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In 2010, the OECD launched a horizontal project on New Sources of Growth: Knowledge-Based Capital (KBC). 
The outcomes of the first phase (KBC1) provide evidence of the impact on growth, and the associated policy 
implications, of knowledge-based capital (KBC) comprising a range of assets including i) intellectual property (e.g. 
patents, trademarks, copyrights, trade secrets, designs); ii) digital information (e.g. data and analytics); and iii) 
economic competencies (e.g. organisational capital). 

The second phase of the project (KBC2), which started in 2013 under the auspices of the OECD Committee on 
Digital Economy Policy (CDEP), aims to focus on a number of specific forms of KBC such as in particular data and 
analytics.  

This preliminary synthesis report summarises the main interim findings of the second phase of the OECD project 
on New Sources of Growth: Knowledge-Based Capital with a focus on data and analytics (KBC2: DATA, 

http://oe.cd/bigdata). It is based on the chapters that will be published in the OECD (2015) report on “Data-Driven 
Innovation for Growth and Well-Being” (see Annex). 

The report serves as background document for the discussions at the fourth meeting of the OECD Global Forum 
on the Knowledge Economy (GFKE) to be held in 2-3 October 2014 in Tokyo, Japan (www.gfke2014.jp). A further 

revised and updated version of this report will be prepared taking into account the discussion at the GFKE. 
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SUMMARY AND INTERIM POLICY CONCLUSIONS 

Data-driven innovation and its contribution to economic growth 

1. For many businesses and governments across OECD and its Partner economies, techniques and 

technologies for processing and analysing large volumes of data, which are commonly known as “big 

data”, are becoming an important resource that can lead to new knowledge, drive value creation, and foster 

new products, processes, and markets. This trend is further referred to as “data-driven innovation” (DDI). 

2. DDI is a source of economic growth and development through two distinctive “channels”:  

1. The economic properties of data suggest that data is an infrastructural resource which in theory 

can be used by an unlimited number of users and for an unlimited number of purposes as an input 

to produce goods and services. The increasing returns to scale and scope, that the use of data 

generates, are at the origin of data-driven productivity growth realised by firms when data is used 

for e.g. the development of multi-sided markets, in which the collection of data on one side of the 

market enables the production of new goods and services on the other side(s) of the market (e.g. 

the use of data generated by social network services for advertisement purposes). 

2. The value-creation mechanisms of data analytics, which include using data analytics to: 

 Gain insights (knowledge creation): Data analytics are the technical means to extract insights 

and the empowering tools to better understand, influence or control the data objects of these 

insights (e.g. natural phenomena, social systems, individuals). For example, organisations 

increasingly rely on simulations and experiments not only to better understand the behaviour 

of individuals, but in order to better understand, assess, and optimize the possible impact of 

their actions on these individuals. 

 Automate decision-making (decision automation): Data analytics (through machine learning 

algorithms) empower autonomous machines and systems that are able to learn from data of 

previous situations and to autonomously make decisions based on the analysis of these data. 

These autonomous machines and systems are getting more and more powerful as they can 

perform an increasing number of tasks that required human intervention in the past. Google’s 

driverless car is an illustrative example which is based on machine learning algorithms 

enriched by data that is collected from the sensors connected to the car and from services 

such as Google Maps and Google Street View. 

3. However, there are serious risks to the inappropriate use of data and analytic which underline the 

need for high skills in data analysis and statistics as well as domain specific competences. These risks are 

more elevated when analytics are used for decision automation in dynamic environments, in which case the 

dynamics of the environments need to be properly understood as well. This challenges current trends in the 

“democratization” of data analytics, where data and analytics are expected to be used by everyone, while 

increasing the need for a culture of digital risk management across the data ecosystem. 
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Which industries stand to gain? 

4. Internet firms have been at the forefront in the development and use of techniques and 

technologies for processing and analysing large volumes of data. The business model of many of these 

firms heavily relies on the use of data and analytics which constitute a major source of the firms’ huge 

productivity. Among the OECD top 250 ICT firms, Internet firms generated on average almost one million 

USD in revenues per employee in 2011 while the other top ICT firms generated on average between USD 

500 000 (software firms) to USD 200 000 (IT services firms). 

5. Beyond internet firms, the rest of the ICT sector has now recognised “big data” as a new business 

opportunity. Some estimates suggest that the global market for “big data technology and services” will 

grow from USD 3 billion in 2010 to USD 17 billion in 2015. To strengthen their positions, top ICT 

companies are increasingly acquiring young start-ups specialised in data and analytics related goods and 

services but they are also collaborating with potential competitors (co-opetition) through open source 

projects such as Hadoop, a major “big data” technology. Most of the top ICT firms involved in the co-

development and use of Hadoop are registered in the United States.  

6. The use of data for value creation is not limited to ICT firms, although the ICT sector is still the 

largest user of advanced analytics according to some estimates. For many non-ICT businesses the 

exploitation of data has already created significant added value, in a variety of operations, ranging from 

optimising the value chain and manufacturing production to more efficient use of labour, better customer 

relationships, and the development of new markets. Overall, empirical studies suggest a positive impact 

over the use of data and analytics of around 5% to 10% on productivity growth depending on a number of 

enabling and complementary factors.  

7. The use of data and analytics is driving further the “servicification” of the entire economy, 

including manufacturing, and low-tech industries such as textile (including the sport and footwear 

industry), and agriculture. In Japan, for instance, manufacturing companies using data analytics could 

generate maintenance costs savings worth almost JPY 5 trillion (which correspond to more than 15% of 

shipments in 2010) and more than JPY 50 billion in electricity saving. Agriculture as another example is 

building on geo-coded maps of agricultural fields and the real-time monitoring of every activity from 

seeding, to watering and fertilising, and harvesting. The use of this data is estimated by some experts to 

improve yields by five to ten bushels per acre or around USD 100 per acre in increased profit. 

8. The most data-intensive sectors outside the ICT sector are the financial sector, and the 

professional and business services sector. These sectors are most likely to continue to invest in DDI. 

However, public administration as well as educational and health services are the sectors were the 

adoption of data analytics could have the highest impact in the relative short run. These sectors employ the 

largest share of occupations which perform many tasks related to the collection and analysis of information 

with, however, a relative low level of computerisation. Potential benefits include, but are not limited to, 

(i) health care where data analytics can reveal unforeseen adverse effects of drugs; (ii) research where data 

analytics enable a better understanding of highly complex natural phenomena, some of which related to 

health issues such as Alzheimer’s disease and dementia; (iii) education where data analytics holds the 

promise of enabling personalized, adaptive learning environments, rather than the one-size fits all system, 

and (iv) public administration where the provision of Public Sector Information (PSI), including open 

government data, can increase openness, transparency and accountability of government activities which 

can lead to higher efficiency and help to rebuild public trust in governments. Although these different 

application areas suggest that DDI generates significant economic and social benefits, the policy issues 

raised by these applications and the extent to which policy intervention may be required, may depend on 

the application domain and call for a domain specific analysis of the benefits and policy challenges of DDI. 
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Challenges to be addressed 

9. The use of data and analytics comes with the following challenges that need to be addressed 

across most application areas in order to both realise the opportunities of data-driven growth, and preserve 

and improve social cohesion. These challenges can be clustered around three main categories.  

10. Supply-side challenges are related to the provision of data and analytics including: 

 Investments in mobile broadband and barriers to the free flow of data: Mobile broadband 

has the potential to enable DDI, particularly in remote and less developed regions (see e.g. 

agriculture). However, penetration rates in 2013 are still at 30% or less in countries such as Chile, 

Turkey, Hungary and Mexico. Likewise, protecting privacy, security or confidential business 

information are legitimate reasons to limit the free flow of data across borders, sectors, 

organisations, consumers and citizens, but can also adversely affect DDI, for example, by 

limiting trade and competition. 

 Data access, ownership, and incentives issues: DDI can require significant investments to 

develop and maintain databases, meta-data and related algorithms. Some organisations and 

individuals may therefore lack the incentives to share the data they own and control. Intellectual 

property rights (IPRs) are often suggested as a solution to overcome the incentive problem. 

However, in contrast to other intangibles, data typically involve assignments of different rights 

across different data stakeholders challenging the applicability of concepts such as “ownership”. 

In cases where the data is considered “personal data” the concept of ownership is even less 

practical, since privacy regimes grant explicit control rights to the data subject. 

 Access to analytics and cloud computing: The adoption of data analytics is determined by a 

number of factors including IPRs. Open source licensing schemes are increasingly used to protect 

the interests of investors while allowing open collaborative development and use of analytics. 

Cloud computing, often described as a service model for flexible, elastic and on-demand 

computing services increases the storage and analytic capacity across the economy. However, 

lack of interoperability and the risk of vendor lock-in may impede its adoption. The lack of open 

standards is a problem in the particular area of platform as a service (PaaS), where computational 

resources are provided via a platform.  

11. Demand-side challenges are related to the capacity of taking advantage of DDI, including:  

 Skills and competences in data management and analytics: Recent surveys confirm that lack 

of data management and analytic skills is an important barrier to the adoption of DDI including in 

science, health care and also in the public sector. Data specialists account for above 0.5% of total 

employment in countries such as Finland, Sweden, Estonia, and the United States, while 

Luxembourg and the Netherlands have more than 1% of their total workforce employed as data 

specialists. Such skills need however to be supplemented by domain-specific competencies to 

interpret and make best decisions based on data analysis. This is where the more significant job 

creation potential lies according to some estimates. 

 Organisational change: Complementarities between organisational change and the use of ICTs 

is crucial for firms’ productivity growth. Current studies suggest that complementarities between 

organisational change and data analytics also matter but further studies are needed. 

Organisational change may be disruptive and therefore difficult to implement. This could lead to 

the innovator’s dilemma, where successful companies put too much emphasis on current success, 

and thus fail to innovate in the long run. 
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 Entrepreneurship: An increasing number of start-ups are emerging which focus on the 

provision of data-related goods and services (including data analytics and visualization tools). 

These start-ups are more agile and can satisfy special customer needs that large firms with their 

generic products often cannot address. However, the successful creation of data-driven 

businesses is subject to favourable economic conditions for entrepreneurship in general, 

including regulatory frameworks affecting access to sales markets, access to finance, and labour 

markets. 

12.  The societal challenges are affecting both the demand and supply sides with potential long-term 

negative impacts on the core values of democratic market economies and the well-being of all citizens: 

 Loss of autonomy and freedom: Advances in data analytics make it possible e.g. to infer 

sensitive information including from trivial data. The misuse of these insights can affect core 

values and principles, such as individual autonomy, equality and free speech, and may have a 

broader impact on society as a whole. Discrimination enabled by data analytics, for example, 

may result in greater efficiencies, but also limit an individual’s ability to escape the impact of 

pre-existing socio-economic indicators. Responses to address these challenges include improving 

transparency, access and empowerment of individuals, promoting responsible usage of personal 

data by organisations and use of technologies in the service of privacy protection. Finally, the 

application of risk management to privacy protection may effectively protect privacy in the 

context of DDI. 

 Market concentration and dominance: The economics of data favours market concentration 

and dominance. As highlighted in OECD work on competition in the digital economy, data-

driven markets can lead to a “winner takes all” result where concentration is a likely outcome of 

market success. There are a number of factors specific to DDI that may challenge the traditional 

approach used by competition authorities for assessing potential abuses and harms of market 

dominance and mergers. These include: (i) challenges in defining the relevant market, and in 

assessing (ii) the degree of market concentration, and (iii) potential consumer detriments due to 

privacy violation. 

 Shift in power exacerbating existing inequalities: Better data-driven insights come with a 

better understanding of the data objects and of how best to influence or control them. Where the 

agglomeration of data leads to concentration and greater information asymmetry, significant 

shifts in power can occur away from: i) individuals to organisations (incl. consumers to 

businesses, and citizens to governments); ii) traditional businesses to data-driven businesses 

given increasing returns to scale and potential risks of market concentration and dominance; iii) 

governments to data-driven businesses where businesses can gain much more knowledge about 

citizens than governments can; and iv) lagging economies to data-driven economies. 

 Structural change in labour markets: Decision automation thanks to “smart” applications may 

be the DDI application with the largest impacts on (labour) productivity. These applications are 

getting more and more powerful and can perform an increasing number of tasks that are 

knowledge and labour intensive and soon will require less human intervention as compared to the 

past. This may have significant impact on jobs in particular those of a “transactional” nature 

leading to further structural change in labour markets with potential implications for inequality in 

earnings. 

 Limitation of the traditional security approach: To be conducive to innovation, DDI requires 

a digital environment which is open and interconnected as well as flexible, and enables hosting, 

accessing, and sharing massive volumes of data of considerable diversity across the data 
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ecosystem. These interrelated characteristics increase the complexity of digital security 

management calling for a modern risk-based approach involving all stakeholders. 

Preliminary policy options 

13.  Policy makers can leverage the increasing returns to scale and scope offered by DDI by taking 

the full data value cycle into consideration, and developing frameworks that encourage the free flow of 

data across national and organisational borders, subject to legitimate restrictions. This includes providing 

incentives for a fast and open Internet, establishing data governance frameworks that provide incentives for 

data sharing and the interoperability of data-driven services and empowering individuals (consumers) to 

reuse their data across interoperable applications and services (i.e. data portability). 

14. Policy makers eager to promote a “big data” industry may want to focus on the top three stacks of 

the data ecosystem including (i) data analytic providers who supply software solution for data analysis 

including data visualisation, (ii) data providers including data brokers, data market places, but also the 

public sector and increasingly owners of interconnected machines and systems (i.e. Internet of Things), and 

last but not least (iii) data-driven entrepreneurs, who build their innovation on top of the resources 

provided in the data ecosystem. Policy makers may also want to consider the conditions that have favored 

the development of a “big data” industry in the United States. The geographic distribution of firms also 

highlights the global dimension of the data ecosystem and its reliance on an open Internet for its 

functioning. 

15. The anticipated benefits in productivity growth from DDI depend on a number of enabling and 

complementary factors, including in particular (i) the level of skills available to organisations, and (ii) the 

readiness of organisations to change their internal and external business processes (organisational change). 

This calls for policy makers to promote complementary investments in economic competences including 

promoting research and development on data analytics and privacy-enhancing technologies, assuring the 

supply and development of data analytic skills and competencies and encouraging data-related 

entrepreneurship and organisational change across the economy, in order to realise the full potential of data 

and analytics.  

16. The promotion of DDI in the public sector, health care, and science and education could be a 

“low-hanging fruit” that governments may want to target to boost efficiency gains and increase well-being 

in society. However, the mechanisms through which benefits are generated and the policy issues raised can 

be very domain specific. This calls for a domain specific analysis of the benefits and policy challenges as 

provided in the domain specific chapters of the final report on KBC2:Data.  

17. Last, but not least, governments also have a role to play in promoting the favourable conditions 

for DDI to happen in a trustworthy and inclusive environment, for example by effectively protecting the 

privacy and freedom of individuals, promoting a culture of digital risk management across the data 

ecosystem, and by leading by example in the use of data analytics and the supply of data. In aiming for 

policy coherence, policy makers should also further the dialogue between competition, privacy and also 

consumer protection authorities so that (i) potential consumer detriments due to DDI are taken into 

account, (ii) synergies in the enforcement of rules controlling privacy violations, anti-competitive 

practices, and mergers unleashed, and (iii) firm’s incentives to compete on and invest in privacy enhancing 

and enhanced technologies and services. 
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DATA-DRIVEN INNOVATION FOR GROWTH AND WELL-BEING: SYNTHESIS REPORT 

Introduction 

18. In the current context of weak global recovery, with lingering high unemployment in major 

advanced economies, governments are looking for new sources of growth to boost the productivity and 

competitiveness of their economies and industries, to generate jobs and to promote the well-being of their 

citizens. As highlighted in the OECD (2014a) Ministerial Council Statement, governments have to respond 

to the rising inequality as it could endanger social cohesion and hamper the economic resilience of their 

countries. In their quest towards “resilient economies and inclusive societies”, governments have also to 

put great efforts to rebuild public trust through greater openness, transparency and accountability. 

19. In 2010, the OECD launched a horizontal project on New Sources of Growth: Knowledge-Based 

Capital which provides evidence of the impact on growth, and the associated policy implications, of the 

three main types of knowledge-based capital (KBC) including (i) computerised information (e.g. software 

and data); (ii) innovative property (e.g. patents, copyrights, designs, trademarks); and (iii) economic 

competencies (e.g. brand equity, firm-specific human capital, networks of people and institutions, and 

organisational know-how) (OECD, 2013a).
1
 The work highlighted that in some countries – such as 

Sweden, the United Kingdom, and the United States – investment in KBC matches or exceeds investment 

in physical capital such as machinery, equipment and buildings (Figure 1). In many countries such as 

Denmark, Ireland, and Italy, business investment in KBC also rose further as a share of GDP, or declined 

less, than investment in physical capital during the crisis (OECD, 2013a). 

Figure 1. Investment in physical and knowledge-based capital, 2010 

As a percentage of value added of the business sector 

 
Source: OECD Science, Technology and Industry Scoreboard 2013, based on INTAN-Invest Database, www.intan-invest.net, and 
national estimates by researchers. Estimates of physical investment are based on OECD Annual National Accounts (SNA) and 
INTAN-Invest Database, May 2013. http://dx.doi.org/10.1787/888932889820  

http://dx.doi.org/10.1787/888932889820
http://dx.doi.org/10.1787/888932889820
http://dx.doi.org/10.1787/888932889820
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20. This paper synthesises the Phase II of the OECD project on New Sources of Growth: Knowledge-

Based Capital, in particular its pillar on data and analytics (KBC2: DATA), which will be published in 

OECD (2015). The objectives of KBC2: DATA are to: (i) improve the evidence base on the role of data 

and analytics for promoting growth and well-being, and (ii) provide policy guidance on how to maximize 

the benefits of data-driven innovation, while mitigating the associated risks. The summary of the chapters 

in OECD (2015), on the basis of which this synthesis has been developed, are available in the Annex of 

this synthesis report. 

The growth of the “big data” ecosystem 

21.  Information and communication technology (ICT) heavily rely on KBC investments. This is 

particularly apparent in the asset structure of Internet firms, such as Google and Facebook, where physical 

assets accounted for only around 15% of the firms’ worth as of 31 December 2013.
2
 Internet firms also 

enjoy huge productivity gains thanks to their KBC investments in software and data particularly. However, 

compared to other ICT firms, which also heavily rely on investments in software and data, Internet firms 

are by far more productive. Among the OECD top 250 ICT firms, Internet firms generated on average 

almost one million USD in revenues per employee in 2011 while the other top ICT firms generated on 

average between USD 500 000 (software firms) to USD 200 000 (IT services firms) (Figure 2).  

22. An analysis of their business models reveals that Internet firms share one major commonality 

besides relying on the Internet as the backbone of their business operation, namely the use of large streams 

of data that is now commonly referred to as “big data” (OECD, 2012a; see Box 1 on definitions). By 

collecting and analysing big data, a large share of which is provided by Internet users (consumers), Internet 

companies are able to automate their processes and to experiment with, and foster, new products and 

business models at much a faster rate than the rest of the industry. In particular, the advanced use of data 

and analytics enables Internet firms to scale their businesses at much lower costs than other ICT firms, a 

phenomenon that goes by far further than what Brynjolfsson et al. (2008) describe as scaling without 

mass.
3
 

Figure 2. Average revenue per employee of top 250 ICT firms, 2000-11 

In thousand USD 

 
Source: OECD Internet Economy Outlook 2012 
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Box 1. The difficulty of defining "big data" beyond volume, velocity and variety of data 

There is still no clear definition of “big data”. Initially the term “big data” referred to data sets for which volume 
became an issue in terms of data management and processing. This is consistent with many of today’s definitions 
such as the one suggested by Loukides (2010), who defines “big data” as data for which “the size of the data itself 
becomes part of the problem” or The McKinsey Global Institute (MGI, 2011), who similarly defines it as data for which 
the “size is beyond the ability of typical database software tools to capture, store, manage, and analyse”. However the 
emphasis on the volume alone can be misleading, whether this is measured in gigabytes, petabytes (millions of 
gigabytes), or exabytes (billions of gigabytes). In some cases what is relevant is not the volume, but for example the 
number of readings, the way data is used and the resulting complexity. For example, managing a day’s worth o f data 
from thousands of sensors close to real time is more challenging than managing a video collection of the same size in 
bytes. This distinction is captured by the three Vs definition

4
 of big data, which points to its three main characteristics 

including:
 
 

 The volume of the data as covered by most definitions today (see Loukides, 2010 and MGI, 2011, which 

are cited above; but also McGuire et al., 2012); 

 The variety of the data, which refers to mostly unstructured data sets from sources as diverse as web logs, 

social media, mobile communications, sensors and financial transactions. Variety also goes hand in hand 
with the capability to link these diverse data sets; and 

 The velocity or the speed at which data is generated, accessed, processed and analysed. Real-time 

monitoring and real-time “nowcasting” are often listed here as benefits that go along the velocity of “big 
data”. 

The problem still with the 3Vs and similar definitions is that they are in continuous flux, as they describe technical 
properties which depend on the evolving state of the art in data storage and processing. Furthermore, these definitions 
misleadingly suggest that it is all about data. While it is true in the case of volume, what is behind variety and velocity is 
primarily data analytics; that is the capacity to process and analyse unstructured diverse data in (close to) real-time. 
Furthermore the term “big data” does not suggest how the data is used, what type of innovation it can enable, and also 
how it relates to other concepts such as e.g. “open data”, “linked data”, “data mashups”, and so on. These are the 
reasons why the OECD KBC2: DATA project does not primarily focus on the concept “big data”, but rather focusses on 
“data-driven innovation”, which is based on the use of data and analytics to innovate for growth and well-being.  

