend: Model 1: Constant. Model 2: Constant and lagged forecast errors. Model 3: Constant and lagged variable. Model 4: Co
lagged forecast error, lagged variable.
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asymmetric loss functions. Only in the case of the Berlin Institute do the individual results

point to a loss function giving incentives for overly pessimistic forecasts. Depending on the

number of instruments, there are also some weak (significant at the 10% level) results for a

loss function of the Council of Economic Advisers fostering overly optimistic forecasts. The

results may support conventional wisdom regarding these institutions: the Berlin Institute

has long been seen as the most Keynesian of German institutes. Thus, being pessimistic

might achieve a more activist economic policy. By contrast, the Council of Economic

Advisers has widely been seen as supply-side oriented, and the opposite behaviour may be

seen as plausible. The emerging general picture, however, is not completely in line with

such an explanation, since other institutes with strong opinions (the Trade Union Institute

Table 2. Evidence for an asymmetric loss function, quad-quad loss function

Model 1 s.e. p-value Model 2 s.e. p-value Model3 s.e. p-value Model 4 s.e. p

Growth forecasts

Berlin Institute 0.492 0.120 0.947 0.470 0.112 0.790 0.508 0.118 0.948 0.413 0.109

Council of Economic Advisers 0.647 0.104 0.159 0.645 0.103 0.157 0.674 0.100 0.080 0.686 0.099

Employers Institute 0.639 0.108 0.199 0.661 0.105 0.124 0.658 0.104 0.127 0.648 0.104

Essen Institute 0.611 0.099 0.265 0.599 0.097 0.309 0.622 0.098 0.212 0.604 0.097

European Commission, autumn 0.685 0.094 0.050 0.699 0.089 0.025 0.717 0.087 0.012 0.715 0.087

European Commission, spring 0.608 0.103 0.298 0.598 0.104 0.344 0.612 0.100 0.265 0.609 0.101

Government’s Economic Report 0.614 0.106 0.279 0.616 0.105 0.270 0.628 0.103 0.214 0.614 0.102

Halle Institute 0.674 0.175 0.320 0.877 0.092 0.000 0.869 0.093 0.000 0.872 0.092

Hamburg Institute 0.592 0.108 0.392 0.597 0.107 0.366 0.606 0.106 0.318 0.608 0.106

IMF, autumn 0.745 0.085 0.004 0.748 0.084 0.003 0.760 0.082 0.001 0.881 0.058

IMF, spring 0.562 0.111 0.576 0.551 0.111 0.646 0.563 0.109 0.565 0.567 0.108

Join Forecast, spring 0.624 0.107 0.245 0.632 0.099 0.185 0.654 0.099 0.119 0.645 0.098

Joint Forecast, autumn 0.644 0.097 0.136 0.647 0.095 0.123 0.655 0.095 0.103 0.641 0.095

Kiel Institute 0.609 0.108 0.313 0.609 0.106 0.302 0.627 0.105 0.228 0.599 0.106

Munich institute 0.555 0.110 0.620 0.562 0.109 0.568 0.571 0.108 0.514 0.571 0.108

OECD 0.645 0.103 0.162 0.668 0.096 0.080 0.685 0.095 0.051 0.676 0.095

Trade Union Institute 0.534 0.109 0.752 0.538 0.108 0.727 0.545 0.107 0.673 0.544 0.108

Pooled data 0.617 0.025 0.000 0.620 0.025 0.000 0.626 0.026 0.000 0.634 0.025

Inflation forecasts

Berlin Institute 0.383 0.103 0.259 0.352 0.102 0.146 0.372 0.103 0.214 0.351 0.102

Council of Economic Advisers 0.496 0.111 0.972 0.589 0.110 0.420 0.572 0.111 0.520 0.598 0.110

Employers Institute 0.568 0.121 0.575 0.567 0.121 0.582 0.603 0.118 0.384 0.602 0.116

Essen Institute 0.443 0.112 0.613 0.500 0.114 0.999 0.205 0.081 0.000 0.155 0.071

European Commission, autumn 0.474 0.112 0.814 0.627 0.109 0.244 0.575 0.112 0.504 0.633 0.108

European Commission, spring 0.544 0.105 0.675 0.601 0.098 0.303 0.557 0.102 0.576 0.602 0.098

Government’s Economic Report 0.388 0.116 0.336 0.384 0.116 0.319 0.388 0.116 0.335 0.381 0.116

Hamburg Institute 0.501 0.119 0.993 0.679 0.108 0.098 0.624 0.113 0.274 0.677 0.107

IMF, autumn 0.626 0.106 0.234 0.649 0.104 0.151 0.644 0.104 0.163 0.634 0.104

IMF, spring 0.618 0.108 0.274 0.607 0.109 0.327 0.608 0.109 0.323 0.605 0.109

Joint Forecast, autumn 0.518 0.111 0.872 0.773 0.087 0.002 0.704 0.098 0.038 0.773 0.087

Joint Forecast, spring 0.444 0.107 0.605 0.448 0.107 0.629 0.470 0.105 0.775 0.462 0.104

Kiel Institute 0.414 0.119 0.473 0.070 0.060 0.000 0.235 0.094 0.005 0.078 0.061

Munich Institute 0.552 0.119 0.659 0.670 0.105 0.104 0.622 0.112 0.276 0.669 0.104

OECD 0.556 0.125 0.654 0.571 0.125 0.568 0.588 0.120 0.462 0.577 0.119

Trade Union Institute 0.509 0.112 0.938 0.681 0.098 0.065 0.546 0.110 0.676 0.698 0.097

Pooled data 0.497 0.029 0.926 0.574 0.028 0.009 0.543 0.029 0.137 0.578 0.028

Legend: Model 1: Constant. Model 2: Constant and lagged forecast errors. Model 3: Constant and lagged variable. Model 4: Co
lagged forecast error, lagged variable.
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or Employers Institute, for example) show no such results. The test results are illustrated

by visual inspection of the estimated loss functions. Some pronounced cases of these

functions are given in Figure 1. (The others are available upon request from the authors.)

Most estimated loss functions look quite symmetric, representing the fact that

virtually all estimated  parameters are very close to 0.5. This is also supported by the

estimators based on pooled data – which could be interpreted as a joint test under no

severe heterogeneity. For example, in Table 1 the pooled estimates of asymmetry

parameter for a lin-lin function are close to 0.5 for both the growth and inflation forecasts,

implying that, on average, all instituitions overpredict growth rates as often as they

underpredict them.2

Turning to the inflation forecasts, there is slightly more hindsight to asymmetric loss

functions under the lin-lin loss function. The Joint Forecast as well as the Council of

Economic Advisers have overestimated inflation systematically in the past, while the

Berlin Institute has more likely underestimated it. Again, visual inspection of the

estimated loss functions (Figure 2) confirms the picture given by the formal statistical

tests.

Figure 1. Selected estimated loss functions, growth forecasts
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Based on the assumption of a quad-quad loss function for growth forecasts, the broad

picture remains more or less unchanged, i.e., there is hardly any convincing evidence of a

significant degree of asymmetry across the board of the forecasting institutions (see Table 2).

Nevertheless, it is quite a remarkable fact that in all but one case the point estimate of the

asymmetry parameter exceeds 0.5, indicating a general tendency of forecasting institutions to

issue overly optimistic forecasts of GDP growth rates. As a reflection of this finding, the test

based on pooled data decisively rejects the null hypothesis of a symmetric loss function. By

pooling, we are able to estimate the parameter of interest with greater precision – that is,

observe a substantial decrease in reported standard errors in pooled estimation compared to

individual estimation results – and hence a significant gain in testing power is achieved,

allowing us to reject the null hypothesis of  = 0.5.3

As regards the inflation forecasts, we are able to reject the null hypothesis of

symmetry more often under a quad-quad loss function than under a lin-lin loss function.

Depending on a set of instrumental variables for up to five institutions – the Essen

Institute, the Joint Forecast in autumn, the Kiel Institute, the Hamburg Institute and the

Trade Unions Institute – the corresponding null hypothesis is rejected.

The overall impression is that the outcome of tests for loss function symmetry

depends on a choice of the underlying loss function, such that under a quad-quad loss

Figure 2. Selected estimated loss functions, inflation forecasts
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function we could reject the null hypothesis of symmetry more often than under a lin-lin

loss function. This seems to happen for tests based on both individual and pooled data.

This is unsurprising, as under different loss functions different features of forecast errors

are taken into account. Thus, under the lin-lin loss function, only the proportion of

negative forecast errors in total number of forecasts is relevant for estimation of the

asymmetry parameter. At the same time, under the quad-quad loss function, a share of the

sum of negative forecast errors in total sum of absolute values of forecast errors is taken

into account. This implies that in a situation where a forecaster, on average, overestimates

as often as underestimates a variable of interest, the asymmetry test based on the lin-lin

loss function will not reject the null hypothesis. If, however, in this situation the size of

negative forecast errors is on average larger than the size of positive forecast errors, the

test based on the quad-quad loss function will reject the corresponding null hypothesis. It

is interesting to observe that we find this pattern in our data set of forecast errors, implying

that, on average, the number of overpredictions and underpredictions is balanced, but

when overpredictions happen they tend to be of a larger magnitude.

2. Testing for rationality and optimality of a forecast under different loss functions

2.1. Testing for rationality under a symmetric loss function

Testing the rationality of a forecast under a symmetric loss function is typically based

on two requirements. First, the forecast should be unbiased, i.e., no systematic errors

should occur (the expected value of the forecast error should not be different from zero).

Second, the forecast should make efficient use of all information available at the

forecasting date, i.e., for an optimal forecast one should be unable to find any variables,

which helps to forecast the errors. In a nutshell, former studies of the rationality of German

business cycle forecasts have typically found them unbiased, but not necessarily efficient.

To obtain a first insight into the rationality of the forecasts under investigation, we

present rationality tests based on a version of the Mincer-Zarnowitz equation (Batchelor and

Peel, 1998). In particular, a standard rationality test can be based on estimating the equation

(3)

As Batchelor and Peel (1998) (referring to Christofferson and Diebold, 1997) argue, under

the null hypothesis of rationality, and assuming a symmetric loss function, forecast errors

should be orthogonal to all information known at t, and in particular to the expected change

in y. Thus, if the forecast is rational, a0 = 0, a1 = 0 holds. This is tested with a standard F-test.

The results of this task are given in Table 3.

The results for growth forecasts, documented in Table 3, give few hints of departures

from rationality. In fact, in all but one case (IMF, autumn) we cannot reject the corresponding

null hypothesis of forecast rationality. This is also confirmed by the estimation and testing

based on pooled data. Turning to inflation forecasts, rationality can be rejected at the usual

significance levels in 10 out of 17 cases. Moreover, the null hypothesis is also rejected

strongly in the case of pooled data. This is in line with the results reported in Döpke and

Fritsche (2006) and possibly due to a high degree of serial correlation in the forecast errors,

especially in the 1970s and 1980s. In general, we find very limited evidence for

non-rationality under symmetric loss for growth forecasts, and overwhelming evidence for

non-rationality for inflation forecasts.

nttnttntnt uyyyy   )ˆ()ˆ( 110, 
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Table 3. Test for rationality of the forecasts 
under a symmetric loss function, 1970 to 2007

Constant Slope
Test for rationality 

(F-value)
Test for rationality 

(p-value)

Growth forecasts

Berlin Institute 0.015
(0.06)

0.081
(0.48) 0.118 0.89

Council of Economic Advisors –0.293
(–1.20)

0.031
(0.18) 0.825 0.45

Employers Institute1 –0.398
(–1.41)

–0.247
(–1.47) 1.758 0.19

Essen Institute –0.199
(–0.89)

0.107
(0.62) 0.727 0.49

European Commission, autumn –0.456
(–1.64)

–0.027
(–0.16) 1.388 0.26

European Commission, spring –0.140
(–0.77)

0.142
(0.86) 0.808 0.46

Government’s Economic Report –0.253
(–1.09)

–0.142
(–0.84) 0.818 0.45

Halle Institute2 –0.332
(–1.35)

–0.352
(–1.37) 1.397 0.28

Hamburg Institute –0.190
(–0.83)

–0.075
(–0.45) 0.408 0.67

IMF, autumn3 –0.660
(–2.08)

0.007
(0.04) 2.55 0.09

IMF, spring4 –0.067
(–0.34)

0.295
(1.79) 1.756 0.19

Joint Forecast, autumn –0.349
(–1.27)

–0.009
(–0.05) 0.829 0.45

Joint Forecast, spring –0.202
(–1.04)

–0.005
(–0.03) 0.594 0.58

Kiel Institute –0.221
(–0.87)

0.027
(0.16) 0.416 0.66

Munich Institute –0.116
(–0.53)

–0.127
(0.76) 0.399 0.67

OECD –0.345
(–1.32)

–0.082
(–0.49) 0.895 0.42

Trade Union Institute –0.086
(–0.33)

–0.055
(–0.32) 0.098 0.91

Pooled data –0.051
(–1.18)

–0.062
(–1.47) 1.780 0.17

Inflation forecasts

Berlin Institute 0.096
(0.67)

0.356
(2.31) 3.296 0.049

Council of Economic Advisors –0.012
(–0.86)

0.459
(3.12) 4.874 0.01

Employers Institute1 –0.061
(–0.50)

0.196
(1.20) 0.865 0.43

Essen Institute 0.012
(0.10)

0.536
(3.86) 7.617 0.002

European Commission, autumn 0.001
(0.01)

0.547
(4.00) 8.030 0.001

European Commission, spring –0.022
(–0.28)

0.259
(1.56) 1.302 0.28

Government’s Economic Report 0.073
(0.53)

0.376
(2.45) 3.459 0.04

Halle Institute2 0.046
(0.23)

0.219
(0.76) 0.321 0.73

Hamburg Institute –0.016
(–0.11)

0.458
(3.12) 4.875 0.014
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2.2. Rationality testing under an asymmetric loss function

2.2.1. The Batchelor/Peel (1998) approach

One approach to test for forecast rationality under an asymmetric loss function has

been proposed by Batchelor and Peel (1998). They start from a so-called linex loss function,

which takes the form:

,

where  and  are constants and e is the forecast error as described above. The parameter 
determines the degree of asymmetry, while  is a scaling factor. For  > 0, losses are

approximately exponential for e > 0 and approximately linear for e < 0. If the forecast error

is defined as in our case, this presents a situation where underestimations are more costly

than overestimations. Conversely, with  < 0 the function is exponential to the left of the

origin of e, and linear to the right. Asymptotically for  = 0, the function coincides with the

standard quadratic case.

The standard rationality test may be extended as follows: Bachelor and Peel (1998)

argue that under the linex loss function the optimal forecast has a clearly defined bias.

This bias, in turn, depends on the volatility of the time series to be forecasted and has an

analytical expression for the linex loss function. Thus, to test for rationality, an additional

term in the test equation is warranted which reflects the expected value of the conditional

error variance:

(4)

Again, the null of a rational forecast is represented by the parameter restriction

a0 = 0, a1 = 0. Thus, in empirical testing, Batchelor and Peel (1998) suggest estimating an

IMF, autumn3 –0.127
(–0.89)

0.289
(1.86) 2.344 0.11

IMF, spring4 –0.068
(–0.52)

0.413
(2.66) 4.11 0.025

Joint Forecast, autumn –0.038
(–0.27)

0.563
(4.23) 8.973 0.001

Joint Forecast, spring 0.042
(0.43)

0.221
(1.33) 1.011 0.374

Kiel Institute 0.015
(0.10)

0.581
(4.67) 11.278 0.0001

Munich Institute –0.054
(–0.39)

0.231
(1.44) 1.134 0.33

OECD –0.041
(–0.30)

0.194
(1.08) 0.656 0.524

Trade Union Institute –0.014
(–0.09)

0.547
(3.92) 7.96 0.002

Pooled data –0.106
(–3.18)

–0.302
(–7.12) 37.78 0.000

1. 1972 to 2007.
2. 1993 to 2007.
3. 1973 to 2007.
4. 1971 to 2007 (t-values in parentheses).

Table 3. Test for rationality of the forecasts 
under a symmetric loss function, 1970 to 2007 (cont.)