Source: OECD (2013b) 

 

23. The rest of the ICT sector has begun to recognise “big data” as a new business opportunity and is 

making significant investments to catch-up and jump on the “big data” bandwagon. Estimates by IDC 

(2012) suggest that “big data technology and services” will grow from USD 3 billion in 2010 to USD 17 

billion in 2015, which represents a compound annual growth rate (CAGR) of almost 40%. Technologies 

and services related to storage are expected to be the fastest growing segment, followed by networking, 

and services, which explains the increasing role of IT equipment firms in this relatively new market. Many 

top ICT companies are trying to strengthen their market position through the development of new “big 

data” branded products, many of which are based on open source solutions initially developed by Internet 

firms as in the case of Hadoop, a major big data technology (see Box 2).  

24. But increasingly top ICT companies are also strengthening their position through the acquisitions 

of young start-ups specialised in big data technologies and services and/or through collaboration with 

potential competitors (co-opetition) in open source projects such as Hadoop (Figure 4). Data provided by 

Orrick (2012) on merger and acquisitions (M&A) deals (mainly in the United States) show that M&A 

activities have increased significantly since 2008 in terms of volume and number of deals (Figure 5). 

According to Orrick (2012), IBM was the most active acquirer of big data companies in 2012, followed by 

Oracle. 
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Box 2. Internet spill-overs enabling data-driven innovation across the economy: the case of Hadoop  

Internet firms, in particular providers of web search engines, have been at the forefront in the development and 
use of techniques and technologies for processing and analysing large volumes of data. They were among the first to 
confront the problem of handling big streams of mainly unstructured data as stored on the web in their daily business 
operation. Google, in particular, inspired the development of a series of technologies after it presented MapReduce, a 
programming framework for processing large data sets in a distributed fashion, and BigTable, a distributed storage 

system for structured data, in a paper by Dean and Ghemawat (2004) and Chang at al. (2006) respectively. In 2006, 
the open source implementation of MapReduce, called Hadoop, emerged. Initially funded by Yahoo, Hadoop is now 
provided as an open source solution (under the Apache License) and has become the engine behind many of today’s 
big data processing platforms. Beside Yahoo, Hadoop is ushering in many data-driven goods and services deployed 
by Internet firms such as Amazon, eBay, Facebook,

5
 and LinkedIn

6
. But even traditional providers of databases and 

enterprises servers such as IBM, Oracle, Microsoft, and SAP have started integrating Hadoop and other related open 
source tools into their product lines, making them available to a wider number of enterprises including Wal-Mart (retail), 
Chrevon (energy), and Morgan Stanley (financial services).  

The key innovation of MapReduce is its ability “to take a query over a data set, divide it, and run it in parallel over 
many nodes” (Dumbill, 2010), often (low-cost) commodity servers that can be distributed across different locations. 
The distribution solves the issue of data being too large to fit onto and to be processed by a single server. The data 
used for MapReduce also does not need to be relational or to even to fit a schema as it is the case with conventional 
(relational) SQL database. Instead, unstructured data can be stored and processed. The standard storage mechanism 
used by Hadoop is therefore a distributed file system, called HDFS (Hadoop Distributed File System). On top of being 
distributed, HDFS is a fault tolerant file system that can scale to tens of petabytes (million of gigabytes) of storage and 
can run with high data throughput on all major operating systems (Dumbill, 2010). However, other file systems are also 
supported by Hadoop such as Amazon S3 file system (used on Amazon’s cloud storage service).   

To simplify the use of Hadoop (and HDFS), additional open source applications have been developed or existing 
ones have been extended, some of which with the initiative of top Internet firms. HBase, for example, is an open 
source, non-relational (i.e. NoSQL), distributed database, also licensed under the Apache Licence. HBase was 
modelled after Google's BigTable, and can run on top of HDFS or Hadoop. HBase is now, for example, currently used 
by Facebook for its Messaging Platform, which in 2010 had to support 15 billion person-to-person messages and 120 
billion chat messages per month (Muthukkaruppan, 2010). Another example is Hive, an open source data warehouse 
infrastructure running on top of Hadoop, which was initially developed by Facebook to simplify data management of 
structured data using a SQL-base language (HiveQL) for queries. Last, but not least, analytical tools such as R, an 
open-source environment for statistical analysis, are increasingly being used in connection with Hive or Hadoop to 
perform big data analytics and evidence suggests that R is becoming the dominant tool for data analytics (Muenchen, 
2012).  

The resulting ecosystem of big data processing tools can be described as a stylised stack of storage, 
MapReduce, query, and analytics application layers as illustrated in Figure 3. Increasingly the whole stack is provided 
as a cloud based solution by providers such as Amazon (2009) and Microsoft (2011). With Dumbill (2010), one could 
argue that this evolving stack has enabled and democratized big data analytics in the same way “the commodity LAMP 
stack of Linux, Apache, MySQL and PHP changed the landscape of web applications [and] was a critical enabler for 
Web 2.0”. 

Figure 3. The storage, MapReduce, query and analytics stack of “big data” 

 
Source: OECD based on Dumbill (2010) 
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Figure 4. Partnerships in the Hadoop Ecosystem, January 2013 

    
Note: The larger the source bar, the more the company has partnerships. For example, Cloudera has by far the highest number of 
partnerships, followed by Hortonworks, IBM, and EMC. 

Source: O’Brien (2013) based on Datameer 

Figure 5. Big data-related financing activities, Q1 2008 - Q4 2012 

Volume of investments (left scale) and number of deals (right scale) 

 
Source: OECD based on Orrick (2012) 
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25. As a result, more and more business are entering the “big data” market providing a wide range of 

technologies and services for data collection, integration, storage, analysis and visualization. The combined 

effect is the emergence of a “big data” ecosystem in which goods and services are developed for data-

driven applications across society. An analysis of this ecosystem reveals the following key types of 

players: (i) Internet service providers providing the backbone of the data ecosystem
7
, (ii) IT infrastructure 

providers offering data management tools and critical computing resources including, but not limited to, 

data storage servers, database management software, and cloud computing resources, (iii) data analytic 

providers who supply software solution for data analysis including data visualisation, (iv) data providers, 

mainly the consumers (see OECD, 2015, Chap. 6), governments through their open data initiatives (see 

OECD, 2015, Chap. 7), firms such as in particular data brokers and data market places (see OECD, 2015, 

Chap. 3), and increasingly owners of interconnected machines and systems (i.e. Internet of Things, see 

OECD, 2015, Chap. 2 and 10), and last but not least (vi) data-driven entrepreneurs, who build their 

innovation on top of the resources provided in the data ecosystem in areas such as retail, finance, 

advertisement, science (see OECD, 2015, Chap. 8) and health (see OECD, 2015, Chap. 9) to name a few.
8
 

The interaction between these players can be thought of through layers as shown in Figure 6, where the 

underlying layers provide goods and services to the upper layers. For example, data-driven entrepreneurs 

rely on access to data and analytic tools as well as to IT infrastructures such as cloud computing to provide 

their innovative services. 

Figure 6. The big data ecosystem as layers of key types of players 

 
 

26. Figure 6 does not reflect an important property of the big data ecosystem which is its inherently 

global nature. The big data ecosystem involves cross-border data flows due to the very global nature of the 

key players active in it and the global distribution of technologies and resources used for value creation. 

For example, data may be collected from consumers or devices located in one country through devices and 

apps developed in another country. The data may then be processed in a third country and used to improve 

marketing to the consumer in the first country and/or to other consumers around the globe. Furthermore, 

the ICT infrastructures used to perform data analytics including the data centres and the software will 

rarely be provided only within one national border, but also distributed around the globe to take advantage 

of the variations of several factors including, but not limited to, local work load, the environment (e.g. 

temperature and sun light), and skills and labour supply (and costs). For example, firms such as Kaggle
9
 

provide crowd-sourcing platforms on which governments, firms and individuals all over the world post 

their data and let others compete to produce the best analytic results (Rao, 2011).
10

 Moreover, many data-

driven services developed by entrepreneurs stand on the shoulders of giants who have made their 

innovative services (including their data) available via application programming interfaces (APIs), many of 

which are located in foreign countries. For example, Ushahidi, a non-profit software company based in 

Nairobi, Kenya, provides its data collection, visualisation, and interactive mapping service based on 

available APIs of Internet firms such as Google and Twitter (see next section). 
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Preliminary conclusions I 

It is difficult to properly assess what companies are currently dominating the big data ecosystem, as exact 
numbers of market share are hard to get and would be difficult to interpret as the ecosystem comprises many different 
kinds of intertwined services and is quickly evolving. However, as collaboration is an important necessity in the data 
ecosystem, the analysis of partnerships in the co-development of open source big data technologies such as Hadoop 
(see Figure 4) can serve as a starting point. A focused analysis of the world top ICT firms contributing to the Hadoop 
ecosystem suggests the following three main preliminary conclusions (see OECD, 2015, Chap. 3):  

 The big data ecosystems involve cross-border data flows and rely on an open Internet as promoted by the 
OECD (2011) Council Recommendation on Principles for Internet Policy Making due to the very global 
nature of the top ICT firms involved in it and the global distribution of related technologies and resources 
used for data-driven value creation; 

 The top ICT firms contributing to the Hadoop ecosystem are to a largest extent companies registered in the 
United States with the exception of Yahoo Japan, NTT Data, and Fujitsu (Japan), SAP (Germany), 
Persistent Sytems (India) and Acer (Chinese Taipei). However, it should be noted that the number of top 
providers has been reduced due to a large number of M&A which peaked in 2012; 

 Most of the top ICT firms in the Hadoop ecosystem are Internet and software firms. Nevertheless, some 
hardware firms, in particular IT equipment firms, are heavily involved in big data related technologies as 
well. Semiconductor firms, such as Intel and AMD, are the exceptions. 

Data-driven innovation across society 

27. The use of data for value creation is not limited to ICT firms, although evidence strongly 

suggests that ICT firms are still leading in the use of advanced data analytics. According to Tambe (2014), 

for example, only 30% of Hadoop investments come from non-ICT sectors, including in particular finance, 

transportation, utilities, retail, and healthcare, pharmaceuticals and biotechnology firms. There is, however, 

a rapidly growing interest from non-ICT businesses across the economy in “big data” related technologies 

and services to exploit data as an important resource for value creation and for fostering new, or for 

improving existing, products, processes, and markets (i.e. data-driven innovation, DDI, see also Box 3 

defining innovation). 

Box 3. Defining innovation 

The latest (3rd) edition of the Oslo Manual defines innovation as the implementation of a new or significantly 
improved product (good or service), or process, a new marketing method, or a new organisational method in business 
practices, workplace organisation or external relations (OECD-Eurostat, 2005). This definition, for measurement 
purposes, captures the following four types of innovation: 

• Product innovation: the introduction of a good or service that is new or significantly improved with respect to 
its characteristics or intended uses. This includes significant improvements in technical specifications, components and 
materials, incorporated software, user friendliness or other functional characteristics. 

• Process innovation: the implementation of a new or significantly improved production or delivery method. 
This includes significant changes in techniques, equipment and/or software. 

• Marketing innovation: the implementation of a new marketing method involving significant changes in 
product design or packaging, product placement, product promotion or pricing. 

• Organisational innovation: the implementation of a new organisational methods in the firm’s business 
practices, workplace organisation or external relations. 

Source: The OECD Innovation Strategy (OECD, 2010a) 
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28. Many organisations across the economy already benefit from significant investment in data in the 

form of traditional databases for innovation. The market value of relational database management systems 

alone was worth more than USD 21 billion in 2011, having grown on average by 8% a year since 2002 

according to some estimates (OECD, 2013b). As shown in Figure 1, investments in software and data 

(across the economy) accounted for an average share of slightly below 2% of business sector value added 

in OECD countries, with businesses in countries such as Denmark (4%), Sweden (3%), the United 

Kingdom and the United States (both 2%) leading in terms of the share of investments in the business 

sector value added. With the exception of Sweden, these countries also saw a significant increase in 

software and data-related investments during the crisis, as is the case with countries such as Luxembourg 

and Finland. Although these official statistics provide a strong evidence for the increasing role of software 

and data, they do, however, not fully reflect the growing contribution of data to economic growth. This is 

not only because official statistics specific to data do not exist, but also because many, if not most, of the 

benefits related to the use of data are still not captured by market transactions (Mandel 2012; 2013).
11

 

DDI for growth … 

29. The exploitation of data and analytics can create significant added value through DDI related to a 

variety of operations, ranging from optimising the value chain and manufacturing production to more 

efficient use of resources, better customer relationships, and the development of new markets. In many 

areas DDI has the potential to disrupt existing markets and to challenge the dominance of incumbents. In 

transportation, for example, the increasing ability to track the location of mobile devices has enabled a 

wide range of new location-based services, including logistic and personal navigation services. TomTom, a 

leading provider of navigation hardware and software, now has more than nine trillion data points collected 

from its navigation devices and other sources, describing time, location, direction and speed of travel of 

individual anonymised users, and it now adds six billion measurement points every day.
12

 The results of 

the data analysis are fed back to its navigation devices to inform drivers about the current and predicted 

state of the traffic. This can lead to significant time savings and reduced congestion, notably in cities. 

Overall, estimates suggest that the global pool of personal geo-location data is growing by 20% a year 

since 2009. By 2020, this data pool could provide USD 500 billion in value worldwide in the form of time 

and fuel savings, or 380 megatonnes (million tonnes) of CO2 emissions saved according to estimates by 

MGI (2011). 

30. Even traditional sectors such as retail, sport and footwear, and manufacturing are being disrupted 

through the use of data and analytics and in some cases are even becoming more and more service-like, a 

trend that some have described with the term “servicification” (Lodefalk, 2010). Firms like Tesco, the UK 

supermarket chain, exploit huge data flows generated through their fidelity card programmes. The Tesco 

programme now counts more than 100 market baskets a second and 6 million transactions a day, and it 

very effectively transformed Tesco from a local, downmarket “pile 'em high, sell 'em cheap” retailer to a 

multinational, customer- and service-oriented one with broad appeal across social groups. Retail 

companies such as Walmart are even more progressive in their use of data and analytics. The company 

develops its own data analytic services via its subsidiary Walmart Labs, which is also actively contributing 

to the (co-) development of open source analytics. Walmart Labs’ (internal) solution Social Genome, for 

example, allows Walmart to reach out to potential customers, including friends of direct customers, who 

have mentioned specific products online, to provide discounts on these exact products. Social Genome 

builds on public data from the web (including social media data) as well as Walmart’s proprietary data 

such as its customer purchasing and contact data. “This has resulted in a vast, constantly changing, up-to-

date knowledge base with hundreds of millions of entities and relationships” (Big Data Startups, 2013).  

31.  In manufacturing, companies are increasingly using sensors mounted on production machines 

and delivered products to collect and process data on the machines’ and products’ operation. This trend 

which is enabled by Machine-to-Machine communication (M2M) and the analysis of sensor data, has been 
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described by some as the “Industrial Internet” (Bruner, 2013, sponsored by General Electrics, GE) or 

“network manufacturing” (The Economist Intelligence Unit, 2014, sponsored by Siemens). Sensor data is 

used here to monitor and analyse the efficiency of the products, to optimize their operations at a system-

wide level, and for after sale services including preventive maintenance operations. The data is furthermore 

used to analyse and predict potential vulnerable components the result of which is further used to optimize 

product designs and production control. This can also include product designs and production control of 

suppliers, in which case the insights of data analysis are shared in collaboration with these suppliers and in 

some cases even commercialised as part of new services to existing and potential suppliers and customers. 

For example, Germany based Schmitz Cargobull, the world’s largest truck body and trailer manufacturer, 

uses M2M and sensor data to monitor the maintenance, traveling conditions and routes travelled by any of 

its trailers (Chick et al., 2014, see also Vennewald, 2013). The insights generated by the analysis of the 

data are used to help Schmitz Cargobull’s customers minimise their usage breakdowns. Similar services 

are observed in the energy production equipment sector, where M2M and sensor data is used to optimize 

contingencies in complex project planning activities for instance (Chick et al., 2014). Quantitative 

evidence on the overall economic impact of data and analytics in manufacturing is still rare, but available 

estimates for Japan, for example, suggests that the use and analysis of these type of data by Japanese 

manufacturing companies could lead to maintenance cost savings worth almost JPY 5 trillion (which 

correspond to more than 15% of shipments in 2010) and more than JPY 50 billion in electricity saving 

(MIC, 2013). 

32. The use of data and analytics has also enabled the servicification of low-tech industries such as 

textile (including the sport and footwear industry), and agriculture. Nike, the U.S. manufacturer of athletic 

shoes and sports equipment, has redesigned many of its products as data-driven services which are 

integrated via the online Nike+ platform. Data are collected through the Nike+ sensor, which can be 

clipped on running shoes, or more recently through the FuelBand, a wristband that tracks activities and 

calories burned during the day. Although its core value proposition – supporting people to be physically 

active and healthy – has not changed, Nike is now more and more providing this proposition as a service 

by using data that enables users to set their goals, track their progress and include social elements thereby 

disrupting the market for personal trainers. It has also created an application programming interface (API) 

that allows third parties to develop mobile applications (apps) based on this data-driven platform. A similar 

DDI strategy can be observed with competitors such as German sport and footwear company Adidas, 

which launched its miCoach data-driven service to also enter and disrupt the market for personal trainers. 

33. Agriculture, as another example, is now being further modernized thanks to DDI, sometimes 

under the banner of ‘precision farming’, which is increasingly deployed to improve productivity and 

decrease environmental impact, building on geo-coded maps of agricultural fields and the real-time 

monitoring of every activity from seeding, to watering and fertilising, and harvesting. As a result, farmers 

are today sitting on a wealth of agricultural data, which companies such as Monsanto, John Deere and 

DuPont Pioneer are trying to exploit through new data-driven goods and services (Noyes, 2014). John 

Deere, for example, is taking advantage of the “Industrial Internet” as it is integrating sensors to its latest 

equipment “to help farmers manage their fleet and to decrease downtime of their tractors as well as save on 

fuel” (Big Data Startup, 2013). The same sensor data can then be linked with historical and real-time data 

on e.g. weather prediction, soil conditions, fertiliser usage, and crop features data to optimize and predict 

agricultural production. Some of the data and analysis results are presented to farmers via the 

MyJohnDeere.com platform (and its related apps) to empower farmers to optimise the selection of crops, 

and where and when to plant and plough the crops (Big Data Startup, 2013). Overall, the use of data and 

analytics is estimated by some experts to improve yields by five to ten bushels per acre or around USD 100 

per acre in increased profit (Noyes, 2014). This productivity increase comes at the right time as the OECD 

and the Food and Agriculture Organization of the United Nations (OECD and FAO, 2012) call for a 

required food production increase by 60% for the world to be able to feed the growing population, which is 

expected to hit 9 billion in 2050. 
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34. While the evidence presented above strongly suggest a positive link between DDI and 

productivity growth across the economy, few empirical studies exist with robust quantitative estimates. At 

the firm level, a study of 330 companies in the United States by Brynjolfsson et al. (2011) suggests that the 

output and productivity of firms that adopt data-driven decision making are 5% to 6% higher than would 

be expected from their other investments in, and the use of ICTs. These firms also perform better in terms 

of asset utilisation, return on equity and market value. A similar study based on 500 firms in the United 

Kingdom by Bakhshi et al. (2014) finds that businesses that make greater use of online customer and 

consumer data are 8% to 13% more productive as a result.
13

 The “use data analysis” and “reporting of data-

driven insights” have the strongest link with productivity growth, “whereas amassing data has little or no 

effect on its own” (Bakhshi et al., 2014). A recent study by Tambe (2014) based on the analysis of 175 

million LinkedIn user profiles, out of which employees with skills on “big data” specific technologies have 

been identified, indicates that firm’s investment in “big data” specific technologies were associated with 

3% faster productivity growth, but only for firms (i) that already had access to significant data sets and (ii) 

that were well connected to labour networks with sufficient expertise in “big data” specific technologies.
14

 

35. The use of data analytics by businesses depends primarily on the type of data sets. Business 

activity data and point-of-sale data are more frequently subject to data analytics, whereas online data 

including social media data and clickstream data are less frequently used among firms across the economy. 

According to a survey by the Economist Intelligence Unit (2012a) of more than 600 business executives 

around the world, two-thirds “say that the collection and analysis of data underpins their firm’s business 

strategy and day-to-day decision-making”.
15

 The respondents considered in particular “business activity 

data” as the most valuable data sets and in the case of the consumer goods & retail sector also “point-of-

sale data”. Among the firms surveyed in the United Kingdom, only 18% were identified as sophisticated 

users of online data. In the case of the Economist Intelligence Unit (2012) survey, only 27% and 25% of 

the executives surveyed highlighted social media data and clickstream data respectively as valuable. A 

study undertaken in Denmark by the IRISGROUP (2013) confirms the still limited number of “pioneers” 

as well. Overall, the number of firms can be expected to increase as suggested for example by a Gartner 

study from 2013 which shows that ‘big data’ is gaining momentum in businesses in the United States: 

while in 2012 58% of businesses indicated that they were deploying or planning ‘big data’ projects, in 

2013 it was already 64% of businesses (Gartner, 2013). 