Constant Slope
Test for rationality 

(F-value)
Test for rationality 

(p-value)

 1exp(
2
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ARCH-in-Mean model, from Engle, Lilian and Roberts (1987). In their original paper, they

suggest a GARCH(1,1) model, but argue that the test for rationality does not depend on a

specific form of the ARCH-in-Mean term. Hence, in our case, we start with the presumably

most simple GARCH(1,1) and use other models only in cases where this model does not fit well

with the data. It turns out that, in most cases, using the log for the ARCH-in-Mean term helps

to achieve convergence. All in all, the test is performed by estimating the following equations:

(5)

As in the original contribution of Batchelor and Peel (1998), the ARCH-in-Mean terms

turn out to be insignificant in most of cases here. The presence of this term might,

however, alter the estimates of the other coefficients in the equation and, thus, the results

of testing for rationality, namely, a0 = 0, a1 = 0. The results presented in Table 4 suggest that

in all but one cases (the Council of Economic Advisers), the null of rationality cannot be

rejected for the growth forecasts considered in this paper. The results change when

considering the inflation forecast errors; in this case, at least four institutions produced

forecasts that could be interpreted as non-rational – even under asymmetric loss.

Compared to the results for a symmetric loss reported in Table 3 – where ten institutions

could be labeled as those departing from rationality assumption – we observe a remarkable

drop in the number of non-rational forecasts. This finding emphasizes the importance of

allowing for asymmetric loss function of forecasters when testing for forecast rationality.

Table 4. Test for rationality of the forecasts under an asymmetric loss function 
(Batchelor/Peel approach), 1970 to 2007

Constant Slope
Test for rationality 

(F-value)
Test for rationality 

(p-value)

Growth forecasts

Berlin Institute Coefficient 0.08 0.40 1.47 0.24

t-value 0.14 2.02

Council of Economic Advisors Coefficient 2.11 –0.33 5.22 0.01

t-value 0.52 –1.65

Employers Institute1 Coefficient –0.47 –0.10 0.04 0.96

t-value –1.23 –0.41

Essen Institute Coefficient –0.61 –0.14 0.55 0.58

t-value –2.70 –0.47

European Commission, autumn Coefficient –0.03 –0.14 0.92 0.41

t-value –0.12 –0.62

European Commission, spring2 Coefficient –0.37 0.42 0.59 0.56

t-value –1.38 2.12

Government’s Economic Report Coefficient –0.23 0.06 0.02 0.98

t-value –0.56 0.27

Halle Institute3 Coefficient 0.02 –0.39 1.45 0.29

t-value 0.16 –1.11

Hamburg Institute Coefficient –0.70 –0.21 0.36 0.70

t-value –1.15 –0.71

IMF, autumn4 Coefficient –1.15 –0.04 1.38 0.27

t-value –1.69 –0.08

IMF, spring5 Coefficient 0.06 0.16 1.38 0.27

t-value 0.27 0.55
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Joint Forecast, autumn Coefficient 1.44 –0.46 0.37 0.69

t-value 0.50 –0.48

Joint Forecast, spring Coefficient 1.44 –0.46 0.37 0.69

t-value 0.50 –0.48

Kiel Institute Coefficient –2.19 0.20 1.22 0.31

t-value –0.36 0.36

Munich Institute Coefficient –0.42 0.03 0.24 0.78

t-value –0.44 0.25

OECD Coefficient –0.64 –0.30 0.03 0.97

t-value –1.46 –1.53

Trade Union Institute Coefficient 0.15 0.04 1.68 0.20

t-value 0.91 0.16

Inflation forecasts

Berlin Institute Coefficient 0.08 0.40 8.66 0.00

t-value 0.14 2.02

Council of Economic Advisors Coefficient 2.11 –0.33 1.15 0.33

t-value 0.52 –1.65

Employers Institute2 Coefficient –0.47 –0.10 2.31 0.12

t-value –1.23 –0.41

Essen Institute Coefficient –0.61 –0.14 0.53 0.60

t-value –2.70 –0.47

European Commission, autumn Coefficient –0.03 –0.14 1.65 0.21

t-value –0.12 –0.62

European Commission, spring Coefficient –0.10 0.08 0.79 0.46

t-value –0.50 0.43

Government’s Economic Report Coefficient –0.23 0.06 0.21 0.81

t-value –0.56 0.27

Halle Institute3 Coefficient Convergence failed

Hamburg Institute Coefficient –0.70 –0.21 0.27 0.76

t-value –1.15 –0.71
IMF, autumn1 Coefficient –1.15 –0.04 2.28 0.12

t-value –1.69 –0.08
IMF, spring4 Coefficient 0.06 0.16 2.28 0.12

t-value 0.27 0.55
Joint Forecast, autumn Coefficient 1.44 –0.46 11.30 0.00

t-value 0.50 –0.48
Joint Forecast, spring Coefficient 1.44 –0.46 0.56 0.57

t-value 0.50 –0.48
Kiel Institute Coefficient –2.19 0.20 11.66 0.00

t-value –0.36 0.36
Munich Institute Coefficient –0.42 0.03 0.58 0.57

t-value –0.44 0.25
OECD Coefficient –0.96 –0.19 0.69 0.51

t-value –1.03 –0.46
Trade Union Institute Coefficient 0.15 0.04 2.67 0.08

t-value 0.91 0.16

1. 1972 to 2007.
2. 1993 to 2007.
3. 1973 to 2007.
4. 1971 to 2007.
5. Convergence could be achieved only after eliminating the outlier in year 1975 by a dummy variable in the mean

equation.

Table 4. Test for rationality of the forecasts under an asymmetric loss function 
(Batchelor/Peel approach), 1970 to 2007 (cont.)

Constant Slope
Test for rationality 

(F-value)
Test for rationality 

(p-value)
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e

2.2.2. The Elliot et al. (2005) approach

Elliot et al. (2005) suggest a test of the joint null hypothesis of forecast rationality and

the more flexible loss function. Under the null hypothesis, the test statistic is:

(6)

Hence, a rejection of the null hypothesis might be due to irrationality of the forecast or

to the rejection of the functional form of the loss function (1). The results for our data at

hand are given in Table 5.
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Table 5. Joint test for forecast rationality and loss function (J-test),
lin-lin function, 1970 to 2007

J-test (Model 2) p-value J-test (Model 3) p-value J-test (Model 4) p-valu

Growth forecasts

Berlin Institute 0.57 0.45 0.49 0.48 0.69 0.71

Council of Economic Advisers 0.01 0.98 2.18 0.14 5.90 0.05

Employers Institute 0.76 0.39 1.42 0.23 1.44 0.49

Essen Institute 0.00 0.98 1.27 0.26 2.39 0.30

European Commission, autumn 0.51 0.48 2.42 0.12 3.35 0.19

European Commission, spring 0.05 0.83 0.00 0.95 0.08 0.96

Government’s Economic Report 0.48 0.49 2.11 0.15 2.45 0.29

Halle Institute 0.01 0.91 0.39 0.53 1.16 0.56

Hamburg Institute 0.13 0.72 1.11 0.29 1.36 0.51

IMF, autumn 0.00 0.98 0.72 0.40 4.89 0.09

IMF, spring 1.08 0.30 0.04 0.84 1.19 0.55

Joint Forecast, autumn 0.45 0.50 1.89 0.17 2.25 0.33

Joint Forecast, spring 0.02 0.89 0.04 0.85 0.04 0.98

Kiel Institute 0.04 0.84 0.90 0.34 1.19 0.55

Munich Institute 0.03 0.88 0.12 0.73 0.13 0.94

OECD 0.90 0.34 3.07 0.08 3.80 0.15

Trade Union Institute 0.43 0.51 2.26 0.13 2.50 0.29

Pooled data 0.99 0.32 14.38 0.00 19.53 0.00

Inflation forecasts

Berlin Institute 5.02 0.03 0.61 0.44 5.52 0.06

Council of Economic Advisers 4.99 0.03 5.06 0.02 5.62 0.06

Employer’s Institute 0.57 0.45 1.12 0.29 1.14 0.56

Essen Institute 10.90 0.00 8.39 0.00 11.32 0.00

European Commission, autumn 6.21 0.01 1.94 0.16 6.66 0.04

European Commission, spring 1.21 0.27 0.20 0.65 1.21 0.55

Government’s Economic Report 3.69 0.06 0.65 0.42 3.88 0.14

Hamburg Institute 4.37 0.04 1.91 0.17 4.37 0.11

IMF, autumn 3.22 0.07 0.65 0.42 3.32 0.19

IMF, spring 1.75 0.19 0.24 0.62 1.77 0.41

Joint Forecast, autumn 4.88 0.03 2.31 0.13 5.43 0.07

Joint Forecast, spring 2.93 0.09 2.63 0.11 3.70 0.16

Kiel Institute 4.33 0.04 0.23 0.63 6.94 0.03

Munich Institute 2.03 0.16 1.20 0.27 2.18 0.34

OECD 2.69 0.10 0.07 0.79 3.44 0.18

Trade Union Institute 5.23 0.02 0.03 0.86 7.59 0.02

Pooled data 62.23 0.00 19.85 0.00 62.42 0.00
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t error,

e

In the case of growth forecasts and the lin-lin setting, the null hypothesis has to be

rejected in only very few cases. In particular, for the IMF autumn forecast, the OECD and the