Preliminary conclusions II 

Overall the review of anecdotal evidence and empirical studies suggests the following three main preliminary 
conclusions:  

 DDI is not limited to the ICT sector or to high-tech industries. It now affects all sectors of the economy (high- 
and low-tech industries alike); 

 DDI can lead to a 5% to 10% increase in productivity, although depending on the sector much higher 
productivity improvements are expected by some experts (e.g. factor of 10 in agriculture output);  

 The magnitude of productivity growth depends on a number of enabling and complementary factors 
including in particular (i) access to relevant data, (ii) the level of skills available, and (iii) the readiness for 
organisational change (including the adaptation of internal and external business processes). 

 



DATA-DRIVEN INNOVATION FOR GROWTH AND WELL-BEING: INTERIM SYNTHESIS REPORT 

© OECD 2014   19 

36. An analysis of working activities by occupations and sectors suggests that public administration 

as well as educational and health services may most likely be the two sectors were the adoption of data 

analytics could have the highest impact in the relative short run. These sectors employ the largest share of 

occupations which perform many tasks related to the collection and analysis of information and which are 

becoming increasingly data-intensive. However, these tasks are also still performed at a relative low level 

of computerisation. The targeted deployment of data analytics could thus boost efficiency gains even more 

in these sectors.  

37. In the case of the public sector (intelligence and security excluded), some evidence on the 

insufficient use of data generated and collected exist (MGI, 2011; Cebr, 2012; Howard, 2012; OECD, 

2012e; 2012f). According to MGI (2011), full use of data analytics in Europe’s 23 largest governments 

might reduce administrative costs by 15% to 20%, creating the equivalent of EUR 150 billion to EUR 300 

billion in new value, and accelerating annual productivity growth by 0.5 percentage points over the next 

ten years.
16

 The main benefits would be greater operational efficiency (due to greater transparency), 

increased tax collection (due to customised services, for example), and fewer frauds and errors (due to 

automated data analytics). Similarly, a study of the United Kingdom shows that the public sector could 

save GBP 2 billion in fraud detection and generate GBP 4 billion through better performance management 

by using big data analytics (Cebr, 2012).  

38. In the particular case of the US health-care system, MGI (2011) estimates that the use of data 

analytics throughout the system (clinical operations, payment and pricing of services, and R&D) could 

bring savings of more than USD 300 billion, two-thirds of which would come from reducing health-care 

expenditures by 8%. These estimated numbers should be taken with a lot of caution, given that their 

underlying methodologies and data have not been made explicit. However, they indicate the potential 

applications of the use of data and analytics within the sectors identified as low hanging fruits (public 

administration, science, and health care). But more importantly, the use of data analytics in these sectors 

has the potential to improve well-being as is discussed in more detail below. 

… and for well-being 

39.  The studies presented above emphasise the disruptive nature of DDI and its positive effects on 

productivity growth. As highlighted already, however, they do not fully reflect the full contribution of DDI 

to well-being, as many of the social effects related to the use of data and analytics are difficult or 

impossible to measure.
17

 The use of open data by citizens as provided by governments through their open 

data initiatives, for example, can increase openness, transparency and accountability of government 

activities and thus boost public trust in governments. At the same time, it can enable an unlimited range of 

commercial and social services across society. For instance, “civic entrepreneurs” increasingly use 

available open data as promoted by the OECD (2008) Council Recommendation on Enhanced Access and 

More Effective Use of Public Sector Information in combination with other publicly available data sources 

to develop apps that facilitate access to existing public services and also provide new complementary 

services across society. CitiVox, for example, is a start-up that helps governments exploit non-traditional 

data sources such as SMS (text messages) and social media to complement official crime statistics. Current 

clients are governments in Central and South America, where a significant share of crimes are not 

reported.
18

 By providing citizens digital means to report crimes, CitiVox’s system allows individuals to 

remain anonymous. At the same time, policy makers and enforcement agencies can mine the incoming data 

for crime patterns that would not be detected (or not fast enough) through official statistics. Estimates on 

the economic impact of PSI (EUR 509 billion in 2008 for the re-use PSI in the OECD) focus on the 

commercial reuse of PSI and thus do not cover the full range of (social) benefits. 

40. As another example, a wide range of data sources include mobile phones and the web including 

social media are being explored and used to improve the well-being of individuals in developing countries. 
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For example, through international initiatives such as Paris21, the Partnership in Statistics for 

Development in the 21st century, and United Nations (UN) Global Pulse, an initiative launched by the 

Executive Office of the UN Secretary-General, in response to the need for more timely data to track and 

monitor the impacts of global and local socio-economic crises (United Nations Global Pulse, 2012). 

Another example is the Kenya based non-profit organisation Ushaidi, which creates software to collect and 

visualise data that is used to analyse and visualise, for example, eyewitness reports of violence via email 

and text messages or the availability of critical drugs for those providing humanitarian aid in developing 

countries around the world, the benefits of which is nowhere captured in economic statistics (see Box 4 on 

DDI for development). 

Box 4. Data-driven innovation for development: the case of Ushahidi 

Ushahidi (meaning “testimony” in Swahili) a non-profit software company based in Nairobi, Kenya, which 
develops free and open-source software for data collection. Ushahidi’s products are provided as open source cloud 
computing platforms that allow users to create their own services on top of it. They are free services that enable 
programmers to collect information from multiple sources (i.e. “crowd-sourcing”) to create timelines and provide 
mapping services. In addition, a key component of the website is the use of mobile phones as a primary means to 
send and retrieve data.  

One of its first products named as the company (Ushahidi) was created in the aftermath of Kenya’s disputed 
2007 presidential election to collect eyewitness reports of violence via email and text messages to be visualised on 
Google Maps. Since its creation, it has been used across the world for various purposes. In India, for example, a 
software engineer built a disaster-tracking map on the Ushahidi platform when the city of Mumbai faced the bomb 
attacks in July 2011. It was also used for other disaster tracking purposes during earthquakes in various locations, 
such as for example, in the aftermath of the 2010 earthquake in Haiti and the 2010 earthquake in Chile respectively. 
The Pak Flood Incident Reporting System, for example, was a system for reporting incidents related to the 2010 flood 
disaster in Pakistan, which killed over 1 600 and displaced over 18 million individuals. The tool gives users a way to 
report floods via SMS. These incidents were then instantly mapped on an interactive map and provided in combination 
with reports available in the media as online reports for practitioners and volunteers in the field as well as to policy 
makers looking to better respond to the natural disaster.  

Other examples of how the service is used include geospatial visualization services e.g. on (human) trafficking, 
monitoring elections in various countries such as India, Mexico and Afghanistan, observing medicine stock-outs (in 
Zambia), building ICT knowledge bases (e.g. in the area of agriculture) and tracking business incubators and tech 
organisations in several African countries. 

Figure 7. Ushahidi in the aftermath of Kenya’s disputed 2007 presidential election 

 
Source: OECD (2013c) 
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41. In the area of science, the advent of new instruments and methods of data-intensive exploration 

has prompted some to suggest the arrival of a new “data-intensive scientific discovery”, which builds on 

the traditional uses of empirical description, theoretical models and simulation of complex phenomena 

(BIAC, 2011). New instruments such as super colliders or telescopes, but also the Internet as a data 

collection tool, have been instrumental in these new developments in science, as they have changed the 

scale and granularity of the data being collected. The Digital Sky Survey, for example, which started in 

2000, collected more data through its telescope in its first week than had been amassed in the history of 

astronomy (The Economist, 2010), and the new square kilometre array (SKA) radio telescope could 

generate up to 1 petabyte of data every 20 seconds (EC, 2010). Furthermore, the increasing power of data 

analytics has made it possible to extract insights from these very large data sets reasonably quickly. In 

genetics, for instance, DNA gene sequencing machines based on big data analytics can now read about 26 

billion characters of the human genetic code in seconds. This goes hand in hand with the considerable fall 

in the cost of DNA sequencing over the last five years. 

42. These recent developments in science obviously had significant impacts on health research and 

care, where demographic changes toward aging societies and the rising health cost, are urging for greater 

efficiency and for more responsive, patient-centric services. At the core of DDI in the health sector are 

national health data, including, but not limited to, electronic health records, and genetic, neuro-imaging and 

epidemiological data. The efficient reuse of these data sets promises to improve the efficiency and quality 

of health care. In Finland, for example, the content, quality and cost-effectiveness of treatment of a set of 

selected diseases are analysed by linking patient data across the whole cycle of care from admission to 

hospital, to care by their community doctor, to the medications prescribed and deaths (OECD, 2013d). The 

results of the analysis are made publicly available and have empowered patients and led to improvement in 

the quality of hospitals in Finland.  

43. While traditional research and health data plays a key role for DDI in science and health research, 

new sources of data are already being considered either by researchers who are looking for new sources of 

data to improve research and the treatment of diseases or by individuals who are taking advantage of DDI 

to empower themselves for better prevention and care. For example, the social network PatientsLikeMe not 

only allows people with a medical condition to interact with, derive comfort and learn from, other people 

with the same condition, it also provides an evidence base of personal data for analysis and a platform for 

linking patients with clinical trials. As another example, the so-called Quantified Self-movement has 

inspired its followers to use all kinds of tools, like the Fitbit, to track their every move and heartbeat, and 

to empower individuals to improve their health and overall well-being. 

Preliminary conclusions III 

 All-in-all, the social potential of DDI is significant, and should not be neglected although its full effects will 
hardly appear directly in economic statistics.  

 Although the different application areas suggest that DDI generates significant economic and social 
benefits, the mechanisms through which these benefits are generated can be significantly different, and in 
some cases even very domain specific. More importantly, the policy issues raised by these applications, and 
the answer to whether policy intervention may be required, may also depend on the application domain. 

 This calls for a domain specific analysis of the benefits and policy challenges of DDI, that goes beyond the 
scope of this synthesis report, and which is reserved for the more detailed domain specific chapters of the 
final report on KBC2:Data. Instead this synthesis report focuses rather on the (domain independent) 
characteristics of DDI and the key policy issues it raises in general. 
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Understanding data-driven innovation 

44. DDI contributes to economic growth through two channels along the data value cycle presented 

in Box 5: (i) the economic properties of data as infrastructural resource, and (ii) the value creation 

mechanisms of the use of data and analytics. Building on the work of Frischmann (2012) on Infrastructure: 

The Social Value of Shared Resources, this section suggests looking at data as an infrastructure, a concept 

well-known to economists and policy makers, in particular those in charge of telecommunication 

infrastructures and the Internet. Such perspective will help understand the economics of data which are at 

the source of the growth enhancing features of DDI, in particular the increasing returns to scale and scope 

that can come with the use of data. This section will then discern the generic mechanisms through which 

value is created out of data, and that are at the origin of the many shapes of value creation that come with 

DDI. 

Data as infrastructural resource 

45.  As data becomes an increasingly important economic and social phenomenon, economists and 

policy analysts are trying to describe its properties it with existing concepts and theories. Metaphors like: 

“data is the new currency” (Schwartz, 2000 cited in IPC, 2000; Zax, 2011; Dumbill, 2011; Deloitte, 2013) 

or more recently “data is the new oil” (Kroes, 2012; Rotella, 2012; Arthur, 2013) are often used as 

rhetorical means to make this emerging phenomenon better understandable to policy and decision makers. 

At first these metaphors are helpful to highlight the (new) economic role of data, for instance, its role as 

factor of production for a wide range of end-products, and to illustrate the growing dependence of our 

economic activities. However, these metaphors often fall short and sometimes are even misleading, and 

therefore should be used with caution (see for example Thorp, 2012; Bracy, 2013; and Glanz, 2013). Data, 

for example, is not a rivalrous good such as oil, which is depleted once extracted, transformed and burned 

during production processes. Although data is a factor of production, the use of data, in contrast to oil, does 

not affect in principle its potential to meet the demands of others. All these metaphors, however, reflect an 

urging need for a concept through which to better understand and analyse the economics of data, ideally 

building on familiar concepts. 

46. The economic properties of data suggest looking at data as an infrastructure or infrastructural 

resource. At a first glance this may sound counter-intuitive since traditionally, infrastructures typically 

refer to large-scale physical facilities provided for public consumption such as transportation systems 

including e.g. high-way or railway systems, communication systems including e.g. telephone or broadband 

networks, and basic services and facilities including e.g. buildings, sewer and water systems (Frischmann, 

2012). However, as for example recognized by the US National Research Council (NRC, 1987, cited in 

Frischmann, 2012), the notion of infrastructure also refers to non-physical facilities such as the education 

systems as well as governance systems including e.g. the court system.
19

 According to Frischmann (2012), 

this broader notion of infrastructure strongly suggests looking at infrastructures from a functional 

perspective rather than from a purely semantic perspective. 
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Box 5. The data value cycle: from datafication to data analytics and decision making 

Data-driven innovation is best described through a process that takes into account the different phases through 
which data is transformed to finally lead to innovation. Figure 8 illustrates a stylised data value cycle, which is based on 
the recognition that data-driven innovation is not a linear process, and thus cannot be sufficiently represented through 
a simple value chain. In contrast, data-driven innovation involves feed-back loops at several phases of the value 
creation process. The following phases have been identified, whereby the phases which constitute an action are 
underlined, while those constituting a state are not: 

 Datafication and data collection refer to the activity of data generation through the digitisation of 

media, monitoring of activities including real world (offline) activities and phenomenon through sensors.  

 Big data refers to the result of datafication and data collection which lead to a large pool of data that 

can be exploited through data analytics. Data in this state has typically no inherent meaning without any 
inherent structure or relationship within itself.

20
  

 Data analytics: Until processed and interpreted via data analytics, big data is typically useless since at 

first glance no information is obvious. Data analytics refers to a set of techniques and software tools that 
are used to extract information from data. As OECD (2012b) highlights, the value of data is highly 
context-dependent and relies upon how data is being linked to other data sets, which is what data 
analytics is also about. Finally, data analytics is increasingly undertaken via cloud computing. 

 The knowledge base: refers to the knowledge that individuals or systems (incl. organisations) 

accumulate through data analytics over time. It is typically embodied in human when gaining insights 
(though learning). However, it can also be embedded in tangible and intangible products, including 
books, standard procedures and, last but not least, KBCs such as patents, design and software.

21
 

Where machine learning is involved, the knowledge base reflects the state of the learning system. The 
knowledge base is the “crown jewels” of the data-driven organisation, and therefore enjoys particular 
protection through legal (e.g. trade secret) and technical means. 

 Data-driven decision making: The social and economic value of data is mainly reaped during two 

moments: first when data is transformed into knowledge (gaining insights) and then when it is used for 
decision-making (taking action). The decision-making phase seems to be the most important for 
businesses. According to a survey by the Economist Intelligence Unit (2012, commissioned by 
Capgemini), for example, almost 60% of business leaders use “big data” for decision support and almost 
30% for decision automation.  

Figure 8. The data value cycle 
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47. As defined by Merriam-Webster (cited in Frischmann, 2012) infrastructures are “the basic 

equipment and structures […] that are needed for a country, region, or organization to function properly”. 

They provide the “underlying foundation or basic framework (as of a system or organization)” 

(Frischmann, 2012). According to Frischmann (2012) infrastructure resources are “shared means to many 

ends”, which satisfy the following three criteria: 

1. The resource may be consumed non-rivalrously for some appreciable range of demand (i.e. non-

rivalrously criteria); 

2. Social demand for the resource is driven primarily by downstream productive activities that 

require the resource as an input (i.e. capital good criteria); 

3. The resource may be used as an input into a wide range of goods and services, which may 

include private goods, public goods, and social goods (i.e. general purpose criteria). 

48. As discussed in the following sections, most data (not all) are “shared means to many ends” and 

satisfy Frischmann’s three criteria. Therefore, data can in principle be considered as infrastructural 

resources.
22

 Before testing these three criteria on data, it is important to highlight the policy implications of 

this essential counter-intuitive finding. 

49. Given their role as the underlying framework of society, infrastructures have always been the 

object of public policy debates, and governments have played and continue to play a significant and widely 

accepted role in ensuring the provision of many infrastructures (Frischmann, 2012). The main rationale for 

the role of governments is justified by the significant spillovers (positive externalities) that infrastructures 

generate and which result in large social gains, many of which are incompletely appropriated by the 

suppliers of the infrastructure (Steinmueller, 1996, cited by Frischmann, 2012). Spillovers or positive 

externalities of this nature provide a major theoretical link to total factor productivity growth according to 

a number of scholars including Corrado et al. (2009). But these positive externalities are also at the source 

of the related challenges in measuring and assigning the contribution of infrastructures to economic growth 

as the OECD (2012a) work on measuring the economic impact of the Internet as demonstrated.
23

  

50. The positive externalities also explain why “infrastructures generally are managed in an openly 

accessible manner whereby all members of a community who wish to use the resources may do so on equal 

and non-discriminatory terms” (Frischmann, 2012). The community may, but do not need to, include the 

public at large. Furthermore this does not mean access is free, nor that access is unregulated. The important 

point here is that, as Rose (1986, cited in Frischmann, 2012) highlights, the positive externalities in 

combination with open access can lead to a “comedy of the commons”, where greater social value is 

created with greater use of the infrastructure.
24

 So in contrast to Hardin’s (1968) “tragedy of the 

commons”, where free riding on common (natural) resources leads to the degradation and the depletion of 

the resources, the “comedy of the commons” is possible in the case of non-rivalrous resources such as data 

and the strongest rational for policy makers to promote access to data, either through “open data” in the 

public sector, “data commons” such as in science, or through the more restrictive concept of “data 

portability” to empower consumers.  

Data as a non-rivalrous good 

51. (Non-) rivalry, or (non-) rivalrousness of consumption describes the degree to which the 

consumption of a resource affects the potential of the resource to meet the demands of others. It thus 

reflects the marginal cost of allowing an additional consumer for the good. A purely rivalrous good such as 

oil can only be consumed once. A non-rivalrous good such as data in contrast can be consumed in principal 

an unlimited number of times. This property is at the source of significant spill-overs which provide the 
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major theoretical link to total factor productivity growth according to a number of scholars including 

Corrado et al. (2009). But it also raises implications on how best to allocate data as a resource.  

52. While for pure rivalrous goods it is widely accepted that social welfare is maximized when a 

rivalrous good is consumed by the person who values it the most, and that the market mechanism is 

generally the most efficient means for rationing such goods and for allocating resources needed to produce 

such goods, this is not always true for non-rivalary goods (Frischmann, 2012). For non-rivalary goods, the 

situation is more complex since these goods come with an additional degree of freedom with respect to 

resource management. As Frischmann (2012) highlights social welfare is not maximized when the good is 

only consumed by the person who values it the most, but by everyone who values it. Maximizing access to 

the non-rivalry good will in theory maximize social welfare as every additional private benefit comes at no 

additional cost. 

Data as capital good 

53. Data is often described as “the new oil”. However, besides the non-rivalrous nature of data, there 

is another drawback with such an analogy: data is not a consumption good such as an apple nor an 

intermediate good such as oil. In most cases, data can be classify as capital goods. 

54. Consumption goods are consumed to generate direct benefits to the consumer or firm. The UN 

(2008) System of National Accounts (SNA) defines a consumption good or service as “one that is used 

(without further transformation in production) by households, NPISHs [non-profit institutions serving 

households] or government units for the direct satisfaction of individual needs or wants or the collective 

needs of members of the community”. In contrast, intermediate goods
25

 and capital goods are used as 

inputs to produce other goods. They are means rather than ends and their demand is driven by the demand 

for the derived outputs (Frischmann, 2012). They are thus “factors of production”. Capital goods according 

to the OECD are “goods, other than material inputs and fuel, used for the production of other goods and/or 

services”
26

. In contrast to capital goods, intermediate goods such as raw materials (e.g. oil) are used up, 

exhausted, or otherwise transformed when used as input to produce other goods (Frischmann, 2012). 

Furthermore, capital goods “must have been produced as outputs from processes of production”, which 

explains why “natural assets such as land, mineral or other deposits, coal, oil, or natural gas, or contracts, 

leases and licences” are not considered capital goods (UN, 2008).
27

 

55. Data can sometimes be consumed to directly satisfy consumer demand. This is the case for 

example when looking at e.g. an OECD statistic, which will inform the reader about a social-economic 

fact. However, in most cases data are usually used as an input for goods or services, and this is in particular 

true for large volume of data, which are means rather than ends themselves. In other words, demand for 

“big data” is not driven by “big data” for itself, but by the benefits that its use promised to bring. In that 

sense, even pure data products such as infographics (i.e. graphic visual representations of information, data 

or knowledge) are the output of visualisation algorithms applied on data. 

56. Data is also not an intermediate good as it is not exhausted when used given its non-rivalrous 

nature: In contrast to oil, the use of data does not affect in principle its potential to meet the demands of 

others. This does not mean that data cannot be discarded after it has been used. In many cases, data is used 

just once. However, while the cost of storing data in the past discouraged keeping data that were no longer, 

or unlikely to be, needed, storage costs today have decreased to the point at which data can generally be 

kept for long periods of time if not indefinitely. This has increased the capacity of data to be used as capital 

good and production factor. 