Council of Economic Advisers, the composite null hypothesis is not supported by the data. In

none of the three cases, however, does the result appear to be robust with respect to the

choice of the instruments. Thus, these suggestions of either irrationality of the forecasts or

the necessity of a different loss function are not convincing. By contrast, the results for the

inflation forecasts lead to a rejection of the null hypothesis for virtually any of the

institutions under investigation. Given the point estimates of the asymmetry parameter

reported in Section 2, one might suspect that the rejection is due to the failure of the

rationality hypothesis rather than the assumption of a particular loss function, but formally

Growth forecasts

Berlin Institute 0.20 0.66 0.97 0.32 2.48 0.29

Council of Economic Advisers 0.01 0.93 0.94 0.33 2.43 0.30

Employers Institute 1.62 0.20 0.60 0.44 1.96 0.38

Essen Institute 0.28 0.60 0.58 0.45 1.81 0.40

European Commission, autumn 0.22 0.64 0.98 0.32 1.40 0.50

European Commission, spring 0.93 0.33 0.04 0.85 1.12 0.57

Government’s Economic Report 0.91 0.34 0.49 0.48 0.92 0.63

Halle Institute 1.49 0.22 1.39 0.24 1.58 0.45

Hamburg Institute 0.24 0.63 0.67 0.41 0.74 0.69

IMF, autumn 0.07 0.79 0.65 0.42 5.59 0.06

IMF, spring 2.59 0.11 0.00 0.97 2.89 0.24

Joint Forecast, autumn 0.03 0.87 0.81 0.37 2.17 0.34

Joint Forecast, spring 0.04 0.83 0.70 0.40 0.89 0.64

Kiel Institute 0.00 0.99 1.39 0.24 3.72 0.16

Munich Institute 0.49 0.49 0.67 0.42 0.81 0.67

OECD 0.43 0.51 1.35 0.24 2.07 0.36

Trade Union Institute 0.09 0.77 0.82 0.37 2.08 0.35

Pooled data 0.40 0.53 11.33 0.00 20.42 0.00

Inflation forecasts

Berlin Institute 5.02 0.03 2.79 0.09 5.04 0.08

Council of Economic Advisers 5.68 0.02 6.62 0.01 6.39 0.04

Employers Institute 1.33 0.25 2.02 0.16 2.02 0.36

Essen Institute 6.82 0.00 4.11 0.04 11.32 0.00

European Commission, autumn 6.39 0.01 5.52 0.02 6.38 0.04

European Commission, spring 2.16 0.14 0.24 0.62 2.28 0.24

Government’s Economic Report 3.46 0.06 0.77 0.38 4.67 0.09

Hamburg Institute 5.11 0.02 4.23 0.04 5.14 0.07

IMF, autumn 2.96 0.08 1.06 0.30 3.38 0.21

IMF, spring 2.66 0.10 2.98 0.08 3.15 0.21

Joint Forecast, autumn 6.21 0.01 5.50 0.02 6.21 0.04

Joint Forecast, spring 1.35 0.24 1.27 0.26 1.57 0.46

Kiel Institute 8.70 0.00 6.37 0.01 10.37 0.01

Munich Institute 3.21 0.07 2.19 0.13 3.22 0.20

OECD 0.92 0.33 0.59 0.44 0.92 0.63

Trade Union Institute 5.29 0.02 1.89 0.17 6.25 0.04

Pooled data 60.84 0.00 47.98 0.00 61.94 0.00

Legend: Model 2: Constant and lagged forecast errors. Model 3: Constant and lagged variable. Model 4: Constant, lagged forecas
lagged variable.

Table 5. Joint test for forecast rationality and loss function (J-test),
lin-lin function, 1970 to 2007 (cont.)

J-test (Model 2) p-value J-test (Model 3) p-value J-test (Model 4) p-valu
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the test does not tell anything about this. However, the results reported for similar tests

based on the assumption of a quad-quad loss function yield a similar picture: again, there

are very few results, if any at all, pointing to the rejection of the null for the growth forecasts,

but the inflation forecasts fail to achieve rationality under this particular loss function.

Hence, the rationality of growth forecasts is generally supported by the J-test while the

rationality of the inflation forecasts is much more in doubt. It is noteworthy that the null of

rationality of inflation forecasts is more frequently rejected when the lagged forecast errors

are used as instruments (i.e., Models 2 and 4), implying that the orthogonality condition

between actual and lagged forecast errors does not hold. This finding corresponds to the

high positive autocorrelation of the inflation forecast errors frequently reported in the

literature (see Döpke and Fritsche, 2006, and the papers cited therein).

Turning to the results based on pooled data, we find that growth forecast errors appear

to be orthogonal to own past forecast errors (Model 2), for both pooled and individual

forecasts. Furthermore, the pooled estimates provide decisive evidence against the

forecast rationality when we include lagged GDP in the IV set, contradicting the results

based on individual GMM estimations.

In the case of inflation, we have decisive rejection of forecast rationality for all IV sets,

corroborating most evidence from individual GMM. Observe that the magnitude of pooled

J-test statistics for inflation by far exceeds that of growth forecasts, which is also in line

with the stronger evidence against forecast rationality observed from individual J-tests.

3. Conclusion
The paper analyses the degree of asymmetry of German business cycle forecasts,

namely, growth and inflation forecasts covering the 1970-2007 period and up to 17 different

forecasting institutions. We find the forecasts to be mostly symmetric, with only few

exceptions. The point estimates of the degree of asymmetry are not systematic in any

respect: some forecasters seem to have incentives for overly pessimistic forecasts, others for

overly optimistic forecasts. There is a general tendency for inflation forecasts to be biased.

The results appear to be not fully robust against the choice of the instruments warranted to

estimate the loss function with a GMM approach. We also investigate the rationality of the

forecasts at hand. To this end, we rely on the assumption of a symmetric loss function, but

also make use of approaches based on an asymmetric or even flexible loss function. In a

nutshell, we find that neither a specifically asymmetric loss function nor the assumption of

a generalised loss function alters, by any significant amount, the findings for growth

forecasts obtained under a symmetric loss function. However, the results of the test

proposed by Elliot et al. (2005) obtain contrary results for inflation forecasts – which indicates

that it matters under which loss functions we test. We can detect decisively an asymmetric

loss function in case of GDP forecasts (tendency to produce overly optimistic forecasts) only

for a quad-quad loss function. Hence, using a different metric in forecast assessment leads

to different conclusions.

As regards the question of forecast (ir-)rationality, we find virtually no hint of

irrationality of growth forecasts as long as we refer to single institutions. By pooling the

data, however, we obtain the opposite conclusion, i.e., growth forecasts appear to be

irrational as long as lagged GDP growth is included in the set of instruments. For inflation

forecasts, the conclusions based on individual J-tests mostly agree with those obtained by

pooling the data. Our results extend, therefore, previous research, which found growth
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forecasts to be inefficient in the case of a more general assumption regarding the

underlying loss function and of inflation forecasts (see, e.g., Dovern and Weissner, 2008;

Osterloh, 2008; and Ager et al., 2009).

Given the results of this paper, some further research may be required. First, it should

be verified whether data with a higher frequency may alter results. Having more data may

help estimate the asymmetry parameter with greater precision and, hence, lead to more

cases of a significant degree of asymmetry. Second, it may be worthwhile to estimate the

asymmetry parameter for government in order to compare it with the values for the

forecasters. It is plausible to assume that political entities have different loss functions

from forecasters which may, in turn, explain some of the negative reputation of business

cycle forecasts in public opinion.

Notes

1. Realisations are denoted by y and forecasts by .

2. For Model 1 there exists a closed-form solution to equation (2), implying that under the lin-lin
function the estimate of the asymmetry parameter equals the share of negative forecast errors.

3. In case of the quad-quad loss function, the share of sum of negative forecast errors in total sum of
both positive and negative forecast errors is relevant. For example, in the case of growth forecasts,
we have a sum of negative forecast errors of –379.85 and a sum of positive forecasts errors of
235.80, which gives 379.85/(379.85 + 235.80) = 0.617 in the case of Model 1. The respective numbers
for the inflation forecasts are –179.50 (sum of negative forecast errors) and 181.45 (sum of positive
forecast errors), which leads to 179.5/(179.5 + 181.45) = 0.497 for Model 1.

References

Artis, M. and M. Marcellino (2001), “Fiscal Forecasting: The Track Record of the IMF”, OECD and EC,
Econometrics Journal, No. 4, pp. 20-36.

Ager, P., M. Kappler and S. Osterloh (2009), “The Accuracy and Efficiency of the Consensus Forecasts: A
Further Application and Extension of the Pooled Approach”, International Journal of Forecasting,
No. 25, pp. 167-181.

Batchelor, R. and D. Peel (1998), “Rationality Testing under Asymmetric Loss”, Economics Letters, No. 61,
pp. 49-54.

Blinder, A.S. (1998), “Central Banking in Theory and Practice”, Cambridge, MIT Press.

Christodoulakis, G. and M. Mamatzakis (2008), “An Assessment of the EU Growth Forecasts under
Asymmetric Preferences”, Journal of Forecasting, No. 27, pp. 483-492.

Christodoulakis, G. and M. Mamatzakis (2009), “Assessing the Prudence of Economic Forecasts in the
EU”, Journal of Applied Econometrics, No. 24, pp. 583-606.

Christoffersen, P.F. and F.X. Diebold (1997), “Optimal Prediction under Asymmetric Loss”, Econometric
Theory, No. 13, pp. 808-817.

Dovern, J. and J. Weisser (2008), “Are They Really Rational? Assessing Professional Macro-Economic
Forecasts from the G7-Countries”, Kiel Working Papers, No. 1447, Kiel Institute for the World
Economy, Kiel.

Döpke, J. (2000), “Haben Konjunkturprognosen einen politischen Bias?”, Schmollers Jahrbuch – Zeits-chrift
für Wirtschafts- und Sozialwissenschaften, No. 120, pp. 587-620.

Döpke, J. and U. Fritsche (2006), “Growth and Inflation Forecasts in Germany: A Panel-based
Assessment of Accuracy and Dispersion”, Empirical Economics, No. 31, pp. 777-798.

Elliot, G., I. Komunjer and A. Timmermann (2005), “Estimation and Testing of Forecast Rationality
under Flexible Loss”, Review of Economic Studies, No. 72, pp. 1107-1125.

Elliot, G., I. Komunjer and A. Timmermann (2008), “Biases in Macroeconomic Forecasts: Irrationality or
Asymmetric Loss?”, Journal of European Economic Association, No. 6, pp. 122-15.

ŷ
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Whether growth is viewed as exogenous or endogenous, standard growth models imply

that economies are converging towards a steady-state equilibrium path in which capital and

output grow at the same rate. Given that shocks to productivity are the main source driving

the economy in the long run, the consumption-to-output and the investment-to-output

ratios, usually called “big ratios”, are constant along the balanced growth path. Hence,

economic fluctuations cause big ratios to oscillate without altering their long-run

equilibrium values, which are determined by (time-invariant) structural parameters. By

modelling permanent productivity shocks as random walks with drift, King et al. (1991) show

that the time series of consumption, investment and output (in logs) can be represented by

stochastic processes which are integrated and cointegrated. In this setup, the big ratios are

long-run economic relationships estimated by cointegrating vectors.

In general, cointegration methodology allows the testing of long-run implications of the

model. The analysis should be based on long time series in order to obtain meaningful

empirical results from an economic point of view. The data requirement, however, may be at

odds with the revision practice of statistical offices (for a survey of real-time data analysis,

see Croushore, 2010). McKenzie (2006) analyses revisions of gross domestic product (GDP),

index of industrial production and retail trade volume for OECD countries and selected non-

member economies. He shows that revisions to growth rates are substantial in all countries

and become larger the longer the period from the first published estimate. One reason may

be that every five years or so, national accounts are subject to substantial revisions, altering

measurement principles and survey methods (henceforth called benchmark revisions). Even

a pure base year shift may alter the growth rates of real variables, if measured under the

fixed-weight methodology, because the price structure of the base year defines the weighting

scheme of the aggregates (see Croushore and Stark, 2001).

In order to mitigate the effects of benchmark revisions, most authors use growth rates.

To avoid statistical breaks due to benchmark revisions, economic indicators are usually back-

calculated on the basis of new accounting standards. By using growth rates, however,

valuable information will be lost. On the one hand, Croushore and Stark (2003) use spectral

analysis to investigate benchmark revisions. In general, they conclude that they cannot

characterize these revisions as white noise or as a particular autoregressive integrated

moving average (ARIMA) process. They tend to be idiosyncratic and are hard to predict. On

the other hand, Jacobs and Sturm (2008) decompose the whole revision into its components.

Benchmark revisions are an important part of revisions. Moreover, Siklos (2008) examines

the relation between data releases for US macroeconomic aggregates, which is tested by

cointegrating relationships. He shows that cointegration breaks down in the last two years

before benchmark revisions. Nevertheless, it is not widely known that benchmark revisions

can also change the parameter estimates of long-run economic relationships (see Knetsch

and Reimers, 2006, 2009). This unpleasant result implies that the cointegration analysis

performed to determine whether the big-ratio hypothesis of balanced growth models holds

may principally be affected by pure statistical measurement issues.
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In 1999, the pan-European accounting standards set out in the European System of

Accounts (ESA) 1995 were generally implemented in German national accounts (see Bleses

et al., 1999). This benchmark revision adopted, inter alia, the NACE rev.* classification of

economic sectors, substantively altered the definition of investment categories and

referred real economic indicators to the new base year, 1995. The next benchmark revision

took place in 2005. Further ESA 1995 requirements were fulfilled in measuring real

economic variables in the previous year’s prices (instead of constant prices of a given base

year), assigning financial intermediation services to end users and expanding the

application of hedonic approaches to quality adjustment in price measurement (see

Braakmann et al., 2005). In the course of both benchmark revisions, the Statistische

Bundesamt not only recalculated the time series back to the first quarter of 1991, but also

provided statistically (almost) corresponding data for western Germany between the first

quarter of 1970 and the fourth quarter of 1991. The adjustment, however, was not complete

in every detail. Owing to lack of primary information, it was not possible to construct

hedonic price indices before 1991, for instance.

The paper examines whether these benchmark revisions affect the empirical

measurement of big ratios in German national accounts. While cointegration analysis gives

support to the existence of a stable consumption-to-output ratio under either accounting

regime considered, this is not the case for the investment-to-output ratio. For one thing,

business investment and GDP turn out to be cointegrated, but the estimated cointegrating

vector is far from meeting the big-ratio restriction. For another, estimates differ greatly

when performed with data of the various measurement regimes. In the terminology

introduced by Knetsch and Reimers (2009), the benchmark revisions are not innocuous

with respect to the long-run economic relationship between business investment and GDP.

The reason for the conflicting evidence on consumption and investment may be

caused by the fact that, among the broad expenditure aggregates, the concept and

measurement of investment was most strongly revised by the benchmark revisions under

consideration. It might also be of relevance that the consumption share in output is

considerably larger than the corresponding investment share. This suggests that, by a pure

arithmetic argument, methodological changes affecting private consumption influence

GDP quite similarly, while a corresponding impact through investment is limited.