57. Furthermore, being a capital good does not mean that data does not depreciate similarly to most 

capital goods, whose value decline “as a result of physical deterioration, normal obsolescence or normal 
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accidental damage” (UN, 2008). In the case of data, depreciation is more complex because it is context 

dependent. Data has no intrinsic value as its value depends on the context of its use. A number of factors 

listed in Box 5 can affect that value, in particular (i) the accuracy and (ii) timeliness of data. The more 

relevant and accurate data is for the particular context in which it is used, the more useful and thus valuable 

data is (see Oppenheim et al. 2004; cited in Engelsman, 2007). This implies on the other hand, that the 

value of data can perish over time depending on the use case (see Moody and Walsh, 1999; cited in 

Engelsman, 2007). Data can depreciate in particular when it becomes less relevant for the particular 

purpose it is intended use. Put it positively, there is a temporal premium which has even motivated a wide 

range of “real-time” data providers for example in the financial sector. 

Box 5. Context dependency and the factors affecting value and quality of data 

As OECD (2012b) highlighted assessing the value of data ex ante (before its use) is almost impossible, because 
the information derived from it is context dependent. Because information is context dependent, data value and 

quality typically depends on the intended use: Data that is of good quality for certain applications can thus be of poor 
quality for other applications. The OECD (2011) Quality Framework and Guidelines for OECD Statistical Activities 
defines data quality as “fitness for use” in terms of user needs, which underlines the context dependency of data. 
OECD (2011) in particular suggests that data quality (and thus value) needs to be viewed as a multi-faceted concept. 
The OECD (2011) defines the following seven dimensions of data quality:  

1. Relevance: “is characterised by the degree to which the data serves to address the purposes for which they 

are sought by users. It depends upon both the coverage of the required topics and the use of appropriate 
concepts”; 

2. Accuracy: is “the degree to which the data correctly estimate or describe the quantities or characteristics 

they are designed to measure”; 

3. Credibility: “the credibility of data products refers to the confidence that users place in those products 

based simply on their image of the data producer, i.e. the brand image. Confidence by users is built over 
time. One important aspect is trust in the objectivity of the data”; 

4. Timeliness: “reflects the length of time between their availability and the event or phenomenon they 

describe, but considered in the context of the time period that permits the information to be of value and still 
acted upon”. Real-time data is data with a minimal timeliness”; 

5. Accessibility: “reflects how readily the data can be located and accessed” as discussed in the previous 

section on data access and sharing; 

6. Interpretability: “reflects the ease with which the user may understand and properly use and analyse the 

data”. The availability of meta-data plays an important role here as they provide for example “the definitions 
of concepts, target populations, variables and terminology, underlying the data, and information describing 
the limitations of the data, if any”; and 

7. Coherence: “reflects the degree to which they are logically connected and mutually consistent. Coherence 

implies that the same term should not be used without explanation for different concepts or data items; that 
different terms should not be used without explanation for the same concept or data item; and that variations 
in methodology that might affect data values should not be made without explanation. Coherence in its 
loosest sense implies the data are ‘at least reconcilable’”. 

Furthermore, the information that can be extracted from data is not only a function of the data itself, but also a 
function of the (analytic) capacity to link data and to extract insights. This capacity is not only determined by available 
(meta-) data, analytic techniques and technologies, but more importantly, is a function of pre-existing knowledge and 
skills. This means that there are a number of factors beyond the data itself which determine its value: 

1. Data linkage: Information depends on how the underlying data is organized and structured. In other words, 

the same data sets can lead to different information depending on their structure including their linkages 
with other (meta-) data. 

2. Data analytic capacities: The value of data depends on the meaning as extracted or interpreted by the 

receiver. The same data sets can thus lead to different information and is thus depending on the analytic 
capacities of the “receiver” including her or his skills and (pre-) knowledge, available techniques and 
technologies for data analysis. 
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58. The capital good nature of data has major implications for economic growth: As data is a non-

rival capital, it can in theory be used (simultaneously) by multiple users for multiple purposes as an input 

to produce an unlimited number of goods and services. This is the major theoretical link to total factor 

productivity growth, which in practical terms finds its application in data-enabled multi-sided markets, i.e. 

economic platforms in which distinct user groups generate benefits (externalities or spill-overs) to the other 

side(s) (see Box 6). 

Box 6. Data as non-rival capital enabling multi-sided markets 

Established and emerging service platforms such as Google, Facebook, TomTom and John Deere have 
developed data-enabled multi-sided markets, i.e. economic platforms in which distinct user groups generate benefits 
(externalities or spill-overs) to the other side(s). Unlike multi-sided markets such as eBay, Amazon, Microsoft’s Xbox 
platform, and Apple’s iTunes store, these companies (Google, Facebook, TomTom, and John Deere) have developed 
multi-sided markets that have been enabled through data and analytics. eBay and Amazon, for example, provide 
online marketplaces for sellers and buyers, and are multi-sided by virtue of their business model (online market). This 
is also true for Microsoft’s Xbox platform, which is positioned in between consumers and game developers, and 
Apple’s iTunes store which provides a platform that links consumers to application developers and musicians. 

In contrast, TomTom’s navigation services are provided to consumers as well as to traffic management providers. 
The service provided to the traffic management providers build on the analysis of consumer data. The same applies to 
Google and Facebook, which provide online services to consumers while (re-) using consumer data to provide 
marketing services to third parties, or John Deere, which collect agricultural data from farmers to be provided as a 
service to large seed companies. At the core of these companies’ multi-sidedness lies data as non-rival capital, which 
is collected and used on one side of the market e.g. to personalise the service, and re-used on the other side(s) as 
input for a theoretical unlimited number of additional goods and services such as marketing.  

Data as general purpose input 

59. As Frischmann (2012) explains, “infrastructure resources enable many systems (markets and 

nonmarkets) to function and satisfy demand derived from many different types of users”. They are not 

inputs that have been optimized for a special limited purpose, but “they provide basic, multipurpose 

functionality” (Frischmann, 2012). In particular infrastructures enable the production of a wide range of 

private, public goods, and social goods, which users are free to produce according to their capabilities.    

60. In the case of data, the application for which it can be used will typically depend on the data 

source. For example, agricultural data will primarily be used for agricultural goods and services. However, 

in theory there is no limitation for what purposes data can be used and many of the benefits envisioned 

with the re-used of data is based on the assumption that data created in one domain can provide further 

insights when applied in another domain. This is apparent in the case of open public sector data, where a 

data sets used originally for administrative purposes are reused by entrepreneurs to create new services that 

were never foreseen when the data was originally created. Or in the case of health care and Alzheimer’s 

disease research in particular, where retail and social network data are being considered by researchers to 

study the impact of behavioural and nutritional patterns on the evolution of the disease. 

61. The general purpose nature of infrastructure comes with a key policy implication. The potential 

production of (a priori unforeseeable) public and social goods via the infrastructure, could lead to a market 

failure in the sufficient provision of the infrastructure, and would call for government intervention in some 

cases. As Frischmann (2012) explains: “users’ willingness to pay [for the infrastructure] reflects private 

demand – the value that they expect to realize – and does not take into account value that others might 

realize as a result of their use” (social value). That “social value may be substantial but extremely difficult 

to measure” and thus lead to a “demand-manifestation problem” which in turn may lead to an undersupply 



DATA-DRIVEN INNOVATION FOR GROWTH AND WELL-BEING: INTERIM SYNTHESIS REPORT  

28  © OECD 2014 

of the infrastructure and an “optimization of infrastructure design or prioritization of access and use of the 

infrastructure for a narrower range of uses than would be socially optimal” (Frischmann, 2012). As a 

consequence, there can be significant (social) opportunity costs in limiting access to infrastructures. In 

other words: open (closed) access enables (restricts) user opportunities and degrees of freedom in the 

downstream production of private, public, and social goods, many of which having by nature significant 

spill-over effects (Frischmann, 2012). In particular, in environments characterized by high uncertainty, 

complexity, and dynamic changes open access can be an optimal (private and social) strategy for 

maximizing the benefits of an infrastructure. 

62. For data, in particular, this means that data markets may not be able to fully serve social demand 

for data where such a demand-manifestation problem would occur. Although no literature is known to have 

discussed the data demand-manifestation problem, there are some plausible reasons to believe that such a 

demand-manifestation problem may occur in the data ecosystem. In addition, the context dependency of 

data and information presented in Box 6 and the high uncertainty, complexity, and dynamic environment 

for which some data is used (e.g. research) makes it almost impossible to fully evaluate ex ante the full 

potential of data and would exacerbate a demand-manifestation problem. 

Data increasing returns to scale and scope 

63.  Returns to scale are concerned with changes in the level of output as a result of changes in the 

amount of factor inputs used. Increasing returns to scale are given when the e.g. doubling of the amount of 

all factors of production results in a more than double output. In analogy to economies of scope, returns to 

scope are conceptually similar to returns to scale except that it is not the size or the scale of the factor 

inputs that leads to over-proportionate outputs, but the diversity of the input.
28

  

64. The use of data can generate large returns to scale and scope as data is a non-rival capital that can 

be reused with positive feedback loops reinforcing each effect at the supply and the demand side. This is 

however only true to a certain degree as the accumulation of data also comes with certain costs (e.g. 

storage) and risks (e.g. privacy violation and digital security risks): 
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At the supply side: 

1. Increasing returns to scale: The accumulation of data can lead to significant improvements 

of data-driven services which in turns can attract more users, leading to even more data that 

can be collected. This “positive feedback makes the strong get stronger and the weak get 

weaker, leading to extreme outcomes” (Shapiro and Varian, 1999). For example, the more 

people use services such as Google Search, or recommendation engines such as that provided 

by Amazon, or navigation systems such as that provided by TomTom, the better the services 

as they become more accurate in delivering requested sites and products, and providing 

traffic information, and the more users it will attract. 

2. Increasing returns to scope: The diversification of services leads to even better insights if 

data linkage is possible. This is because data linkage enables “super-additive” insights, 

leading to increasing ‘returns to scope’. Linked data is a means to contextualise data and thus 

a source for insights and value that are greater than the sum of its isolated parts (data silos). 

As Newman (2013) highlights in the case of Google: “It's not just that Google collects data 

from everyone using its search engine. It also collects data on what they're interested in 

writing in their Gmail accounts, what they watch on YouTube, where they are located using 

data from Google Maps, a whole array of other data from use of Google's Android phones, 

and user information supplied from Google's whole web of online services.”
29

 This diverse 

data set allows the company to create even more detailed profiles about its users that were not 

possible with each single service. 

At the demand side: 

1. Network effects (demand side economies of scale): many data-driven services and 

platforms such as social networking sites are characterized by large network effects (demand 

side economies of scale) where the utility of the services increases over proportionately with 

the number of users. This reinforces the increasing returns to scale and scope on the supply 

side. 

2. Multi-sided markets: As highlighted in Box 5, data can enable multi-sided markets. The 

reuse of data generates huge returns to scale and scope which lead to positive feedback loops 

in favour of the business on one side of the market, which in turn reinforces success in the 

other side(s) of the market.  

65. These effects are not mutually exclusive and may interact, leading to a multiplication. For 

instance, consumers that appreciate customized search results and ads by Google’s search and webmail 

platform will spend more time on the platform, which allows Google to gather even more valuable data 

about consumer behavior, and to further improve services, for (new) consumers as well as advertisers (on 

both sides of the market). These self-reinforcing effects may increase with the number of applications 

provided on a platform, e.g. bundling email, messaging, video, music and telephony as increasing returns 

to scope kicks in and even more information becomes available thanks to data linkage. As a result, a 

company such as Google ends up (together with Facebook) with an almost 60% of market share in the US 

mobile ad market. 
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Preliminary conclusions IV 

Based on the discussion presented above the following three preliminary conclusions can be drawn: 

 Data is an infrastructural resource, a capital good that cannot be depleted and that enables a theoretic 
unlimited range of purposes. 

 In particular, data enables multi-sided markets which combined with increasing returns to scale and scope 
can lead to market concentration and dominance as the inevitable outcome of market success. 

 Data demand-manifestation problems may lead to the underprovision of data and the optimization of design 
or prioritization of access and use for a narrower range of uses than would be socially optimal.  

Value creation mechanisms 

66. There are many mechanisms through which value can be created out of data. Despite the many 

shapes of value creation, it is possible to discern the following generic mechanisms.  

Gaining insights: from data to information to knowledge 

67.  The first motivation for the use of data analytics is the gain of insights (knowledge) to enable a 

greater influence and control over a relevant phenomenon. These include gaining insights (i) about natural 

phenomenon such as in science, (ii) about organisations such as in business management, (iii) about 

individuals such as in targeted advertisement or personalised health care, and (iv) about the society overall 

such as for city planning or policy making. 

68. Data analytics extract information by revealing the context in which the data is embedded, its 

organization and structure to extract the signal from the noise and with that the data’s “manifold hidden 

relations (patterns), e.g. correlations among facts, interactions among entities, relations among concepts” 

(Merelli and Rasetti, 2013; see also Cleveland, 1982; Zins, 2007). Four main functions through which data 

analytics today is used to gain insights can be distinguished. They include: (i) extracting information from 

unstructured data; (ii) linking data sets, (iii) real-time monitoring; and (iv) inference and prediction. It is 

interesting to note here that the first two functions are related to two of the three Vs’ which many see as the 

key characteristics of “big data”: variety and velocity (see Box 1). The first V (volume) refers to the 

exponential growth in data generated and collected which is not subject of this section.  

 Extracting information from unstructured data: Data analytics today have attracted a lot of 

attention due to their capacity to analyse in particular unstructured data, which is data that lacks 

a predefined data model.
30

 Data are considered structured if they are based on a predefined data 

model (i.e. an abstract representation of “real world” objects and phenomenon). Unstructured 

data is by far the most frequent type of data, and thus provides the greatest potential for data 

analytics today. According to a survey of data management professionals by Russom (2007), less 

than half of total data stored in businesses is structured. The remaining data are either 

unstructured (31%) or semi-structured (21%). The author, however, admits that the real share of 

unstructured (including semi-structured) data could be much higher as only data management 

professionals dealing mostly with structured data and rarely with unstructured data were 

surveyed. Older estimates suggest that the share of unstructured data could be as high as 80% to 

85% (see Shilakes and Tylman, 1998). In health care, for example, health records and medical 

images are the dominant type of data and they are stored as unstructured data. Estimates suggest 

that in the United States alone 2.5 petabytes are stored away each year from mammograms.  
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 Linking data sets: The extraction of information sometimes requires the capability to link data 

sets; this can be essential as information is highly context-dependent and may not be of value out 

of the right context. The potential for linking unstructured data sets can be illustrated via the 

evolution of search engines. Web search providers such as Yahoo! initially started with highly 

structured web directories edited by people. These services could not be scaled up as online 

content increased. Search providers had to introduce search engines which automatically crawled 

through “unstructured” web content using links to extract even more information about the 

relevance of the content.
31

 Yahoo! only introduced web crawling as the primary source of its 

search results in 2002. By then Google had been using its search engine (based on its PageRank 

algorithm) for five years, and its market share in search had grown to more than 80% in 2012.
32

 

 Real-time processing and monitoring: The speed at which data are collected, processed and 

analysed is often also highlighted as one of the key benefits of data analytics today. The 

collection and analysis of data in (near to) real-time has empowered organisations to base 

decisions on “close-to-market” evidence. For businesses, this means reduction of time-to-market, 

and benefits due to first- or early-mover advantages. For governments, it can mean real-time 

evidence-based policy making (OECD, 2013b).
33

 

 Inference and prediction - the new power of machine learning: Data analytics enable the 

“discovery” of information even if there was no prior record of such information. Such 

information can be derived in particular, as indicated earlier by “mining” available data for 

patterns and correlations. As the volume and variety of available data sets increases, so does the 

ability to derive further information from these data in particular when they are linked. In 

particular, personal information can be “inferred” from several pieces of seemingly anonymous 

or non-personal data (see Narayanan and Shmatikov, 2010). Machine learning, in particular, has 

largely benefited from the availability of large volumes of data in combination with cloud 

computing. 

Human decision-making: towards a business culture of data-driven experiments and crowd sourcing 

69.  The ubiquity of data generation and collection has enabled organisation to base their decision-

making process on data even more than in the past. Two major trends deserve to be highlighted here: (i) 

human decision-making is increasingly based on rapid data-driven experiments. (ii) crowdsourcing, “the 

practice of obtaining needed services, ideas, or content by soliciting contributions from a large group of 

people and especially from the online community” (Merriam-Webster, 2014) has been made further 

affordable thanks to the increased capacity to extract information from unstructured data from the Internet 

and to share data with other analysts. 

70. In business, for example, an increasing number of companies are crowdsourcing and analysing 

data as diverse as online, social media, and sensor data to improve the design and quality of their products 

as early as in design phase. They are also analysing these data sources to identify product related problems 

to swiftly recall these products if necessary. The rapid analysis of these data sources enables firms to 

explore different options during product (re-) design and to reduce their opportunity costs and their 

investment risks. The online payment platform WePay, for instance, designs its web services based on A/B 

testing
34

. For two months, users are randomly assigned a testing site. The outcome is then measured to 

determine whether the change in design led to statistically relevant improvements (Christian, 2012). As 

another example, John Deere, the agriculture equipment manufacturer, provides farmers with a wide range 

of agricultural data which enable them to optimize agricultural production by experimenting with the 

selection of crops, and where and when to plant and plough the crops (Big Data Startup, 2013) 



DATA-DRIVEN INNOVATION FOR GROWTH AND WELL-BEING: INTERIM SYNTHESIS REPORT  

32  © OECD 2014 

71. The use of data analytics in decision-making processes as described above, points to a shift in the 

way decisions are made in data-driven organisations. Decision makers do not necessarily need to 

understand the phenomenon, before they act on it. In other words: first comes the analytical fact, then the 

action, and last, if at all, the understanding. For example, a company such as Wal-Mart Stores may change 

the product placement in its stores based on correlations without the need to know why the change will 

have a positive impact on its revenue. As Anderson (2008) explains: “Who knows why people do what 

they do? The point is they do it, and we can track and measure it with unprecedented fidelity.” Anderson 

(2008) has even gone as far as to challenge the usefulness of models in an age of massive datasets, arguing 

that with large enough data sets, machines can detect complex patterns and relationships that are invisible 

to researchers. The data deluge, he concludes, makes the scientific method obsolete, because correlation is 

enough (Anderson, 2008; Bollier, 2010). 

Autonomous machines and machine decision-making 

72. Data-driven decision-making does not stop with the human decision-maker. In fact, one of the 

largest impacts of data on (labour) productivity can be expected to come from decision automation thanks 

to “smart” applications, that are “able to learn from previous situations and to communicate the results of 

these situations to other devices and users” (OECD, 2013a). These applications are powered by machine 

learning algorithms which are getting more and more powerful and they can perform an increasing number 

of tasks that required human intervention in the past. Google’s driverless car is an illustrative example of 

the potential of smart applications. It is based on the collection of data from all the sensors connected to the 

car (including video cameras and radar systems) and combines it with data from Google Maps and Google 

Street View (for data on landmarks and traffic signs and lights). Another example is automated or 

algorithmic trading systems (ATS) which can autonomously decide, what stock and when to trade and at 

what price. ATS are for instance used for high frequency trading (HFT), where stocks are bought and 

resold within seconds, or even fractions of a second. In the United States, algorithmic trading is estimated 

to account for more than half of all trades today (The Economist, 2012). 

Figure 9. Algorithmic trading as share of total trading 

 

Note: 2013-14 based on estimates. 

Source: OECD based on the Economist (2012) and Aite Group 

73. Autonomous machines are foreseen to have a large potential in logistic, manufacturing and 

agriculture. In manufacturing, robots have traditionally been used mostly where their speed, precision, 

dexterity and ability to work in hazardous conditions is valued. Traditional robots, however, were fast only 

in very precisely defined environments and setting up a robotic plant would take months if not years, to 

precisely plan all the movements of the robots down to the millimetre. Similarly, logistical robots that 

move the finished components have a precisely choreographed route. The robots might have sensors on 

board, but most of the movements had to be pre-planned and programmed which did not allow for much 

flexibility in the production of products. For this reason, the production of consumer electronics is still 
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often done by hand, because the life cycle of consumer electronics and time to market is so short the 

robotic factory would not be ready to make the current product by the time the successor should be on the 

market. 

The limits of data-driven innovation 

74. The use of data and analytics does not come without limitations, which in the current “big data” 

hype are even more important to acknowledge. There are considerable risks that the underlying data and 

analytic algorithms could lead to unexpected false results. This is more the case, where decision-making is 

automated as illustrated by the case of the Knight Capital Group, which lost USD 440 million in 2012, 

most of it in less than an hour, because it’s ATS behaved unexpectedly (Mehta, 2012). Users should 

therefore be aware of the limitations that come with the use of data and analytics; otherwise they may 

cause social and economic harms to themselves as well as to third parties (e.g. to individuals through 

privacy violations). Two types of errors can be distinguished: (i) errors that come with the inappropriate 

use of data and analytics, and (ii) errors that are caused by the unexpectedly changing environment from 

which data is collected (i.e. data environment). The latter issue is particularly relevant for decision 

automation. 

Inappropriate use of data and analytics  

75.  As highlighted above, some have suggested that with big data, decision makers could base their 

actions only on analytical facts without the need to understand the phenomenon, on which they are acting 

on. As correlation would be enough with big data, scientific methods and theories would not be important 

anymore. While it is true that analytics can be effective in detecting correlations in “big data”, especially 

those that would not be visible with smaller sized volumes of data, it is also widely accepted among 

practitioners that data analysis itself relies on rigorous scientific methods, in order to produce appropriate 

results. 

76. The rigour starts with how the quality of the data is assessed and assured. But even if data has 

good quality, which is not trivial, data analytics can still lead to wrong results if the data used is irrelevant 

and does not fit the business or scientific questions it is supposed to answer (Loukides, 2014). Experts 

recognize that it is often too tempting to think that with big data one has sufficient data to answer almost 

every question and to neglect data biases that could lead to false conclusions. The temptation is even 

bigger when correlations are suggested to be enough to drive decision-making processes, in which case the 

results could lead to non-sense. This is because with big data correlations can often appear statistically 

significant even if there is no causal relationship. Marcus and Davis (2014) give the illustrative example, 

where big data analysis reveals that the United States murder rate was well correlated with the market 

share of Internet Explorer from 2006 to 2011. Obviously, any causal relationship between the two variables 

is spurious.  

77.  The risk of inappropriate use of data and analytic underlines the need for high skills in data 

analysis and challenges current trends in the democratisation of data analytics, which suggests that 

everyone and every organisation today can apply data analytics effectively. As O’Neil (2013a) argues, the 

simplicity of applying machine learning algorithms today thanks to software improvements make it easy 

for non-experts to believe in software generated answers which might not correspond to reality. 

Furthermore, the need for understanding causal relationship means that sufficient domain specific 

knowledge is necessary to apply data and analytics sufficiently. Obviously the availability of high skills in 

data analysis and the rigorous use of data and analytics do not prevent data and analytics to be wrongly 

used intentionally for economic, political, or other advantages. Literature is full of cases where e.g. 

sophisticated econometric models have been used to lie with data. O’Neil (2013b) discusses some 

examples.  
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Changing data environment 

78. Even when the data and the analytics are perfectly used initially, this does not mean that they will 

always deliver the right results. Data analytics, in particular when used for decision automation, can 

sometimes be easily “gamed” once the factors affecting the underlying algorithms have been understood, 

for example, through reverse engineering. Marcus and Davis (2014) present for example the case where 

essay evaluation analytics that relied on measures like sentence length and word sophistication to 

determine typical scores given by human graders, were gamed by students who suddenly started “writing 

long sentences and using obscure words, rather than learning how to actually formulate and write clear, 

coherent text”. More popular examples (with business implications) are techniques known as “Google 

bombing” and “spamdexing” where users are adjusting Internet content, links and sites to artificially 

elevating website search placement in search engines (Segal, 2011; Marcus and Davis, 2014). 

79.  Data analytics does not need to be intentionally gamed to lead to wrong results. Often they are 

just not robust enough to unexpected changes in the data environment. This is because data analytics users 

(including the developers of autonomous systems) cannot envision all eventualities that could affect the 

functioning of their analytic algorithms and software in particular when it is used in a dynamic 

environment. In other words, data analytics are not perfect and some environments are more challenging 

than others. The case of the Knight Capital Group, which lost USD 440 million in financial markets in 

2012 due to unexpected behaviour of its trading algorithm, was already mentioned above. A more recent 

example is Google Flu Trends, which is based on Google Insights for Search and provides statistics on the 

regional and time-based popularity of specific keywords that correlate with flu infections.
35

 Google Flu 

Trends has been used by researchers and citizens as a means to accurately estimate flue infection trends, 

and this at faster rates than the statistics provided by the Centers for Disease Control and Prevention 

(CDC). However, in January 2013, Google Flu Trends drastically overestimated flu infection rates in the 

United States (Figure 10). Experts estimate that this was due to “widespread media coverage of [that] 

year’s severe US flu season” which triggered an additional wave of flu-related searches but by flu 

unaffected people (Butler, 2013). 

Figure 10. Fever estimations and comparison with reality in the United, January 2011-December 2012 

Estimated % of population with influenza-like illness, monthly average 

 

Source: OECD based on Butler (2013) 
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 80. These incidents, intentioned or not, are caused by the dynamic nature of the data environment. 

The assumptions underlying many data analytic applications may change over time, either because users 

suddenly change their behaviour in unexpected ways as presented above (see essay evaluation analytics) or 

because new behavioral patterns emerge out of the complexity of the data environment (see algorithmic 

trading). As Lazer et al. (2014) further explain, one major cause of the failures (in the case of Google Flu 

Trends) may have been that the Internet constantly changes and as a result the Google search engine itself 

constantly changes. Patterns in data collected are therefore hardly robust over time. 

Preliminary conclusions IV 

Based on the analysis of value creation mechanisms the following preliminary conclusions can be drawn: 

 Data analytics empower individuals to extract insights (knowledge) in ways that were not always possible 
before. These insights can be clustered as insights (i) about natural phenomena (e.g. science), (ii) about 
social systems including organisations and their related processes (e.g. business management and for 
policy making), and (iii) about individuals (e.g. targeted advertisement and personalised health care). 

 Data analytics lead to new ways of decision-making, in particular through low cost and rapid experiments 
(often based on correlations and a/b testing), and through autonomous machines and systems (based on 
machine learning algorithms) that are able to learn from previous situations and to (autonomously) improve 
decision-making. 

 There are serious risks to the inappropriate use of data and analytic which underline the need for high skills 
in data analysis and domain specific knowledge. These risks are more elevated when analytics are used for 
decision automation in dynamic environments, in which case the dynamics of the environments need to be 
properly understood as well. This challenges current trends in the “democratization” of data analytics, where 
data and analytics are expected to be used by everyone.   

Enabling factors and key challenges to data-driven innovation 

81. The economic and social role of data is not new. Economic and social activities have long 

revolved around the analysis and use of data. Even before the digital revolution, data was already used, for 

instance, for scientific discovery and for monitoring business activities such as in accounting.
36

 In business, 

furthermore, concepts such as “business intelligence”
37

 (Luhn, 1958) and “data warehousing” (Keen, 1978; 

Sol, 1987) already emerged in the 1960s and became popular in the late 1980s when computers were 

increasingly used as decision support systems (DSSs). The financial sector is a popular example for the 

longstanding use of sophisticated DSSs for e.g. detecting fraud and assessing credit risks (see Inmon and 

Kelley, 1992). 

82. However, the confluence of three major socio-economic and technological trends makes DDI a 

new phenomenon today. These three trends include: (i) the exponential growth in data generated and 

collected, (ii) the widespread use of data analytics including by start-ups and small and medium enterprises 

(SMEs), and (iii) the emergence of a paradigm shift in knowledge creation and decision-making. All these 

trends occur along the data value cycle introduced in Box 5. The confluence of these trends along each 

phase of the data value cycle has enabled the exploitation of data for services in ways that were never 

possible before. 

83. The degree of prevalence of these trends at national level may affect the readiness of countries to 

take advantage of DDI. This does not mean that all factors need to be present in order to realise the benefits 

of DDI. The global nature of the data ecosystem allows countries to realise the benefits of DDI through 

data, analytics, and data-driven goods and services produced elsewhere. However, it can be assumed that 

countries which enjoy strong developments along these trends are more likely to take advantage of DDI, as 
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they further develop their supply and use of data and analytics for DDI. These factors are presented in this 

section as key challenges as not all countries are performing well enough to realise the full potential of 

DDI. 

84. To better assess the degree of countries’ readiness to take advantage of DDI, it helps 

distinguishing between the (i) supply-side and the (ii) demand-side challenges faced by countries. In 

addition, there are some (iii) societal challenges which relate to possible effects of DDI and that policy 

makers would need to address to preserve the shared values of market democracies, while promoting 

inclusive growth and well-being across our societies. 

Supply-side challenges 

85.  DDI rely on the effective provision of the resources along the first two phases of the data value 

cycle presented in Box 5: (i) datafication and data collection (increasing also through sensor equipped 

machines connected to the Internet of Things), and (ii) data analytics including via cloud computing. The 

provision of these resources is not trivial and comes with some key challenges, which can be grouped in 

the following types of supply-side challenges:  

1. A fast and open Internet (including the Internet of Things) and the free flow of data; 

2. Data ownership and control, and the incentives for data sharing; 

3. Access to data analytics and super computing power (including cloud computing); 

A fast and open Internet: reducing the costs of data flows 

High-speed (mobile) broadband 

86. The rapid diffusion of broadband across OECD countries and its Partner economies is one of the 

most fundamental enablers of DDI. High-speed broadband is the underlying infrastructure for the exchange 

and free flow of data that is collected remotely through Internet applications and now increasingly through 

smart and interconnected devices forming the Internet of Things (IoT). Where real-time applications are 

deployed, broadband networks enable timely data transmission, although in some cases additional 

measures guaranteeing the delivering time sensitive data may be needed (e.g. quality of service, see 

OECD, 2014e). Mobile broadband in particular is essential as mobile devices are now becoming the 

leading means for data collection and dissemination. These multi-purpose mobile devices generated more 

than 1.5 exabytes (billions of gigabytes) of data every month in 2013 worldwide. Moreover, high-speed 

mobile broadband is also important to further improve connectivity in particular in remote and less 

developed regions where DDI could bring the much needed (regional) growth (see e.g. DDI in agriculture).  

87. The lowering of mobile access prices, which favoured the explosion of mobile subscriptions, has 

been instrumental for this development (OECD, 2013f). In Australia, Finland, Sweden, Japan, Korea, and 

Denmark, in particular, mobile penetration rates exceeded 100% in 2013. Australia, which now edged into 

first place after a 13% surge in smartphone subscriptions in the first half of 2013, as well as Estonia, New 

Zealand, the Netherlands, the Czech Republic, and Canada should be highlighted as they have experienced 

a boost in mobile subscriptions since 2009. Although penetration is still at 30% or less in Chile, Turkey, 

Hungary and Mexico, considering progress to date and the universal diffusion of standard mobile 

subscriptions, mobile broadband appears to have great catch-up potential in lagging economies as well 

(OECD, 2013f). For countries, broadband constitutes a necessary, although not sufficient, condition for 

DDI. Other factors, such as a well-established user base for Internet-related services, a sufficient large data 

analytic capacity and a culture of data-driven experiments, are also essential to assure that DDI is taking 

place within national borders as will discussed below. 
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Figure 11. OECD wireless broadband penetration, by technology, June 2013 and Dec. 2009 

Subscriptions per 100 inhabitants 

 
Note: Standard mobile broadband subscriptions may include dedicated mobile data subscriptions when breakdowns are not available 

Source: OECD (2014f), Measuring the Digital Economy: A New Perspective,   based on OECD Broadband Portal, 
www.oecd.org/sti/broadband/oecdbroadbandportal.htm, May 2014. 

Machine-to-Machine communication 

88. The growth in mobile data is not only driven by the growing use of smartphones, which are 

expected to account for only half of total mobile traffic. Machine-to-Machine
38

 communication (M2M) 

enabled (smart) devices are generating a growing volume of data in the IoT. Overall, Cisco (2013) 

estimates that the amount of data traffic generated by all mobile devices will almost double every year to 

reach more than 11 exabytes (billions of gigabytes) by 2017 (Figure 12.). Households across the OECD 

area alone now have an estimated 1.8 billion connected smart devices (OECD, 2014e). It is estimated that 

the number of connected smart devices in OECD countries would rise from over 1 billion today to 14 

billion by 2022. This does not take into account the growth of devices in non-OECD economies nor the 

growth of devices for industrial applications. Ericsson (2010) estimates that by 2020 as many as 50 billion 

devices will be online. That would be six devices for each of the 8.1 billion people in the world by that 

time. This will require governments to address the issue of the migration to a new Internet addressing 

system (IPv6). The current IPv4 addresses are essentially exhausted, and mechanisms for connecting the 

next billion devices are urgently needed. IPv6 is a relatively new addressing system that offers the 

possibility of almost unlimited address space, but adoption has been relatively slow. Furthermore, M2M 

raises regulatory challenges related to opening access to mobile wholesale markets to firms not providing 

public telecommunication services and to numbering policy and frequency policy issues (see Box 7). 
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Figure 12. Monthly global IP data traffic, 2005-17  

In exabytes (billions of gigabytes) 

 

Source: OECD (2014f), Measuring the Digital Economy: A New Perspective,   based on Cisco (2013). 

Box 7. Machine-to-Machine communication and regulatory barriers to data-driven mobile applications 

Machine-to-Machine communication (M2M) is an enabler for DDI in many industrial applications and services, 
including logistics, manufacturing, and even health care. However, a major barrier for the M2M enabled mobile 
applications (and users) is the lack of competition once a mobile network provider has been chosen. The problem is 
the SIM card, which links the device to a mobile operator. By design, only the mobile network that owns the SIM card 
can designate which networks the device can use. In mobile phones the SIM card can be removed by hand and 
changed for that of another network. But when used in cars or other machines it is often soldered, to prevent fraud and 
damage from vibrations. Even if it is not soldered, changing the SIM at a garage, a customer’s home, or on-site, costs 
USD 100-USD 1 000 per device. 

Consequently, once a device has a SIM card from a mobile network, the company that developed the device 
cannot leave the mobile network for the lifetime of the device. Therefore, the million-device user can effectively be 
locked into 10- to 30-year contracts. It also means that when a car or e-health device crosses a border, the large-scale 
user is charged the operator’s costly roaming rates. The million-device user cannot negotiate these contracts. It also 
cannot distinguish itself from other customers of the network (normal consumers) and is covered by the same roaming 
contracts.  

There are many technological and business model innovations that a large-scale M2M user might want to 
introduce. However, at present, it cannot do so, because it would need the approval of its mobile network operator. 
Many innovations would bypass the mobile operator and therefore are resisted. The solution would be for governments 
to allow large-scale M2M users to control their own devices by owning their own SIM cards, something that is implicitly 
prohibited in many countries. It would make a car manufacturer the equivalent of a mobile operator from the 
perspective of the network. Removing regulatory barriers to entry in this mobile market would allow the million-device 
customer to become independent of the mobile network and create competition. This would yield billions in savings on 
mobile connectivity and revenue from new services. 

Source: OECD (2012b). 
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Co-location and backhaul markets 

89. Related to the local availability of data-driven services is the question on the functioning of 

countries co-location and backhaul markets. A recent OECD (2014c) study on “International Cables, 

Gateways, Backhaul and International Exchange Points” shows that the functioning of local markets for 

hosting and co-location effects where digital local content (including data and e-services) is hosted. The 

study analyses the co-location of country code top-level domains (ccTLDs) as identified in the Alexa one 

million (a list of the top 1 million sites of the world).
39

 The underlying assumption is that “if a larger 

portion of sites is hosted outside the country, it could indicate that the local market for hosting and co-

location is not function efficiently” (OECD, 2014c).
40

 Figure 13 shows the countries ordered by the 

percentage of sites with local content sites hosted in their country. The countries above the OECD average 

tend to conform to expectations that local content is hosted primarily within the country. Countries such as 

Greece, Mexico, Canada, Belgium, Luxembourg, Austria, Spain and Portugal have the lowest proportion 

of their most popular local content sites hosted domestically. It is interesting to note that the top countries 

in terms of share of OECD site hosted are among the top locations by the number of colocation data 

centres (Figure 14).
41

 

Figure 13. Local content sites hosted in country, 2013 

Percentage of local content sites hosted in country, percentage of OECD sites hosted in country  

 
Note: Based on the analysis of ccTLD of one million top sites, out of which around 429 000 domains were analysed and their hosting 
country identified. Data on local content sites for Brazil, Colombia, Egypt, India, Indonesia, Russia and South Africa are missing. 

Source: OECD based on Pingdom, Alexa 

Figure 14. Top 30 locations by number of colocation data centres 

 

Source: OECD based on datacentermap.com 
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Open Internet and the free flow of data 

90. The analysis presented above underlines the cross-border nature of DDI and the need for 

preserving an open Internet. The cross-border nature of DDI is the result of the global distribution of the 

key players and resources involved in data-driven value creation. For example, data may be collected from 

consumers or devices located in one country through devices and apps developed in another country. The 

data may then be processed in a third country and used to improve marketing to the consumer in the first 

country and/or to other consumers around the globe. It may further be combined with data from other 

sources (i.e. mashups) (Leipzig and Li, 2011). Furthermore, the ICT infrastructures used to perform data 

analytics (including the data centres and the software) will rarely be located only within one national 

border, but also distributed around the globe to take advantage of the variations of several factors 

including, but not limited to, local work load, energy and the environment (e.g. temperature and sun light), 

and labour costs. 

91.  The global nature of the data ecosystem is also captured in international trade in data-driven 

services. These include not only trade in ICT services which obviously involve the exchange of data, but 

also trade in data-intensive services. As highlighted in Kommerskollegium (2014), even trade involving 

goods and services that are not necessarily data-intensive typically also involve data such as: (i) corporate 

data (to coordinate between different parts of a company and to sell goods and services), (ii) end-customer 

data (B2C) (to sell goods and services, for developing new products, for enabling outsourcing, and to 

provide (24/7) support), (iii) human resources data (to coordinate between different parts of a company, to 

match skills, but also for enabling outsourcing), (iv) merchant data (B2B) (to sell goods and services, for 

developing new products, and to provide (24/7) support), and technical data (to sell goods and services, for 

developing new products, to upgrade software, to monitor the operation of products, for enabling 

outsourcing and to provide (24/7) support). Growth in data related to trade between countries is difficult to 

estimate. However, taking trends in trade in ICT related services as a proxy, one can assign a significant 

growth in cross-border data to the major exporters of ICT-related services between 2000 and 2012 (Figure 

22). The largest exporters of ICT service in 2013 were India, Ireland, United States, Germany, United 

Kingdom, and China. These countries are estimated to be the largest destination of cross-border (trade-

related) data. As a consequence, the leading OECD importers of ICT-related services are also the major 

sources for trade-related data, and they include in particular the United States and Germany. 

Figure 15. OECD and major exporters of ICT services, 2000 and 2013 

 
Source: OECD (2014f), Measuring the Digital Economy: A New Perspective, based on UNCTAD, UNCTADstat, June 2013. 
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92. An open Internet enables the free flow of information and data, which is not only a condition for 

information and knowledge exchange and for global competition among data-driven service providers, but 

a vital condition for a globally distributed data ecosystem. Barriers to the free flow of data can thus limit 

the effects of DDI. Some of these barriers are framed as “data localisation” requirements. However, 

barriers to the free flow of data are not only an issue across borders but also across sectors and 

organisations, including between organisations and individuals (consumers and citizens) (see next section). 

Legitimate reasons for the limitation of the free flow of data include privacy, security and the protection of 

trade secrets. However, barriers erected can have an adverse impact on data-driven innovation, for 

example, if they limit trade and competition. 

Preliminary conclusions V 

A fast and open Internet (including the Internet of Things) and the free flow of data across OECD countries and 
its Partner economies are the most fundamental conditions for DDI. In particular: 

 Mobile broadband enables the use of mobile devices (many of which smart devices enabled by M2M and 
sensors) to be used for DDI, including in remote and less developed regions where DDI could bring the 
much needed (regional) growth (see e.g. DDI in agriculture). However, while in Australia, Finland, Sweden, 
Japan, Korea, and Denmark, mobile penetration rates exceeded 100%, it is still at 30% or less in Chile, 
Turkey, Hungary and Mexico. 

 The functioning of co-location and backhaul markets are keys for the local deployment of data-driven 
services. Analysing the share of the most popular local content sites hosted domestically suggests that the 
local market for hosting and co-location is not functioning efficiently in countries such as Greece, Mexico, 
Canada, Belgium, Luxembourg, Austria, Spain and Portugal, which all have the lowest proportion of their 
most popular local content sites hosted domestically. 

 There are regulatory barriers preventing the effective deployment of some M2M based mobile applications. 
In particular, large-scale M2M users such as car manufacturers who need to control their own devices with 
own SIM cards, cannot do so in many countries as it would make a car manufacturer the equivalent of a 
mobile operator. Removing regulatory barriers to entry in this mobile market would allow the million-device 
customer to become independent of the mobile network and to further competition.  

 Barriers to the free flow of data can limit the effects of DDI. Some of these barriers are framed as “data 
localisation” requirements and may affect the functioning of the global data ecosystem. Privacy can be a 
legitimate reason for the limitation of the free flow of data, but other legitimate reasons can exist such as 
security or the protection of trade secrets. However, barriers erected can have an adverse impact on DDI, 
for example, if they limit trade and competition. 