The remainder of the paper is organized as follows. In Section 1, the economic

background and an overview of the literature are given. In Section 2, the empirical analysis

is presented. Section 3 concludes.

1. Theoretical background and existing evidence
Within the basic neoclassical growth theory of a one-sector economy following Solow

(1956), output ( ) is generated from a constant returns to scale Cobb-Douglas production

function

where  and  denote the capital stock and labour input, respectively, and  is the total

factor productivity. The assumption of constant returns to scale allows us to employ the

production function in intensive form or in the corresponding per capita version.

* NACE is the acronym for Nomenclature général des activités économiques dans les Communautés
européennes.

Yt

Y K Lt t t t= −l g g1 , (1)

Kt Lt lt
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Considering a deterministic trend results in steady-state growth if some assumptions

concerning preferences, capital accumulation and resource constraints hold. To form the

neoclassical growth model under uncertainty, the total factor productivity is characterized

as a random walk process with deterministic drift term (Brock and Mirman, 1972;

Donaldson and Mehra, 1983). Under uncertainty, the neoclassical model results in

balanced growth, implying a common growth rate. Since factor productivity has a random

walk with drift representation, the logarithms of output, consumption and investment are

integrated of order one and share a common stochastic trend (King et al., 1991). The

logarithmic growth ratios  and  follow stationary stochastic processes. The

variables  and  (  and ) are cointegrated. The growth ratios imply a linear restriction

that can be tested within a cointegration framework. If  and  are

stationary, the two hypotheses of interest are  and , respectively.

Adopting the suggestion of King et al. (1991), researchers have analyzed the hypothesis

for other countries. Overall, the evidence for stationarity is mixed (see Attfield and Temple,

2006, and their cited literature). For example, Serletis and Krichel (1995) examine ten OECD

countries and often reject the null hypothesis. More positive is Harvey et al. (1998), who

provide evidence in favor of cointegration for a few countries, whereas Clemente et al.

(1999) often reject the hypothesis. This evidence changes when structural breaks are

included in the model specification. Then, the number of rejections increases. Accounting

for the German unification as a structural break, Trenkler, Saikkonen and Lütkepohl (2006)

find evidence of a cointegrating relationship when analysing German data for the

period 1960Q1 to 2005Q4. Herwartz and Reimers (2002) study the G7 countries for

the period 1970Q1 to 1997Q4 and find evidence for cointegration but reject the one-to-one

relationship. Attfield (2003) presents some evidence for a balanced growth hypothesis in

some 15 EU countries. In a study on the three largest euro area countries, Knetsch (2006)

finds evidence of long-run economic relationships between private consumption and GDP,

as well as business investment and GDP for Germany and France, even though the big-ratio

hypothesis does not appear to be met in any case.

Attfield and Temple (2006) argue that the great ratios depend on structural

parameters. In their model, these parameters are the rate of technical progress, the

depreciation rate, the intertemporal elasticity of substitution and the discount factor.

Changes in these parameters can have substantial effects on the big ratios. For example,

the investment ratio is increasing in the discount factor and the depreciation rate. The

broader use of hedonic price measures may shift real investment upward and raise the

depreciation rate. Therefore, they suggest using nominal variables to conduct the analysis.

Systems cointegration tests are helpful in revealing inconsistencies across vintages.

Differencing and rebasing, often used to adjust for benchmark revisions, are generally not

sufficient to ensure consistent real-time macroeconomic data. Vintage transformation

functions estimated by cointegrating regressions are more flexible. Inappropriate

conversion may cause observed revision statistics to be affected by nuisance parameters

(see Knetsch and Reimers, 2009). 

2. Empirical analysis

2.1. The data

The German national account data are collected by the Federal Statistical Office,

Wiesbaden. They are updated on a quarterly basis. This consists of adding a new figure at

c yt t− i yt t−
ct yt it yt

c yt t+ b1 i yt t+ b2

H0 1 1: b = − H0 2 1: b = −
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the end of the series six to eight weeks after the end of the reporting quarter and revising

some figures that have already been published. The revisions may be necessary for the last

quarters of the past two to three years. The vintages of the series may be stored next to

each other in chronological order, creating matrices that contain the real-time data sets of

the economic variables (see Table 1). In this structure, the reporting quarters are in rows,

while the vintages are in columns. In contrast to the term “vintage”, which measures the

time series at a specific publication date, we use the term “release” to denote the issue of

the quantity ascribed to a specific reporting period. In the matrix scheme, the time series

collecting specific releases are found in diagonals (see Golinelli and Parigi, 2005, pp. 3-4, for

an overview of the terminology).

In Table 1, “F” denotes final values and “B” indicates benchmark revisions. The

benchmark revision partitions the matrix. From a “B” onwards up to the next “B”, the real-

time data considered in the analysis are homogenous with regard to the benchmark

revisions. This characteristic allows us to analyze a transformation method which may

adjust for this statistical break in the vintage dimension. It is worth noting that Hecq and

Jacobs (2009) propose investigating the diagonals of this matrix. In our paper we stick to

relations of special verticals.

To analyze the great ratio hypothesis for Germany, three vintages are investigated.

These final data series from the database of the Deutsche Bundesbank – real gross domestic

product (Y), real consumption (C) and real business investment (I) – are seasonally adjusted.

Moreover, the series are recalculated so that the implied deflators are 100 in the year 1991.

Table 1. Structure of real-time data of GDP

Reporting 
quarter

Publishing quarter

03:1 03:2 03:3 03:4 04:1 04:2 04:3 04:4 05:1 05:2 05:3 05:4 06:1 06:2 06:3 06:4 07:1

01:1 8 9 . . . . . . F B F F F F F F F

01:2 7 8 9 . . . . . F B F F F F F F F

01:3 6 7 8 9 . . . . F B F F F F F F F

01:4 5 6 7 8 9 . . . F B F F F F F F F

02:1 4 5 6 7 8 9 . . F B . . F F F F F

02:2 3 4 5 6 7 8 9 . F B . . F F F F F

02:3 2 3 4 5 6 7 8 9 F B . . F F F F F

02:4 1 2 3 4 5 6 7 8 9 B . . F F F F F

03:1 1 2 3 4 5 6 7 8 B . . . . . . F

03:2 1 2 3 4 5 6 7 B 9 . . . . . F

03:3 1 2 3 4 5 6 B 8 9 . . . . F

03:4 1 2 3 4 5 B 7 8 9 . . . F

04:1 1 2 3 4 5 6 7 8 9 . . .

04:2 1 2 3 4 5 6 7 8 9 . .

04:3 1 2 3 4 5 6 7 8 9 .

04:4 1 2 3 4 5 6 7 8 9

05:1 1 2 3 4 5 6 7 8

05:2 1 2 3 4 5 6 7

05:3 1 2 3 4 5 6

05:4 1 2 3 4 5

06:1 1 2 3 4

06:2 1 2 3

06:3 1 2

06:4 1
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To eliminate the structural break at the beginning of the 1970s due to first oil price shock,

the data start in 1975Q1. The first data set ends in 1998Q4, which is indexed by 91; the

second (third) data set covers 2004Q4 (2006Q2) and is indexed by 95 (00), respectively.

Figure 1 (2) shows the consumption-output (CY) ratio (investment-output (IY) ratio),

where abbreviations are completed by the indicator of the base year. The three graphs of

the CY ratios include a jump in 1991Q1 due to German unification. This jump seems to be

a level shift of the series. The difference between the CY91 and CY95 series seems to be

small, whereas the CY00 is always higher than the two other series. This may be explained

by the change in accounting for financial intermediation services indirectly measured

(FISIM). In the CY00 series this change raises consumption and, as an arithmetical

consequence, also GDP, but by a smaller factor (see Eichmann, 2005). In the past 15 years,

the consumption ratio fluctuates around 58%. In the period from 2004 to 2006, it falls to

below 56%. The graphs of the IO ratios also exhibit a clear jump in 1991Q1 due to German

unification. However, there is a strong decline of the ratios in 1993. The IY95 is always higher

than the IY91, whereas the IY00 is higher than the IY95 after 1996 and lower before 1990.