Data sharing incentives and data ownership and control 

93. The free flow of data is not only relevant between countries, it is also important across sectors 

and organisations. For example, cross-sectorial data sharing can enable new goods and services that 

otherwise may be too costly or impossible to provide. Well-known examples include the use of public 

sector data for the development of goods and services in the private sector. The development of the app 

“Asthmopolis” in the US is an excellent example of an app developed thanks to public sector data and 

which has brought social value and improved quality of life to a vulnerable segment of the population: 

people with asthma. Public data and data provided by people affected by the disease have been merged in 

the app to enable the identification of highly dangerous spots in the U.S. for asthmatic people. Hospitals 

have recorded a decrease of 25% of the incidents since the app was created. But cross-sectorial data 

sharing within the private sector is also a key source for DDI as the example of telecommunication services 

firm Orange and its Floating Mobile Data (FMD) technology demonstrates. With its FMD technology, 

Orange is able to collect and use anonymized mobile phone traffic data to determine instantaneous speeds 
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and traffic density at a given point of the road network, and deduce for example the travel time or the 

formation of traffic jams. The anonymized mobile phone traffic data is then sold to third parties including 

government agencies and private companies such as TomTom.
42

  

94. There are significant barriers, however, preventing the free flow of data (data sharing) across 

potential data users. Even within organisational borders, barriers exist in the form of data silos that prevent 

the reuse of data across organisational units. While cross-organisational data sharing is seen by businesses 

as an opportunity for DDI, business surveys have identified data silos as a key issue, in particular within 

large organisations. According to a survey by the Economist Intelligence Unit (2012), for example, almost 

60% of companies stated that “organisational silos” are the biggest impediment to using “big data” for 

effective decision-making. Executives in large firms (with annual revenues exceeding USD 10 billion) are 

more likely to cite data silos as a problem (72%) than those in smaller firms (with revenues less than USD 

500 million, 43%). These key barriers to data sharing include: 

 Incentives issues related to upfront investments in data supply; 

 Limits of data ownership and control; 

 Barriers to data portability and interoperability 

Incentives issues 

95. The provision of high-quality data can require significant time and up-front investments before 

data can be shared. These include the costs related to (i) datafication, (ii) data collection, (iii) data cleaning 

and (iv) data curation. Effective data sharing is, however, not limited to data itself. In many cases data 

alone are not sufficient to share e.g. knowledge, but may require a number of complementary resources 

ranging from additional (meta-) data, to data models and algorithms for data storage and processing, and 

even secured IT infrastructures for (shared) data storage, processing, and access. For example, data from 

the distributed array telescope may create large data sets, which however require additional data on the 

direction of the telescopes to be interpreted correctly.  

96. Given these significant costs, creators and controllers of data do not necessarily have the 

incentives to share their data. The following reasons can be identified: (i) the costs for data sharing are 

perceived as higher than the expected private benefits of data sharing. In addition, (ii) as data are in 

principle non-exclusive goods for which the costs of exclusion can be high, it is often assumed that the 

possibility to “free ride” on others investments can provide an additional incentive problem. It is thereby 

argued that if data is shared, free-riding users can “consume the resources without paying an adequate 

contribution to investors, who in turn are unable to recoup their investments” (Frischmann, 2012). In 

science and research, the situation poses even more incentive problems as scientists and researchers 

traditionally compete to be the first to publish scientific results, and may (iii) not enjoy, or even perceive, 

the benefits of disclosing the data they could further use for yet uncompleted research projects (see OECD, 

2015, chapter 6).  

97. The root of the incentive problems described above can be summarized as an positive externality 

issue as follow: data sharing may benefit others more than the data creator and controller, who cannot 

privatise these benefits and as a result may not sufficiently invest in data sharing and even restraint from 

data sharing overall. However, the idea that positive externalities and even free riding always diminish 

incentives to invest has been challenged by some. Frischmann (2012) argues that the free riding argument 

is based on an implicit assumption that “any gain or loss in profits corresponds to an equal or proportional 

gain or loss in investment incentives”.
43

 Such an assumption cannot be generalised and needs careful case-

by-case scrutiny for two reasons: free riding on data (i) may sometimes have no significant effects on the 
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incentive to produce and share data, and (ii) is sometimes the economic and social rationale for providing 

access to data. Open data, for example, is motivated by the recognition that users will free ride on the data 

provided, and in doing so will be able to create a wide range new goods and service that were not 

anticipated and otherwise would not be produced. In that sense, “free riding is pervasive in society and a 

feature, rather than a bug” (Friedman, 2013). 

Ownership and control 

98. Granting private property rights is often suggested as a solution to the incentive problems in the 

case of free riding. There are many reasons why this may not be valid in the case of data, although legal 

regimes such as copyright or IPRs applicable to databases and trade secrets can be used to a certain extent 

(see KBC2:IP). Furthermore, technologies such as cryptography have dramatically reduced the costs of 

exclusion and thus can be a means to protect data.  

99. One reason is related to the properties of data highlighted above. It is widely accepted that social 

welfare is maximized when a rivalrous good is consumed by the person who values it the most, while 

social welfare through the consumption of non-rivalry goods is maximised when the good is consumed by 

everyone who values it. This additional degree of freedom suggests that other institutions such as 

“commons” (Frischmann, 2012; Frischmann et al., 2014) and “data citations (Box 8) may be more 

effective in some cases. Furthermore the free riding story can be “translated in game-theoretic terms into a 

prisoners’ dilemma, another good story, although one that does not necessarily point to private property as 

a solution to the cooperation dilemma” (Frischmann, 2012).  

Box 8. Data citations 

A possible solution to the above mentioned disincentive to share is data citations: The possibility for researchers 
to be acknowledged of their work to release datasets through data citations, a similar mechanism to the one already in 
place for citations of academic articles (Mooney and Newton 2012, CODATA-ICSTI 2013). Data citation however is not 
necessarily a standardised or widely accepted concept in the academic community. Some scientists see data citation 
as a limitation to citation to scientific articles, funding agencies in some cases question the idea of recognising 
individuals as data authors and traditional bibliometrics indicators are not yet taking into account non-article citations 
(Costas et al., 2013). In addition technical barriers restricting the development of data citation and related metrics exist: 
these include incompatibility in machines and software, data file structures, data storage and management (Groves 
2010). Some organisations, such as for example DataCite (www.datacite.org) have been active in promoting the 
enabling conditions, such for instance unique data object identifiers for datasets, allowing data citations. 

Source: OECD (2015, Chapter 8). 

 

100. But there are a more fundamental and pragmatic challenges to the concept of data ownership: In 

contrast to other intangibles, data typically involve complex assignments of different rights across different 

data stakeholders requiring “the ability to access, create, modify, package, derive benefit from, sell or 

remove data, but also the right to assign these access privileges to others” (Loshin, 2002; cited in 

Department of Health and Human Services, 2013). So in many cases no single data stakeholder will have 

exclusive rights. Different stakeholders will typically have different degrees of power depending on their 

role. As Trotter (2012) highlights in the case of patient data:  

All stakeholders (including patient, doctor, and programmer) “have a unique set of privileges that 

do not line up exactly with any traditional notion of ‘ownership’. Ironically, it is neither the 

patient nor the [doctor] who is closest to ‘owning’ the data, but the application developer, whose 

application will have the largest control over the data”.  
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101. In cases where the data is considered “personal data”, the situation is more complex as privacy 

regimes typically tend to strengthen the control rights of the individuals. The Individual Participation 

Principle of the OECD (2013c) Guidelines Governing the Protection of Privacy and Transborder Flows of 

Personal Data (OECD Privacy Guidelines), for example, recommends that individuals should have “the 

right: a) to obtain from a data controller, or otherwise, confirmation of whether or not the data controller 

has data relating to him; b) to have communicated to him, data relating to him within a reasonable time; 

[…] and d) to challenge data relating to him”. These rights of the data subject are far reaching and limit 

any possibility for exclusive right on the storage and use of personal data [by the data controller].  

102. In addition, data pricing schemes can be complex due to the context dependency of the value of 

data and may exacerbate the incentive issues presented above. In particular, the context dependency of data 

challenges the applicability of market-based pricing, since this assumes that markets can converge towards 

a price at which demand and offer meet. This, however, is not always the case. As a recent OECD (2012b) 

study “Exploring the Economics of Personal Data: A Survey of Methodologies for Measuring Monetary 

Value” showed, the monetary valuation of the same data set can diverge significantly among market 

participants. For example, while economic experiments and surveys in the United States indicate that 

individuals are willing to reveal their social security numbers for USD 240 on average, the same data sets 

can be obtained for less than USD 10 from data brokers in the United States such as Pallorium and 

LexisNexis. 

Data portability and interoperability 

103.  Data often is rarely harmonised across sectors or organisations as individual units collects and/or 

produces their own set of data using different metadata, formats and standards. Even if access to data is 

provided, this can mean that the data cannot be reused in a different context. This can make it difficult to 

reuse data for new applications. Reusability will typically be limited if data are not machine readable and 

cannot be re-used across IT systems (interoperability). Some data formats that are considered machine-

readable are therefore based on open standards such RDF (Resource Description Framework), XML 

(eXtensible Markup Language), and more recently JSON (JavaScript Object Notation). But other standards 

include file formats such as CSV (comma-separated values) and proprietary file formats such as the 

Microsoft Excel file formats. Unresolved interoperability issues are, for example, still high in the e-

government agendas of many OECD countries (OECD, 2015, Chapter 7). For instance, interoperability of 

data catalogues, or the creation of a pan-European data catalogue, are big challenges EU policy makers are 

facing at the moment. 

104.  An important development in the context of data portability and interoperability is the increasing 

role of consumers in the data-sharing ecosystems. Consumers play an important, if not most important, role 

in promoting the free flow of their personal data across organisations. This role is strengthened by the 

Individual Participation Principle of the OECD Privacy Guidelines. But in addition, government initiatives 

are promoting data portability and thus contributing to the promotion of the free flow of data as well. In 

2011, a government-backed initiative called Midata was launched in the United Kingdom to help 

individuals access their transaction and consumption data in the energy, finance, telecommunications and 

retail sectors. Under the programme, businesses are encouraged to provide their customers with their 

consumption and transaction data in a portable, preferably machine-readable format. A similar initiative 

has been launched in France by Fing (Fondation Internet Nouvelle Génération), which provides a web-

based platform MesInfos,
44

 for consumers to access their financial, communication, health, insurance and 

energy data that are being held by businesses. Both the UK and French platforms are outgrowths of 

ProjectVRM,
45

 a US initiative launched in 2006 that provides a model for Vendor Relationship 

Management by individual consumers. Last, but not least, the right to data portability proposed by the EC 

in the current proposal for reform of their data protection legislation aims at stimulating innovation through 
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more efficient and diversified use of personal data by allowing users “to give their data to third parties 

offering different value-added services” (EDPS, 2014). 

Preliminary conclusions VI 

The free flow of data is not only relevant between countries, it is also important across sectors and organisations. 
However, there are significant barriers preventing the data sharing across sectors and organisations, and even within 
organisational borders. These key barriers include: 

 Data silos are perceived as a barrier to cross-organisational data sharing, in particular within large 
organisations. According to a survey by the Economist Intelligence Unit (2012a) almost 60% of companies 
stated that “organisational silos” are the biggest impediment to using “big data” for effective decision-
making. Executives in large firms (with annual revenues exceeding USD 10 billion) are more likely to cite 
data silos as a problem (72%) than those in smaller firms (with revenues less than USD 500 million, 43%). 

 The provision of high-quality data can require significant up-front investments before data can be shared. 
These costs can sometimes exceed the expected private benefits of data sharing, and thus present a barrier 
to data sharing. The possibility to “free ride” on others investments can also provide an additional incentive 

problem, although many cases exist where free riding had no significant effects on the incentive to produce 
and share data (e.g. open data). 

 The applicability of “ownership” is being challenged when it comes to data. In contrast to other intangibles, 
data typically involve complex assignments of different rights across different data stakeholders. Different 
data stakeholders will typically have different power over the data depending on their role. In cases where 
the data is considered “personal data” the concept of data ownership by the party that collects personal data 
is even less practical, since privacy regimes grant some explicit control rights to the data subject as for 
example specified by the Individual Participation Principle of the OECD (2013c) Guidelines Governing the 
Protection of Privacy and Transborder Flows of Personal Data). 

 Lack of data portability and interoperability are among the most challenging barriers to data reuse. This is in 
particular the case where data are not provided in a machine readable format and thus cannot be re-used 
across IT systems. Individuals (consumers) play an important role in promoting the free flow of their 
personal data across organisations. Government and private sector initiatives such as Midata (United 
Kingdom), MesInfos (France), and the proposed reform of EU data protection legislation are promoting data 
portability and thus contributing to the promotion of the free flow of data across organisations as a means to 
empower individuals and consumers and strengthen their participation in DDI processes. 

 

Access to data analytics and super computing power 

105.  The large volume of data generated by the Internet, including the Internet of Thing, has no value 

if no information can be extracted out of the data. Therefore, effective data sharing may in some cases 

require a number of complementary resources including in particular data analytics and computing 

resources for data storage and processing. These two complementary resources are further discussed 

below. 

Data analytics 

106.  Data analytics refers to a set of techniques and tools that are used to extract information from 

data. Access to data analytics has therefore become a key enabler for DDI and in particular in areas where 

the volume of data continuous to grow. The growing interest in data analytics is reflected, for example, in 

the growing production of scientific articles related to the topic. Within the last 10 years between 2004 and 

2014 scientific articles on data analytics (and related terms) have grown by 9% a year on average (CAGR). 
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Figure 16. Data analytics related scientific articles in the Science Direct repository, 1995-2014 

Per thousand articles available 

 
Source: OECD (2014f), Measuring the Digital Economy: A New Perspective, based on ScienceDirect repository, 
www.sciencedirect.com, July 2014. 

107. Significant progress has been made in the development of algorithms and heuristic methods to 

process and analyse large data sets. It comes as no surprise that Internet firms in particular providers of 

web search engines have been at the forefront in the development and use of techniques and technologies 

for processing and analysing large volumes of data. They were among the first to confront the problem of 

handling big streams of mainly unstructured data as stored on the web in their daily business operation (see 

Box 1). Some of the progress in data analytics is captured by patents, while many of the most frequently 

used data analytic solutions are also open source software (OSS) which are protected with free software 

licenses (OECD, 2015, Chapter 2).  

108. Looking at patent applications, one can observe a growth in the number of applications for data 

analytics related patents in particular for “machine learning, data mining or biostatistics, e.g. pattern 

finding, knowledge discovery, rule extraction, correlation, clustering or classification” (IPC G06F 19/24). 

However, it is important to highlight that numbers of patents on data analytics can be misleading for 

several reasons: most importantly, numbers of patent applications and patents in data processing in general 

do not fully reflect ongoing innovation. This is because innovation in data processing is to a large extent 

embodied in software, for which the application and the grant of a patent may vary significantly between 

countries. This means in particular that cross country comparison should be interpreted with caution. 
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Figure 17.  Patents on M2M, data analytics and 3D printing technologies, 2004-14  

Per million PCT patent applications including selected text strings in abstracts or claims 

 
Note: Patent abstracts and/or claims were searched for the following: (a) M2M: “machine to machine” or “M2M”; (b) Data mining: 
“data mining” or “big data” or “data analytics”; (c) 3D printing: “3D printer” or “3D printing”. 2014 data are limited to the availability to 
the 31st of May. 

Source: OECD (2014f), Measuring the Digital Economy: A New Perspective, based on OECD PATSTAT Database 

109.  Much  of the innovation in this field involves open source software (OSS) which is provided 

with free software licenses such as the MIT License
46

, the BSD Lincense
47

, the Apache License
48

, the GNU 

general public license (GPL v2 or v3)
49

. While some of these free software licenses provide an express 

grant of patent rights from contributors to users (e.g. Apache Lincense), others may include some form of 

patent “retaliation” clauses, which stipulate that some rights granted by the license (e.g. redistribution) may 

be terminated if patents relating to the licensed software are enforced (e.g. Apple Public Source License). 

The library scikit-learn, for example, which provides a set of data analytics and machine learning 

algorithms for the programming language Python, is provided under the BSD License. It was developed 

during a Google Summer of Code project as a third-party extension to a separately-developed Python 

project, SciPy, a BSD Licensed open source ecosystem for scientific and technical computing.  Another 

well-known example is R, a GPL licenced open-source environment for statistical analysis, which is 

increasingly used (sometimes together with Hadoop) as an alternative to commercial packages such as 

SPSS and SAS (Muenchen, 2014). 

110. The use of patents and copyright has raised a number on concerns in the data analytic 

community. In 2010, the USPTO awarded Google a software method patent for a “system and method for 

efficient large-scale data processing” that covers the principle of MapReduce (US 7650331 B1)
50

. Some 

have expressed concerns that this patent could provide a risk for companies that entirely rely on the open 

source implementations of MapReduce such as Hadoop and CouchDB (Paul, 2010; Metz, 2010a; 2010b). 

While such a risk may be justified, given that Hadoop is widely used today, including by large companies 

such as IBM, Oracle and others as well as by Google, expectations are that Google “obtained the patent for 

‘defensive’ purposes” (Paul, 2010).
51

 By granting a license to Apache Hadoop under the Apache 

Contributor License Agreement (CLA), Google has officially eased fears of legal action against the 

Hadoop and CouchDB projects (Metz, 2010b). In the area of copyrights, issues are more related to 

copyright protected data sources which under some conditions may restrict the effective use of data 

analytics (Box 9).  
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Box 9. Copyrights and data analytics 

Data analytics is leading to an “automation” of knowledge creation, with text mining constituting a key enabling 
technology (Lok, 2010). Based on early work by Swanson (1986), scientists are now further exploring the use of data 
analytics for automated hypothesis generation and some have proposed analytical frameworks for standardising this 
scientific approach. Abedi et al. (2012), for example, have developed a hypothesis generation framework (HGF) to 
identify “crisp semantic associations” among entities of interest”. Conceptual biology, as another example, has 
emerged as a complement to empirical biology and it is characterised by the use of text mining for hypothesis 
discovery and testing. This involves “partially automated methods for finding evidence in the literature to support 
hypothetical relationships” (Bekhuis, 2006). Thanks to these types of methods, insights were possible which otherwise 
would have been difficult to discover. One example is the discovery of adverse effects to drugs (Gurulingappa et al., 
2013; Davis et al. 2013). 

The potential for productivity gains in the creation of scientific knowledge are thus huge. However, questions 
have emerged about whether current copyright regimes are appropriately calibrated with regard to “automatic” 
scientific knowledge creation. According to the analysis of the JISC (2012) on the value and benefits of text mining, 
“the barriers limiting uptake of text mining appeared sufficiently significant to restrict seriously current and future text 
mining in UKFHE, irrespective of the degree of potential economic and innovation gains for society”. Copyright has 
been identified as one these barriers, which has led to debates between the scientific community and the publishers of 
scientific journals (see KBC2:IP). 

Cloud computing: providing super computing power as an utility  

111. The decline in data storage and processing cost can be observed and is largely described by 

Moore’s Law, which holds that processing power doubles about every 18 months, relative to cost or size. 

However, as the evolution of the cost of DNA gene sequencing shows, other trends besides Moore’s Law 

have largely contributed to the decreasing cost in data storage, processing and analysis: the sequencing cost 

per genome has dropped at higher rates than Moore’s Law would predict, from USD 100 million in 2001 to 

less than USD 6 000 in 2013 (Figure 13). Improvements in data analytics including in heuristics and 

algorithms have played a significant role. But also the provision of super computing resources in a flexible, 

elastic, on-demand way through cloud computing has been key. 

Figure 18. Cost of genome sequencing, September 2001 to January 2014 

Thousand dollars, logarithmic scale 

 

Source: OECD (2014f), Measuring the Digital Economy: A New Perspective, based on NHGRI Genome Sequencing Program (GSP) 
http://www.genome.gov/sequencingcosts/  

http://www.genome.gov/sequencingcosts/
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112.  Cloud computing has played a significant role in increasing the capacity to store and analyse 

data. It has been described as “a service model for computing services based on a set of computing 

resources that can be accessed in a flexible, elastic, on-demand way with low management effort” (OECD, 

2014d). Cloud computing can be classified into three different service models according to the resources it 

provides: Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and Software as a Service 

(SaaS):
52

  

1. IaaS provides users managed and scalable raw resources such as storage, computing resources; 

2. PaaS provides computational resources (full software stack) via a platform on which applications 

and services can be developed and hosted;  

3. SaaS offers applications running on a cloud infrastructure. 

113. Benefits of cloud computing services can be summarised as efficiency, flexibility, and 

innovation. Cloud computing reduces computing costs through demand aggregation, system consolidation, 

and improved asset utilisation. In addition, it provides near-instantaneous increases and reductions in 

capacity on a pay-as-you-go model, which enables service users to act more responsively to their needs and 

their customers’ demand without much initial investment in IT infrastructure.
53

 All these factors of cloud 

computing services lower entry barriers of the cloud-using markets for start-ups and small and medium 

enterprises (SMEs) and consequently make the markets more competitive and more innovative.
54

 Applying 

this logic to data and data analytics, cloud computing providers enables data analyst and smart application 

developers to focus on creating and marketing innovative data-driven products without giving much 

concern about scaling computing and networking to fit demand.
55

 A number of consulting companies have 

forecast tremendous growth in the public cloud computing market, particularly in the field of SaaS, in the 

next decade.
56

 Figures on the adoption of cloud computing are still rare though. One exception is Canada, 

where a recent survey on ICT-related investments shows that up to 20% of all enterprises in Canada 

invested in SaaS cloud solutions within the last three years (Figure 19). Further analysis would have to 

investigate whether the 20% of enterprises covers those 10% investing in data processing services. 

Figure 19. Investment in emerging ICT services by Canadian enterprises, 2010-2012 

Percentages of enterprises  

 
Source: Statistics Canada 
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114. Despite the widely agreed on benefits of cloud computing there are still significant issues limiting 

its adoption. Privacy and security are among two most pressing issues, which are discussed further below. 

Another major challenge is the lack of appropriate standards and the potential for vendor lock-in due to the 

use of proprietary solutions (OECD, 2014d). According to recent surveys among potential users of cloud 

computing, a lack of standards and a lack of widespread adoption of existing standards are seen as one of 

the biggest challenges. The lack of open standards is mainly a huge problem in the area of platform as a 

service (PaaS). In this service model, application programming interfaces (APIs) are generally proprietary. 