2.2. Cointegrating property of final data sets

To test the big ratio hypothesis for the different final data sets, the Saikkonen and

Lütkepohl (2000) procedure is used. This approach provides a framework in which it is

possible to test directly the hypothesis of interest that a cointegrating relationship exists

with a mean shift in the cointegrating relation. The break point is known as 1991Q1. It is

modelled by a shift dummy, which is unity up to the first quarter of 1991 and zero elsewhere.

Because the residuals of the systems show an outlier in the first quarter of 1991, the tests are

Figure 1. The consumption-output ratios of different final data sets
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additionally presented for systems including a shift dummy and an unrestricted impulse

dummy, where the first quarter of 1991 is unity and zero elsewhere. To be consistent with a

final data set, the samples used for tests and estimates are shortened in all cases. The first,

second and third data sets end at 1995Q4, 2001Q4 and 2004Q4, respectively. Before testing

the cointegrating property of the system, its lag order has to be determined. We apply

information criteria such as the Akaike (AIC), the Hannan-Quinn (HQ) and the Schwarz

criterion (SC) (see Lütkepohl, 2005, Chap. 4). Table 2 and 3 report the estimates of the lag

orders which minimize the criteria for unrestricted VARs in levels taking the lag orders

. The unrestricted VARs include a constant and a shift dummy. The lag order

criteria suggest a lag order of one. In all cases, the null hypothesis of no cointegration is

rejected at the 1% level. These results are also obtained if the systems additionally contain

an unrestricted impulse dummy (see Table 2 for consumption-output ratios, CY ).

To estimate the parameters of the cointegrating relationships, the shift dummy and an

unrestricted impulse dummy, a simple two-step procedure is implemented using JMulti

software (see Lütkepohl, 2004, pp. 103-05). Table 2 presents the long-run estimates of the

system in equation form and some diagnostic statistics of the consumption-output relation.

Standard errors are given in brackets below the parameter estimates. The long-run

coefficient of the first system (CY91) is not significantly below unity at the 5% level. Moreover,

the shift dummy is significantly different from zero. German unification raises consumption.

The null hypothesis of  is checked in the system via a Wald test. The test statistic

is asymptotically -distributed, where the number of restrictions determines the degree of

freedom. The null hypothesis is not rejected at the 5% level. The same evidence is found for

the second system (CY95). However, for the third system (CY00) the long-run coefficient is

found to be less than one. This result is at odds with the big-ratio hypothesis.

Figure 2. The investment-output ratios of different final data sets
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Turning to the investment-output relation, we consider two cases for each system (see

Table 3). While the SC and HQ suggest a lag order of one, the AIC opts for a lag order of six.

In all cases, the null hypothesis of no cointegration is rejected at the 1% level. For the first

system (IY91), the long-run coefficient is greater than unity. The null hypothesis of a unity

coefficient is rejected at the 5% test level for both cases. The shift dummy shows a

reduction in the investment share and this coefficient is significant at the 5% level for a

VAR lag order of one. For the system IY95 with the parsimonious lag cycles choice, the unity

hypothesis for  is not rejected at the 5% level. Using the higher lag order, the null

hypothesis is rejected at the 5% level. The two-standard-error confidence interval of the

coefficient of the shift dummy includes zero in this case. For the last system (IY00), the null

hypothesis of  in the system is clearly rejected. Analyzing the higher lag order, the

Table 2. Test results of vector autoregressive models for consumption and output

System
Information 
base

Lag order
SL-test 
p-value

Cointegrating relation
LB(16) 
p-value

LM(5) 
p-value

CY91 1975Q1- AIC = 1 0.685 0.328

1995Q4 HQ = 1

SC = 1

CY95 1975Q1- AIC = 1 1.000 0.792

2001Q4 HQ = 1

SC = 1

CY00 1975Q1- AIC = 1 1.000 0.669

2004Q4 HQ = 1

SC = 1

Notes: SL-test: Saikkonen-Lütkepohl test for cointegration including shift dummy and impulse dummy (s.dum +
i.dum). Below the estimates are standard errors in parentheses. LB(16): Adjusted Portmanteau test for autocorrelation
up to 16 lags. LM(5): Lagrange-Multiplier-test up to 5 lags. Null hypothesis using a Wald-test. p-values in
parentheses below the test statistic.
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Table 3. Test results of vector autoregressive models for investment and output

System
Information 
base

Lag order
SL-test 
p-value

Cointegrating relation
LB(16) 
p-value

LM(5) 
p-value

IY91 1975Q1- AIC = 6 1.000 0.982

1995Q4 HQ = 1 1.000 0.577

SC = 1

IY95 1975Q1- AIC = 6 1.000 0.998

2001Q4 HQ = 1 0.999 0.812

SC = 1

IY00 1975Q1- AIC = 6 0.999 0.932

2004Q4 HQ = 1 0.959 0.186

SC = 1

Note: See Table 2.
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null hypothesis is rejected at the 5% level. This result is in line with the shown investment-

output ratio of Figure 2, which is much lower on average in the mid-1970s than in the more

recent period. This finding contradicts the big-ratio hypothesis. The result is consistent

with evidence in Herwartz and Reimers (2002). Following Temple (1999) or Mankiw, Romer

and Weil (1992), the rejection of growth ratio hypotheses may be addressed to the

definition of investment applied in national accounts, which does not take human capital

into account.

Because the last final data set incorporates to a greater degree the application of

hedonic approaches to capture quality chances in price measurement (see Braakmann

et al., 2005), it improves the data quality. This implies, on the one hand, that the old data

set does not reflect the actual economic knowledge. There are features in the evolving

economy that are increasingly poorly reflected by the old methods. On the other hand, it

was not possible to construct hedonic price indices before 1992. The data improvement

sticks to one part of the data set. Therefore, the new data set is a mixture of old and new

measurement techniques.

In general, we see that the evidence for the big ratio hypothesis seems also to depend

on the final data set used. Therefore, it is necessary to check empirical results against

alternative vintages.

2.3. Vintage relationship

In real-time data sets, benchmark revisions may induce a statistical break between

vintages before and after the date of conversion (see Siklos 2008). Hecq and Jacobs (2009)

diagnose a co-break in the series of revisions. To eliminate this property, differencing and

rebasing are well-known strategies. We follow Knetsch and Reimers (2009) to estimate

vintage transformation functions between different vintages. The transformation function

is modelled as the affine relationship

where  is the series after the benchmark revision and  is the series before the

benchmark revision; a0 and a1 are scalars; and  is a residual process with zero mean and

variance . It is worth stressing that (2) is a cointegrating regression because the series of

interest are I(1). The series  and  are both final releases, only differing with respect to

the base year. The rebasing method implies unit elasticity of the transformation function

. This implication is tested empirically. Given that the long-run relationships between

consumption and output, as well as between investment and output, are subject to a

structural break in 1991Q1, we include the shift dummy. The new relationship is

where St is a break dummy or shift dummy.

We start the analysis by determining the lag orders of the underlying VARs. The AIC

chooses comparably long lag lengths, leading to overparametrized models, especially in

the case of investment ( ). In the consumption-output case, the HQ and the SC,

however, opt for the lag order 1. The latter choice is confirmed by diagnostic checks, which

indicate the absence of residual autocorrelation of order 5 (see Table 4). The SL test

x t a a x t t( ) ( ) ( )= + +0 1 x (2),

x t( ) x t( )
x( )t

s x
2

x t( ) x t( )

a1 1=

x t a a S a x ts
t t( ) ( )= ′ + + ′ + ′0 0 1 z (3),

I I91 95−
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statistics are reported in Table 5. The null hypothesis of no cointegration can be rejected for

the lag order 1. Power erosion might be the reason the SL test is unable to reject the null for

the long AIC lag lengths. It is worth noting that the inclusion of an unrestricted impulse

dummy does not change the evidence in favour of one cointegrating relationship.

The transformation functions are estimated by the cointegration procedure of

Saikkonen and Lütkepohl (2000). The estimates are given in Table 5. For the consumption

case, the estimates  are close to unity. Nevertheless, the null hypothesis of unity

elasticity is rejected for the C91, C95 case, but not for the C95, C00 case. For the output series,

the results point in the same direction. The results of the investment series show a

different picture. In the case I91, I95 the coefficient  is less than unity. The null hypothesis

of unity is rejected at the 1% level. This hypothesis is also rejected for the case I95, I00.