Applications developed for one platform can typically not easily be migrated to another cloud host. While 

data or infrastructure components that enable cloud computing (e.g., virtual machines) can currently be 

ported from selected providers to other providers, the process requires an interim step of manually moving 

the data, software, and components to a non-cloud platform and/or conversion from one proprietary format 

to another. As a consequence, once an organisation has chosen a PaaS cloud provider, it is, at least at the 

current stage, locked-in.  

115. Attempts have been made to extend general programming models with cloud capabilities 

(Schubert, et. al., 2010), however, these are still the exception. Consequently, some customers have the 

concern that it will be difficult to extract data from a certain cloud which might prevent some companies or 

government agencies to move to the cloud. Another concern linked to this is that users get very vulnerable 

to providers’ price increases. Promoting open standards for APIs and further work on interoperability is the 

appropriate response to this problem. As a result, many initiatives are underway, covering the full spectrum 

from infrastructure standards, such as virtualisation formats and open APIs for management, to standards 

for web applications and services, security, identity management, trust, privacy and linked data.
57

  

Preliminary conclusions VII 

Data analytics and super computing power are complementary resources needed for the use of “big data” sets. 
Therefore access to these resources is critical for realizing the potential of DDI. However there are two important 
issues policy makers should be aware of: 

 Access to, and effective use of, data analytics can be affected by IPR two ways. First, data analytics 
(including its algorithms) can be protected by software patents or copyright which under some conditions 
can limit access and the range of applications. Second, in the special case of text mining, the use of data 
analytics can be restricted due to copyright, even where scientists may have legal access to scientific 
publication. While the first issue is said no pose no serious issue to the data analytic community, the latter is 
still subject to controversial debates between the scientific community and the publishers of scientific 
journals.  

 Lack of interoperability and the risk of vendor lock-in are two major concerns that potential cloud computing 
users have and that may warrant policy makers’ attention. The lack of open standards is mainly a huge 
problem in the area of platform as a service (PaaS). Many initiatives are underway, covering the full 
spectrum from infrastructure standards, such as virtualisation formats and open APIs for management, to 
standards for web applications and services and data linkage, but also privacy, security, and identity 
management. 

Demand-side challenges 

116. Demand-side challenges are mainly related to the capacity of taking advantage of DDI. The two 

main challenges identified in recent empirical studies are (i) the availability of data analytic skills, and (ii) 

investments in complementary organisational capital. Both are complementary KBCs, which have been 

introduced in the Corrado et al. (2009) models as economic competencies. A fourth challenge is the 

promotion of entrepreneurs which is related to a broader challenge of how to encourage entrepreneurship 

across the economy.  
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Data analytic skills and competencies 

117.  As data and analytics become a key input factor that can generate value added across the society, 

a sufficient high-level of the data analytic capacities is required in the economy and society to reap the full 

benefits of DDI. Besides technologies such as cloud computing and open source tools (including 

visualisation tools) discussed above, data management and analytic skills (i.e. data scientist skills) are 

among the most critical enablers of DDI. However, according to some studies, they are still considerable 

mismatches between the supply of and demand for data scientist skills, which may put at risk the adoption 

of data analytics, in some cases even affect the provision of data, and thus may lead to missed 

opportunities for job creation across the economy.  

118. According to Tambe (2014) firms that were well connected to labour networks with sufficient 

expertise in “big data” specific technologies where more likely to gain faster productivity growth through 

“big data”. However, as the Economist Intelligence Unit (2012a) survey shows, “shortage of skilled people 

to analyse the data properly” is indicated at the second biggest impediment to making use of data analytics. 

For consumer goods and retail firms it is the single biggest barrier, cited by two-thirds of respondents from 

those sectors. Some studies have concluded that there are considerable mismatches between the supply of 

and demand for skills in data management and analytics. This result is confirmed by MGI (2011), which 

estimates that the demand for deep analytical positions in the United States could exceed supply by 

140 000 to 190 000 positions by 2018.  

119. Data scientist skills are still not well defined. They typically refer to a mix of different skills sets 

including ICT skills including software development, database management, and machine learning skills as 

well as supplement skills such as in statistics and communication. Data scientist skills therefore are not 

limited to (traditional) ICT specialist skills, although ICT specialist skills such as programming provide the 

basic skills for many data scientist jobs. As a consequence, data scientist skills will not only be provided in 

computer science study programmes, and are more likely to be provided in science, technology, 

engineering, and mathematics (STEM) disciplines. And they may even be acquired is disciplines beyond 

STEM. For example, the emergence of trends such as “data journalism”, where journalism is centred on 

the use data, suggests that data analytic skills may also be part tomorrow’s curricula for a wider range of 

study programmes. 

120. For the purpose of this paper, data specialists are defined on the basis of ISCO occupations as 

database and network professionals (ISCO 252) and mathematicians, statisticians and related professionals 

(ISCO 212). Data specialists are thus not a perfect subset of the ICT specialist occupations as defined by 

the OECD, but further include some advanced ICT users (mathematicians, statisticians and related 

professionals). Available data show that data specialists account for above 0.5% of total employment in 

countries such as Finland, Sweden, Iceland, Estonia, and the United States, while in countries such as 

Luxembourg and the Netherlands, the share of data specialist exceed 1% of total employment. The analysis 

of these occupations suggest that data specialists are more likely to be in highest demand in those 

economies where data-intensive industries are more prevalent such as in Luxembourg where the financial 

sector is a major industry (Figure 20).   
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Figure 20. Share of data specialist occupations as share of total employment 

 
Source: OECD based on ELFS and US Current Population Survey March Supplement 

121. Data analytic skills and competencies are not only provided by high-skilled data scientists. As 

suggested above, the social and economic benefits of using data, come to a large extent from the data-

driven creation of knowledge and the use of that knowledge through data-driven decision-making. This 

means that data scientist skills are not enough. They need to be accompanied with domain specific 

competencies on how to interpret and make best decisions based on the results of the data analysis. This is 

where the more significant job creation potential lies as estimated by MGI (2011). While demand for “deep 

analytical” positions will exceed supply by 140 000 to 190 000 positions in the United States in 2018, MGI 

(2011) estimates that demand for “managers and analysts who can use big data knowledgeably” (i.e. data 

decision makers) will exceed supply by 1.5 million positions. A survey of 600 companies in the United 

States and the United Kingdom conducted by Accenture, suggests that two-thirds of companies have 

appointed a senior manager to lead data management and analytics in the past 18 months. Among the 

companies that had not made such an executive appointment, 71 per cent expected to do so in the near 

future. All in all, these estimations should be interpreted cautiously, as they are based on unknown 

methodologies and data. However, they underline the difference in magnitude between demands for data 

decision makers and data scientists, and the risk for shortages in data analytic skills and competencies. 

Organisational change 

122.  Organisational change encompasses a wide range of internal and external processes including 

production processes (quality management, lean production, business re-engineering), management 

approaches (teamwork, training, flexible work and compensation) and external relations (outsourcing, 

customer relations, networking) (Murphy, 2002). Complementarities in production between organisational 

change and the use of ICTs has been emphasised in literature as an important mechanism for firms’ 

productivity growth enabled by ICTs. Brynjolfsson and Hitt (2000), Brynjolfsson et al. (2002) and more 

recently Abramovsky and Griffith (2009), for example, provide a review of this literature confirming that 

firms become more productive when they both adopt ICTs and restructure. 

123. It thus comes with no surprise that complementarity effects between investments in data analytics 

and organisational change have also been observed. A study based on 500 firms in the United Kingdom by 

Bakhshi et al. (2014) finds that businesses that make greater use of online customer and consumer data are 
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8% to 13% more productive as a result. Complementary changes in organisational processes are 

highlighted as a potential factor explaining the significant difference in productivity. As Bakhshi et al. 

(2014) explains: “The disconnect between the levels of online data activity and the benefits that we 

estimate may in part be explained by our other finding that firms need to introduce complementary changes 

in order to reap the full returns from their online data activity”.  

124. Complementarity effects are also suggested after the analysis of KBC-related occupations, many 

of which involving working activities related to “overlapping assets” including those involving 

computerised information (CI) and organisation capital (OC) (Figure 21). These occupations are selected 

on the basis of the tasks workers perform on the job, the skills they apply, and the level of knowledge of 

the subject area they rely on (Squicciarini, and Le Mouel, 2012). KBC-related workers account for 

between 13% and 28% of total employment in many OECD economies. Of these workers, between 30% 

and 54% contribute to more than one type of KBC asset, and, of these, between 30% to 50% are involved 

in tasks related to the combination of R&D and CI. In particular, workers involved in CI, i.e. those dealing 

with software and databases, are to various extents involved in tasks related to all other KBC types 

considered.  

Figure 21. Knowledge-based capital related workers, 2012 

Percentage of total employed persons 

 

Source: OECD Science, Technology and Industry Scoreboard 2013. http://dx.doi.org/10.1787/888932890618  

125. It is important at this point to acknowledge the challenges of successfully investing in 

organisational change. As Bakhshi et al. (2014) explains: organisational change “may include disruptive - 

and therefore possible controversial – changes to [firms’] organisational structures and business 

processes”.  These controversial changes can lead to what Christensen (1997) refers to as the “innovator’s 

dilemma”, where successful companies put too much emphasis on current success and in particular the 

(short-term) pursuit of profit, and thus fail to adopt new technology, business models or markets in fear of 

cannibalizing or disrupting their own most profitable business units. As a result of that dilemma these firms 

may fall behind and eventually vanish entirely as disruptive innovation is introduced by competitors. One 

way proposed to overcome the innovator’s dilemma is “setting up a separate company that eventually goes 

on to defeat the parent” (Allworth , 2011). This leads to questions related to the favourable conditions for 

entrepreneurship, the creations of businesses and competition, and the fundamental importance of 

management as pointed out by many researchers like Bloom and Van Reenan (2010). 

http://dx.doi.org/10.1787/888932890618
http://dx.doi.org/10.1787/888932890618
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Entrepreneurship 

126.  An increasing number of start-ups are emerging that focus on the provision of data analytics 

goods and services (including software applications and visualization tools). Whereas the field of data 

infrastructure seems to leave limited room for new entrants, as it is dominated by traditional vendors and a 

few independent Hadoop distribution providers, the market for data analytics is still highly dynamic. The 

products and services of these start-ups and smaller companies sit on top of the more foundational layers of 

database technologies and Hadoop solutions. These new companies focus on specific analytical or 

visualization techniques, target specific industries or even specialized tasks within an industry.  

127. There are pragmatic reasons for this that are inherent to the nature of start-ups. The extent to 

which a company is able to expand horizontally or vertically is related to its financial resources. Generally 

these are limited for starting companies. However, because of their focused approach, smaller companies 

can offer value and ease of use that generic tools and techniques lack. According to Clive Longbottom, 

founder of analyst house Quocirca, many IT-suppliers have a tendency to sell one-size-fits all offerings, 

whereas these new start-ups try to cater to very specific data-needs.
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128. Figures on the number of business creation related to data and analytics do not exist. As 

highlighted above the ICT sector is still the largest user of advanced analytics according to some estimates. 

It is therefore justified to look at current business creation trends in the ICT sector to assess countries’ 

economic conditions for the creation of “big data” related start-ups, assuming that countries with a positive 

net business population growth in the ICT sector have a greater chance to see “big data” businesses 

emerging in their country. Figure 22 presents countries with their net business population growth in the 

ICT sector and the business economy. 

Figure 22. Net business population growth in the ICT sector and the business economy, 2011 

As a percentage of active enterprises 

Source: OECD (2014f), Measuring the Digital Economy: A New Perspective, based on OECD, Structural and Demographic 

Business Statistics and Eurostat, Business Demography Statistics, August 2014. 
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Preliminary conclusions VIII 

The key demand side challenges include: 

 Skills and competences in data analytics: Reaping the full benefits of data requires a sufficient high-level 

of the data analytic capacities in the economy and society. However, recent surveys confirm the lack of data 
analytic skills as important barrier to the adoption of data analytics. According to a 2012 survey, “shortage of 
skilled people to analyse the data properly” is indicated at the second biggest impediment to making use of 
data analytics. Other studies estimate that the demand for deep analytical positions in the United States 
could exceed supply by 140 000 to 190 000 positions by 2018. 

 Organisational change: Organisations need to introduce complementary changes in order to reap the full 

returns from data-driven innovation. However, this may include disruptive – and therefore possible 
controversial – changes to organisational structures and business processes, which organisations may find 
difficult to make. 

 Entrepreneurship: An increasing number of start-ups are emerging with a focus on the provision of data-

related goods and services (including data analytics and visualization tools). These start-ups are more agile 
and can satisfy special customer needs that large firms with their generic products often cannot provide. 
However, the emergence of data-related entrepreneurs is subject to favourable economic conditions for 
entrepreneurship in general. Some of these conditions are related to regulatory frameworks affecting access 
to sales markets, access to finance, and access to labour markets. 

Societal challenges 

129. Societal challenges are affecting both the demand and supply side with potential long-term 

impacts on the core values of democratic market economies and the well-being of all citizens. 

Trust: a growth enabling social capital 

130. Trust plays a central, if not vital, role for social and economic interactions and institutions. It is 

therefore seen as a central element of the social capital of a country that includes its institutions, networks, 

relations, attitudes, values and norms “that can improve the efficiency of society by facilitating coordinated 

actions” (Putnam et al., 1993). Efficiency gains are realised thanks to the reduction of uncertainties, which 

goes hand in hand with the reduction of transaction costs in social and economic interactions. In that 

respect, trust can reduce frictions and is therefore considered by some as a determinant of economic growth 

and development. As highlighted by (Morrone et al., 2009):  

Trust reflects people’s perception of others’ reliability. Trust may affect economic and social 

development by facilitating market exchange, enabling better functioning of public institutions 

and increasing capacity for collective action. 

131.  OECD (2011) provides some quantitative evidence that high country trust is strongly associated 

with high household income levels (Figure 23). The relationship is strong, although countries such as the 

United States had lower than expected trust given their income level in 2000 and eastern European 

countries had higher degrees of trust than expected on the basis of their household income. The figures also 

suggest that trust positively correlates with income equality (OECD, 2011). The reasons for the association 

are still unclear however. Income inequality may lead to social fragmentation which may make it more 

difficult for people “to share a sense of common purpose and to trust each other” (Morrone et al., 2009), or 

low levels of trust may impede the positive development of social bonds, which in turn contributes to high 

inequality (OECD, 2011).  
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Figure 23. Richer countries trust more, but trust is higher when income is more equally distributed 

Median equivalised household income, mid-2000s,  
US Dollars PPP 

Share of people expressing high level of trust in others, 
2008 (%) 

 
Source: OECD Society at a Glance, 2011; http://dx.doi.org/10.1787/888932382064  

132. The social capital trust can be build, but it can also erode over time if overexploited as the 

financial crisis has revealed. Evidence suggests that trust in financial institutions, but also in national 

governments, has declined significantly from 2007 to 2012 (OECD, 2013c; 2014b). Recent scandals 

related to national governments’ actions on the Internet may have worsened the climate of suspicion, 

further contributing to the decline in trust in national governments and in the digital economy. Greater 

openness, transparency and accountability of governments through open government data as discussed in 

this report would be one way to help rebuild public trust as well as ensuring (i) security, (ii) privacy and 

(ii) consumer protection, which are the key elements of trust in the context of OECD work on the digital 

economy. 

Digital security 

133.  Data-driven innovation relies on a complex hyper connected ICT environment in which security 

threats have changed both in scale and kind. The various sources of threats may include organised crime 

groups, to “hacktivists”, foreign governments, terrorists, and individual “hackers”, as well as, sometimes, 

business competitors. In addition, digital threats can also be non-intentional, such as hardware failure, fire 

and natural disasters. Whether intentional or not, digital threats can disrupt the functioning of systems and 

networks, breach the confidentiality, integrity or availability of data and information and damage the 

economic and social activities that rely on them. 

134. Security measures aim to address these challenges to establish the trust needed for economic 

activities to take place. They aim in particular to create a digital environment secure from threats exploiting 

vulnerabilities that can undermine the confidentiality, integrity and/or availability of information or 

information systems (the so-called C-I-A triad).
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 To create such a “secured environment”, traditional 

security measures form a perimeter around the protected assets to secure them.  

135.  In doing so, however, security can also inhibit economic and social development, by reducing 

innovation and productivity, given that the ICT environment enabling DDI must be rather open and 

interconnected as well as flexible. The characteristics of DDI thus increase the complexity of security 

management to a point where the traditional security approach cannot scale and becomes an obstacle rather 

than an enabler to DDI. A digital security risk management approach is needed to addresses this tension. 

Such an approach redefines what should be protected, for what purpose, how it should be protected, and 

http://dx.doi.org/10.1787/888932382064
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who should be responsible, with far-reaching consequences in terms of corporate governance applied to 

ICTs, and more generally business management.  

136. Although digital security risk management is based on risk managemnt frameworks well-known 

in other areas such as industrial, health and environmental risks, it represents a significant paradigm shift in 

the way economic and social (or “business”) decision makers
60

, security experts, and ICT professionals 

often approach digital security. As a consequence, it is still not widely adopted in organisations even in 

those that face significant digital security risks.  

Privacy and consumer protection 

137. There is a growing body of policy work on the privacy issues raised by “big data” much of which 

suggests that addressing these issues is both essential and difficult. In the context of DDI, the consumer 

protection issues relate primarily to the collection and use of consumer data and are treated in common 

with the more general analysis of privacy. 

138.  Privacy challenges occur from the fact that a growing number of entities, such as online retailers, 

Internet Service Providers (ISPs), financial service providers (i.e. banks, credit card companies, etc.), but 

also governments are increasingly collecting vast amounts of personal data, i.e. “any information relating 

to an identified or identifiable individual (data subject)” (OECD, 1980). In addition complementary 

information can be derived, by “mining” available data for patterns and correlations, many of which do not 

need to be personal data directly. Advances in data analytics now make it possible to infer sensitive 

information from data which may appear trivial at first, such as past purchase behaviour or electricity 

consumption. The misuse of these insights can implicate the core values and principles which privacy 

protection seeks to promote, such as individual autonomy, equality and free speech, and this may have a 

broader impact on society as a whole. 

139.  The results are that at each steps of the data value cycle on which DDI relies (see Box 3), the 

following potential privacy concerns are raised: 

1. Increasingly, comprehensive data collection (step 1) diminishes an individual’s private space;  

2. “Big data” or massive storage of data (step 2) increases the potential of data theft by malicious 

actors and the consequences of a data security breach;  

3. Inferences enabled by data analytics (step 3) diminish an individual’s control;  

4. The increasingly accurate knowledge base created from the operation of the cycle (step 4) creates 

information asymmetry:  

5. The data-driven decision making (step 5) can lead to discrimination and create financial and 

psychosocial harms to individuals:  

140.  Several responses to address these challenges have been identified in the context of DDI. One set 

of initiatives is grouped under a heading of improving transparency, access and empowerment for 

individuals. A second area of focus is the promotion of responsible usage of personal data by 

organisations. The promise of technologies used in the service of privacy protection has been long noted 

and remains valid.  Finally, the application of risk management to privacy protection is highlighted as 

providing another possible avenue for applying effective privacy protection in the context of data-driven 

innovation. 
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Preliminary conclusions IX 

 Data-driven innovation relies on a complex hyper connected ICT environment in which security threats have 
changed both in scale and kind. Security measures aim to address these challenges to establish the trust 
needed for economic activities to take place. However, security can also inhibit economic and social 
development, by reducing innovation and productivity. A digital security risk management approach is 
needed to addresses this tension which is likely to entail a significant reorientation for many institutions. 

 Advances in data analytics now make it possible to infer sensitive information from data which may appear 
trivial at first, such as past purchase behaviour or electricity consumption. The misuse of these insights can 
implicate the core values and principles which privacy protection seeks to promote, such as individual 
autonomy, equality and free speech, and this may have a broader impact on society as a whole. Several 
responses to address these challenges are being discussed including: (i) improving transparency, access 
and empowerment for individuals, (ii) promoting responsible usage of personal data by organisations, (iii) 
privacy enhancing technologies, and finally (iv) the application of risk management to privacy protection. 

Competition, market concentration and dominance 

141. As highlighted above, the accumulation of data can lead to significant improvements of data-

driven services which in turns can attract more users leading to even more data that can be collected 

(positive feedback). For example, the more people use services such as google search, a recommendation 

engines such as provided by Amazon, or a navigation system by TomTom, the better the services become 

as they become more accurate in delivering requested sites and products, and providing traffic information, 

and the more users they will attract. Where data linkage is possible, the diversification of services can lead 

to further positive feedbacks. These feedbacks, which are also characteristic for markets with network 

effects, finally reinforce the market position of the service provider and have a tendency to lead to its 

market dominance or at least to market concentration. As Shapiro and Varian (1999) highlighted: “positive 

feedback makes the strong get stronger and the weak get weaker, leading to extreme outcomes”.
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142. Where companies acquiring massive proprietary data sets, there is thus a higher risk that “we’re 

kind of heading toward data as a source of monopoly power” as Tim O’Reilly highlights in an interview 

with Bruner (2012).  The risk of monopoly power, however, must be assessed carefully on a case by case 

basis as it will depend on factors such as the market, in particular its rate of technological change
62

, the 

data sources used, the detriments to consumer welfare, and last but not least, the potential barriers to entry 

including the level of investments required for building comparable datasets. Where access to points of 

sales (including to consumers’ personal data) is controlled by a single dominant entity, for example, market 

concentration and dominance could be a potential issue for competition. In 2011, the Financial Times (FT) 

pulled its iPad and iPhone apps from Apple's app Store after several month of negotiation. The primary 

rational for FT’s reaction was not because 30% of revenue had to be shared with Apple but to “keep 

control of customer data obtained through subscriptions” (Reuters, 2011). By switching its app to HTML5, 

however, the FT was able to bypass Apple’s control, directly interact with iPad and iPhone users, and gain 

access to the data of its customers. And as a positive by-product, the FT was also able to increase its digital 

subscribers by 14% within a year (Miller, 2013).   