However, the coefficient is greater than unity. First, it indicates that the more recent data

collection framework may imply a higher real investment than the former framework due

to the use of hedonic price indices. Second, these results indicate that rebasing or

backwards calculation using former growth rates is inappropriate for investment series

from a statistical point of view.

Knetsch and Reimers (2009) extended the vintage analysis by the concept of

innocuousness, which they define as follows: A benchmark revision is said to be innocuous

with regard to long-run economic relationships estimated by cointegration regressions if

Table 4. Results of the cointegrating relationship of the 
transformation relationship

System
Information 
base

Lag order
S& L 

p-value
Estimates

LB(16) 
p-value

LM(5) 
p-value

C91 1975Q1 AIC = 6 0.964 0.501

C95 1995Q4 HQ = SC = 1 0.999 0.574

C95 1975Q1 AIC = 3 0.999 0.063

C00 2001Q4 HQ = SC = 1 0.966 0.029

Y91 1975Q1 AIC = 1 1.000 0.812

Y95 1995Q4 HQ = SC = 1

Y95 1975Q1 AIC = 5 1.000 0.000

Y00 2001Q4 HQ = SC = 1 0.999 0.094

I91 1975Q1 AIC = 8 0.817 0.652

I95 1995Q4 HQ = SC = 4 1.000 0.990

I95 1975Q1 AIC = 6 0.952 0.000

I00 2001Q4 HQ = SC = 2 1.000 0.604

Notes: Cointegration test according to Saikkonen and Lütkepohl (2000) with known break 1991Q1. Break modelled by
a shift dummy and impulse dummy (s.dum + i.dum). Estimated long-run relationship, where the system includes a
shift dummy up to 1991Q1 in the long-run relation and an unrestricted impulse dummy for 1991Q1. Standard errors
in parentheses. Other notes: see Table 2.
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the affine vintage transformation functions of the economic variables involved are

equivalent (Knetsch and Reimers, 2009, p. 218). The innocuousness hypothesis requires

that the vintage transformation functions share the same coefficients, where deterministic

elements restricted to the cointegration space are ignored at this moment. Therefore, two

bivariate systems are put together to obtain a system of four variables. Let the long-run

economic relationship be described by the cointegrating relation  and the

vintage transformation functions be modelled by (3) and

where the two versions  and  of the second variable, the scalars ,  and  and the

residuals  are defined by analogy to (3). The cointegration space of the enlarged

system comprises three cointegrating relations, represented by

in matrix notation. This structure is exactly identified, while the innocuousness

hypothesis  and , which is denoted as strong innocuousness, imposes two

over-identifying restrictions in this case. The weak innocuousness hypothesis is given as

. Linear restrictions on the cointegration space can be tested by an LR test, which is

asymptotically -distributed. In the example at hand, two (one) overidentifying

restrictions are involved. Therefore the limiting distribution is . As the

restrictions span cointegrating vectors, Boswijk’s switching algorithm has to be applied

(see Boswijk and Doornik, 2004, Section 4.4).

The tests of the innocuousness hypothesis are shown in Table 5. The table gives the

lag order of the VARs in the third column and the results of the cointegration test of

Saikkonen and Lütkepohl (2000) in the fourth column. For the first system, the
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Table 5. Results for the innocuousness hypothesis

S&L Rang Test of innocuousness hypotheses
System Information base Order test spec. Strong Weak

C91, Y91, C95, Y95 1975Q1-1995Q4 AIC = HQ = SC = 1 3 3

C95, Y95, C00, Y00 1975Q1-2001Q4 HQ = SC = 1 1

AIC = 5 1

I91, Y91, I95, Y95 1975Q1-1995Q4 AIC = HQ = SC = 1 3 3

I95, Y95, I00, Y00 1975Q1-2001Q4 SC = HQ = 1 2 3

AIC = 7 2 3

Notes: S&L: Cointegration test of Saikkonen and Lütkepohl (2000), where the 5% test level is applied; Rang spec.:
Specification of cointegration rang to test the innocuousness hypotheses.
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cointegration rank of three is confirmed. The strong version of innocuousness is rejected,

whereas the weak version is not rejected at the 5% level. For the second system, the

cointegration rank is not confirmed. The S&L-test indicates a rank of 1% at the 5% level.

This gives a hint that the results of the bivariate processes are not found in the

comprehensive model. Hypothesis tests for cointegrating space of rank 3 are not

reasonable. Turning to the system involving investment, the cointegration rank of three is

confirmed. The innocuousness hypothesis is rejected in both versions at the 5% level. In

the fourth system, the S&L test indicates a cointegration rank of two. Conducting the test

for innocuousness, which relies on a cointegrating rank of three, the null hypothesis is

rejected at the 1% level. This indicates that the linear transformation functions are not

sufficient to describe the changes between the vintages.

To illustrate the implications of the distinct vintage transformation functions, they

can be used to connect the consumption-output and investment-output relations of the

different final data sets. The results of such an exercise are given in Table 6. The

transformation functions are substituted in subsequent consumption-output (investment-

output) relationships in order to obtain the former cointegrating relationship. The results

show that the shift from the base year 1991 to base year 1995 for the consumption-output

relation can be explained to a very large extent by the transformation functions. In contrast

to the four-dimensional system, the linear transformation function helps to explain the

difference in the investment-output relation. Turning to the second case, introducing

the linear transformation functions results in long-run coefficients, which diverge

substantially from the former estimated values. Linear transformation functions do not

seem to be sufficient to explain the coefficient shifts. The evidence fits the results of the

four-dimensional analysis.

Table 6. Importance of the linear transformation for the linear relationships

Base year 1991 against base year 1995 Base year 1995 against base year 2000

Consumption-output relation

Target – estimated:

Estimated:

Estimated:

Estimated:

Implicit:

Interpretation: Helps Does not help

Investment-output relation

Target – estimated:

Estimated:

Estimated:

Estimated:

Implicit:

Interpretation  Helps  Does not help

C Y91 910 953= ⋅. C Y95 950 970= ⋅.

C Y95 950 970= ⋅. C Y00 000 936= ⋅.

C C95 911 038= ⋅. C C00 951 008= ⋅.

Y Y95 911 025= ⋅. Y Y00 951 031= ⋅.

C Y91 91
0 970
1 038

1 025= ⋅.
.

. C Y95 95
0 936
1 031

1 008= ⋅.
.

.

C Y91 910 958= ⋅. C Y95 950 915= ⋅.

I Y91 911 700= ⋅. I Y95 951 503= ⋅.

I Y95 951 503= ⋅. I Y00 001 826= ⋅.

I I95 910 849= ⋅. I IPY = ⋅1 190 95.

Y Y95 911 025= ⋅. Y Y00 951 031= ⋅.

I Y91 91
1 503
0 849

1 025= ⋅.
.

. I Y95 95
1 826
1 031

1 190= ⋅.
.

.

I Y91 911 815= ⋅. I Y95 952 108= ⋅.
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3. Conclusion
In this paper, we have tested empirically the implications of balanced growth and

stochastic growth theory, using three different final data vintages for Germany. We find the

cointegration property of all three consumption output systems and the investment output

systems. For the first two data collection regimes, the big-ratio hypothesis of consumption

and output is confirmed. The implied long-run coefficient restriction is rejected for the

most recent vintage and for all investment output systems. The evidence shows that the

results depend on special data sets. Therefore, researchers should use alternative vintages

to check their empirical results.

Adopting an affine linear transformation function explains changes in the

consumption-output and investment-output relation from the first final data vintage to

the second final data vintage. However, this model is not sufficient to explain the relation

between the second and third final vintage. The new data collection framework makes

more intensive use of the hedonic price index, which may demand a nonlinear

transformation function. Moreover, the chain price index may also explain the difference

from a statistical point of view. In general, our results indicate that rebasing or backwards

calculation using former growth rates is inappropriate for investment series to construct

long historical time series.

The more general conclusion of our study may be that real-time data analysis should

incorporate an initial step consisting of tests of benchmark revisions if a backward

calculation is necessary to describe the implications of the benchmark revisions for the

series. With respect to econometric modelling, understanding them may prevent

misspecifications and, with regard to the analysis of regular revisions, may protect the

researcher from the risk that results are adversely affected by an incongruent real-time

data set.
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