143.  The FT case presented above highlights that there are cases in which vertical partners can bypass 

firms that may otherwise appear to be dominant, calling for a case-by-case analysis of the situation. 

However, there are a number of factors that make this analysis particularly difficult, and may challenge the 

traditional approach used by competition authorities for assessing potential abuses and harms of market 

dominance and mergers. The following three factors are highlighted as a direct result of the analysis 

undertaken so far: (i) challenges in defining the relevant market, (ii) in assessing the degree of market 

concentration, and (iii) in assessing potential consumer detriments. 
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Challenges in defining the relevant market: 

144.  Competition authorities usually rely on a definition of the relevant market in their legal analysis 

of mergers, unilateral conduct and potentially anti-competitive agreements. Defining the relevant market is 

necessary for assessing the effective competition level, including whether the incumbent is vulnerable to 

new competition. Factors in the market definition process will typically include consideration of the goods 

and services which are perceived by consumers as substitutable, the geographic market, and a time 

dimension reflecting technological change and changes in consumer behaviour. Given the particular 

properties of data described above, however, establishing a proper market definition can be particularly 

difficult for the following reason. 

145. The multi-sided markets, as enabled by data, challenges traditional market definition, which 

tends to only focus on one side of the market. That approach would tend to define the relevant market too 

narrowly in a multi-sided market case. As Filistrucchi et al. (2014) argue in the case of two-sided markets:  

“only in the case of a two-sided non-transactional market, and only when on side does not exert an 

externality on the other side, can one proceed to define the relevant market on the first side irrespective of 

the presence of the other side”. However, as has been highlighted, the motivation for the creation of multi-

sided markets enabled by data is in many cases founded on exactly these externalities that data enable. A 

result, focussing on one side of market will rarely lead to a proper market definition. 

Challenges in assessing the degree of market concentration 

146. Only once the relevant market has been properly defined, can the market power of the market 

participants be assessed. The “market power can be thought of as the ability […] to sustain prices above 

competitive levels or restrict output or quality below competitive levels” (OFT, 2004). However, a large 

share of data-driven services is provided for “free” (in exchange for access to personal data). In these cases 

there will be rarely be information available on prices through which to assess the degree of market power 

and other mechanisms have to be used instead. As the data provided will typically be used for different 

purposes (e.g. across multi-sided markets), market concentration will need to be assessed in most cases 

across all sides of the market. 

147. Assessing the market value and market concentration through the economic value of the personal 

data will also not be very helpful in most cases as data has no intrinsic value, and its value depends on the 

context of its use. As OECD (2012b) highlights, the monetary valuation of the same data set can diverge 

significantly among market participants. For example, while economic experiments and surveys in the 

United States indicate that individuals are willing to reveal their social security numbers for USD 240 on 

average, the same data sets can be obtained for less than USD 10 from U.S. data brokers such as Pallorium 

and LexisNexis.  

Challenges in assessing potential consumer detriments 

148. Anticompetitive behaviour and mergers are often assessed based on the potential consumer 

detriments or reduction in consumer welfare they may induce. However, in the particular case where data-

driven services rely on personal data, privacy harms are still not fully acknowledged by competition 

authorities who will tend to direct the specific privacy issues to the privacy protection authorities; the latter 

however having no authority on competition issues. 

149. The degree to which privacy harms should be considered when assessing anticompetitive 

behaviour and mergers is therefore still an ongoing debate. It was most prominently triggered by the 

former Commissioner Pamela Jones Harbour’s dissent in the Federal Trade Commission (FTC, 2007) 

decision to clear the Google/DoubleClick merger. The dissent was based among others on related privacy 
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concerns that “the network effects from combining the parties’ data would risk depriving consumers of 

meaningful privacy choices” (Cooper, 2013). Harbour and Koslov (2010) therefore called for competition 

authorities to consider whether “achieving a dominant market position might change the firm’s incentives 

to compete on privacy dimensions” and thus to innovate on privacy enhancing and enhanced technologies 

and services. 

150. This underscores the need for dialogue between competition, privacy and consumer protection 

authorities on considering potential detriments due to DDI. A preliminary EDPS (2014) opinion confirms 

that “there is currently little dialogue between policy makers and experts in these fields. […] It is essential 

that synergies in the enforcement of rules controlling anti-competitive practices, mergers, the marketing of 

so-called ‘free’ on-line services and the legitimacy of data processing are explored. This will help to 

enforce competition and consumer rules more effectively and also stimulate the market for privacy-

enhancing services.”
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151.  At this point it is important to highlight that the competition issues discussed above should not 

be neglected by competition authorities even when engaged in a dialogue with privacy and consumer 

protection authorities. DDI does not always involve personal data, and the competition issues raised above 

may still occur in the case of non-personal data in which cases privacy and consumer protection authorities 

may have not jurisdiction. The accumulation and control of M2M and sensor data, for example, may raise 

a number of competition issues in the near future as data and analytics are increasingly used in areas such 

as manufacturing and agriculture where non-personal data may become strategic assets as well. 

Preliminary conclusions X 

 The economics of data, in particular the increasing returns to scale and scope combined with multi-sided 
markets and network effects, favour market concentration and dominance. As highlighted in the work on 
competition in the digital economy under KBC 1, markets characterized by these economic properties can 
lead to a “winner takes all” outcome where market concentration is a likely outcome of market success. 
Where access to points of sales (including to consumers’ personal data) is controlled by a single dominant 
entity, market dominance can become a competition as well as a consumer protection issue. 

 There are a number of factors specific to DDI that may challenge the traditional approach used by 
competition authorities for assessing potential abuses and harms of market dominance and mergers. These 
include: (i) challenges in defining the relevant market, and (ii) in assessing the degree of market 
concentration, and (iii) potential consumer detriments. 

 Policy makers should further the dialogue between competition, privacy and also consumer protection 
authorities so that (i) potential consumer detriments due to DDI are taken into account, (ii) synergies in the 
enforcement of rules controlling privacy violations, anti-competitive practices, and mergers unleashed, and 
(iii) firm’s incentives to compete on privacy enhancing and enhanced technologies and services enhanced. 

 

Shift in power exacerbating existing inequalities 

152. As highlighted above value is created with data and analytics when better insights (knowledge) 

can be extracted about (i) natural phenomenon such as in science, (ii) organisations such as in business 

management, (iii) individuals such as in targeted advertisement or personalised health care, and (iv) the 

society overall such as city planning or policy making. With this knowledge comes not only a better 

understanding of the functioning of the subject matter, but also an understanding about how best to 

influence and control them. Where the agglomeration of data leads to concentration and greater 

information asymmetry as described above, a significant shift in power could be the result on the following 

dimensions 
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1. Shift in power away from individuals to organisations (incl. consumer to business, and citizen to 

governments); 

2. Shift in power away from traditional businesses to data-driven businesses given potential risks of 

market concentration and dominance; 

3. Shift in power away from governments to data-driven businesses where businesses can gain 

much more knowledge about citizens than governments can (see issues on “big data” for national 

statistics); 

4. Shift in power away from lagging economies to data-driven economies; 

Potential structural change in labour markets 

153. One of the largest impacts of data on (labour) productivity can be expected to come from 

decision automation thanks to “smart” applications, that are “able to learn from previous situations and to 

communicate the results of these situations to other devices and users” (OECD, 2013c). These applications 

are increasing in power and can perform an increasing number of tasks that are knowledge and labour 

intensive and soon will require less human intervention relative to the past.  

154. Google’s driverless car is an illustrative example of the potential of smart applications. It is based 

on an artificial intelligent (AI) system that collects data from all the sensors connected to the car (including 

video cameras and radar systems) and combines it with data from Google Maps and Google Street View 

(for data on landmarks and traffic signs and lights). Another example is automated or algorithmic trading 

systems (ATS) which can autonomously decide, what stock and when to trade and at what price. ATS are 

for instance used for high frequency trading (HFT), where stocks are bought and resold within seconds, or 

even fractions of a second.  

155.  Beyond the high level of expected demand for data scientists, the full implications of data-driven 

innovation on employment are not yet well understood. Increased automation resulting from the 

exploitation of data in combination with AI systems may lead to the disappearance of some jobs that 

previously required human labour (e.g. Google’s Driverless Car replacing taxi drivers). Brynjolfsson and 

McAfee (2011) have highlighted that this may in particular have a significant impact on jobs of a 

“transactional” nature. In the area of manufacturing, the promise exists that “smart” applications will take 

over many labour intensive tasks that today were either too difficult or too expensive to execute by the 

current generation of robots. For policy makers who are keen to see manufacturing come back to their 

countries from low-cost labour countries, the effect might be that the manufacturing is back, but that it 

does not bring back the number of jobs associated with manufacturing that existed in the past. For the 

developing economies, the effect could be that the traditional development path from low cost assembly of 

goods will be cut off because the assembly of higher value goods will be done in developed countries.  

156. While productivity-enhancing, the related structural change comes at a time of economic fragility 

where growth is weak in many economies, unemployment is still high and income inequality prevails. As a 

consequence it may further exacerbate the weak employment market and the bias towards higher skills and 

capital and thus towards inequality in earnings. Some of these implications were highlighted already in the 

OECD (2013a) Project on New Sources of Growth: Knowledge-Based Capital (KBC), which concluded 

that: 

KBC-based economies rewards skills and those who perform non-routine manual and cognitive 

tasks, but may also reward investors (who ultimately own much of the KBC) over workers (in the 

United States, for instance, wages as a share of GDP are at an all-time low). Rising investment in 

KBC can create winner-takes-all opportunities for a few, while entire occupational categories can 
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be replaced by machines and software. KBC changes the demand for skills, and to the extent that 

workforce skills can adjust rapidly to new technologies, aggregate growth will be enhanced 

without greatly exacerbating income inequality. 

Key policy options 

157. Governments have a role to play in promoting the favourable conditions for DDI to happen in a 

trustworthy environment. The following sections list the major policy options that have been identified so 

far. 

Taking the full data value cycle into consideration 

158. Designing effective policies to promote data-driven innovation, while mitigating the risks, 

requires a fundamental understanding of value creation process illustrated in Figure 24. Some policies 

(such as open access to data) will affect specific phases of the data value cycle while others (e.g. privacy) 

will have an impact across the whole value cycle (Box 5). Taking the full data value cycle into 

consideration is crucial because many policy areas are complementary to each other. In other words, 

focussing on just one policy area will have little impact if not complemented with additional policy 

measures, given the enabling and complementarity effects described above. For example, promoting open 

access in an economy without promoting data analytics skills and data-related entrepreneurship will not 

lead to the full benefits of data-driven innovation within the national borders.  

Figure 24. Major stages of the data value cycle and selected policy issues 

 

Effectively protecting the privacy and freedom of individuals  

159.  The fear of loss of autonomy and freedom could create a backlash on data-driven innovation, 

leading to less participation of individuals and a reluctance to contribute personal data that would be 

needed for data-driven innovation. The effective protection of privacy is therefore a key condition for 

preserving trust in data-driven innovation. Governments should promote effective privacy protection 

considering the full data value cycle from data collection, to data analytics, to data-driven decision-making. 

The following means have been highlight in KBC2:Data:  (i) enhancement of transparency data analytics 

practices, (ii) better access and empowerment of data subjects, (iii) promotion of responsible use of data by 

data controllers, and (iv) the promotion of privacy risk management including all relevant stakeholders. 
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Promoting a culture of digital risk management across the data ecosystem 

160.  The traditional approach to security may prevent the realisation of the benefits of data-driven 

innovation. Government should promote a culture of digital security risk management which requires data 

controllers and decision makers to understand how to approach security in a digital context to best serve 

their economic and social objectives.  

161. The promotion of a culture of risk management goes hand in hand with the understanding of the 

digital security risk management cycle include the following steps: the assessment of risk (step 1, Figure 

25) and its treatment (step 2), i.e. the determination of whether to take it as it is (step 3), reduce it (step 4), 

transfer it to someone else (e.g. through contract, insurance or other legal agreement) (step 5) or avoid it by 

not carrying out the activity (step 6). If one decides to reduce the risk, the risk assessment determines 

which security measures should be selected and applied where and when, in light of the consequences of 

uncertain events on the economic and social objectives (step 7). Finally, residual risk cannot be ignored. A 

preparedness plan (step 8) should also be established to limit and manage the consequences of incidents 

when they occur and reduce the potential of escalation. 

Figure 25. Digital Security Risk Management Cycle 

 

Source: OECD. 

Providing incentives for a fast and open Internet 

162. The rapid diffusion of broadband across OECD countries and its Partner economies is one of the 

most fundamental enablers of data-driven innovation. High-speed broadband, and in particular mobile 

broadband, is the underlying infrastructure for the exchange and free flow of data that is collected remotely 

through Internet applications and now increasingly through smart and interconnected devices forming the 

Internet of things. Furthermore the global and distributed nature of the data ecosystem makes the open 

Internet a critical condition for data-driven innovation. 
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163. Governments should continue to promote mobile broadband and to support their common interest 

to find consensus on how to maintain a vibrant and open Internet. The OECD’s High-Level Meeting on the 

Internet Economy on 28-29 June 2011 discussed the openness of the Internet and how best to ensure the 

continued growth and innovation of the Internet economy. The resulting draft communiqué, which led to the 

OECD (2011) Council Recommendation on Principles for Internet Policy Making, contains a number of 

basic principles for Internet policy making whose goal is to help ensure the Internet remains open and 

dynamic, that it “allows people to give voice to their democratic aspirations, and that any policy-making 

associated with it must promote openness and be grounded in respect for human rights and the rule of law”. 

The following first four principles are highlighted here as being highly relevant for the use of data. This is not 

to say that other principles are not important to DDI as well: 

1. Promote and protect the global free flow of information: The Internet Economy, as well as 

individuals’ ability to learn, share information and knowledge, express themselves, assemble and 

form associations, depend on the global free flow of information. To encourage the free flow of 

information online, it is important to work together to advance better global compatibility across a 

diverse set of laws and regulations. While promoting the free flow of information, it is also essential 

for governments to work towards better protection of personal data, children online, consumers, 

intellectual property rights, and to address cybersecurity. In promoting the free flow of information 

governments should also respect fundamental rights. 

2. Promote the open, distributed and interconnected nature of the Internet: As a decentralised 

network of networks, the Internet has achieved global interconnection without the development of 

any international regulatory regime. The development of such a formal regulatory regime could risk 

undermining its growth. The Internet’s openness to new devices, applications and services has 

played an important role in its success in fostering innovation, creativity and economic growth. 

This openness stems from the continuously evolving interaction and independence among the 

Internet’s various technical components, enabling collaboration and innovation while continuing to 

operate independently from one another. This independence permits policy and regulatory changes 

in some components without requiring changes in others or impacting on innovation and 

collaboration. The Internet’s openness also stems from globally accepted, consensus driven 

technical standards that support global product markets and communications. The roles, openness, 

and competencies of the global multi-stakeholder institutions that govern standards for different 

layers of Internet components should be recognised and their contribution should be sought on the 

different technical elements of public policy objectives. Maintaining technology neutrality and 

appropriate quality for all Internet services is also important to ensure an open and dynamic Internet 

environment. Provision of open Internet access services is critical for the Internet economy. 

3. Promote investment and competition in high speed networks and services: High-speed 

networks and services are essential for future economic growth, job creation, greater 

competitiveness and for people to enjoy a better life. Public policies should promote robust 

competition in the provision of high-speed broadband Internet that is available to users at affordable 

prices and promote investment also to attain the greatest geographic coverage of broadband 

Internet. They should also promote an optimal level of investment by creating demand for high-

speed broadband networks and services, in particularly in areas where governments play a key role 

such as in education, health, energy distribution and transport. Public policies should help foster a 

diversity of content, platforms, applications, online services, and other user communication tools 

that will create demand for networks and services, as well as to allow users to fully benefit from 

those networks and services and to access a diversity of content, on non-discriminatory terms, 

including the cultural and linguistic content of their choice. 
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4. Promote and enable the cross-border delivery of services: Suppliers should have the ability to 

supply services over the Internet on a cross-border and technologically neutral basis in a manner 

that promotes interoperability of services and technologies, where appropriate. Users should have 

the ability to access and generate lawful content and run applications of their choice. To ensure cost 

effectiveness and other efficiencies, other barriers to the location, access and use of cross-border 

data facilities and functions should be minimised, providing that appropriate data protection and 

security measures are implemented in a manner consistent with the relevant OECD Guidelines and 

reflecting the necessary balance among all fundamental rights, freedoms and principles. 

Encouraging access to, and the free flow of, data across national and organisational borders 

164. The free flow of data across national and organisational border is an important enabler for data-

driven innovation. Government should encourage better access to data and the free flow of data across the 

economy. This does not only include enhancing access to, and reuse of, public sector data as promoted by the 

OECD (2008) Recommendation of the Council for Enhanced Access and More Effective Use of Public Sector 

Information, but significant benefits can be expected to come from cross-sectoral data sharing as well. This 

could be enabled through the promotion of open data and data commons more generally, as according to 

Frischmann (2012), data commons can: (i) facilitate joint production or co-operation with suppliers, 

customers or even competitors, (ii) support and encourage user-driven innovation including value-creating 

activities by users (incl. consumers and citizens), (iii) maximize the option value of data when data 

investments are irreversible and there is high uncertainty regarding sources of future market value, and, last 

but not least, (iv) effectively (cross-) subsidise the production of public and social goods without the need to 

rely on either the market or the government to ‘pick winners’. 

165. Open data is the most extreme data sharing regime. Other regimes exist in between open data and 

closed data, with the key factors affecting the degree of openness being: (i) technological design (incl. data 

availability on the web, machine readability, and linkability), (ii) intellectual property rights (IPRs) (incl. 

legal regimes such as copyright as well as other IPRs applicable to databases and trade secrets), and (iii) 

pricing. 

Figure 26. Degrees of freedom for data use and reuse 

 

166. The empowerment of individuals (consumers) through data portability regimes can further promote 

the free flow of data across national and organisational border. A data taxonomy differentiating between (i) 

contributed data, (ii) observed data, and (iii) inferred data can help policy makers design appropriate 

mechanisms to balance the rights of the individuals with legitimate business interests. 

Establishing data governance frameworks for data access, sharing and interoperability 

167.  Data governance regimes can have an impact on data access, sharing and interoperability. These 

include challenges that individuals, businesses, and policy makers face in every domain in which data is used, 

irrespective of the type of the data used. Data governance regimes can have an impact on the incentives to 

share and the possibility of data to be used in interoperable ways. The elements to be considered for an 

effective data governance regime include:  
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 Data value and pricing 

 Data linkage and integration 

 Data quality and curation, and 

 Data ownership and control 

Promoting research and development on data analytics and privacy enhancing technologies 

168. The quality of data-driven insights depends on the quality of the algorithms used for data analytics 

(beside the selection of the appropriate algorithm and the quality of the data). At the same time knowledge 

about the mechanisms used to extract information enrich research on the mechanisms to protect and better 

control information extraction. So research and development (R&D) on data analytics can go hand in hand 

with R&D on privacy enhancing technologies (PETs). However, evidence suggests that current private sector 

incentives are more in favour of R&D on data analytics than on PETs. For example, the number of PCT 

patent applications related to the protection of privacy remains very low and has even decreased in 2011, 

while patent applications related to data analytics continuous to grow. Governments should therefore promote 

R&D not only focussing on data analytics but also on PETs. 

Assuring the supply and development of data analytic skills and competencies 

169.  Reaping the full benefits of data requires a sufficient high-level of the data analytic capacities in 

the economy and society. Besides through the provision of cloud computing and data analytic tools, 

improved data analytic (data scientist) skills are needed. But as highlighted earlier in the paper, domain 

specific skills and competencies on how to interpret and make best use of the results of the data analysis are 

at least as important. Government should assure the supply and development of these skills and competencies 

as appropriate through (i) formal education institutions, and (ii) ICT vocational and on-the-job training. 

Encouraging data-driven entrepreneurship and organisational change across the economy 

170. Data-driven innovation will to a large extent be realised by data entrepreneurs that recognize the 

potential of data analytics within their organisations and beyond including in other markets.  

171. For entrepreneurs within an organisation the main challenges will be organisational change: 

transforming a traditional organisation into a data-driven organisation may require a cultural change that can 

be very difficult to realise. As Bakhshi et al. (2014) highlight: introducing complementary changes in order to 

reap the full returns from data analytics can “include disruptive - and therefore possible controversial – 

changes to their organisational structures and business processes”. 

172. Governments can play an important role in encouraging data entrepreneurs and organisational 

change through the provision of best practices and the encouragement of venture capital provision.  

Governments leading by example in the use of data analytics and the supply of data 

173. Government should lead by example by considering the policy opportunities in the context of the 

public sector which is one of the most data-intensive sectors in many OECD economies. A major opportunity 

is the provision of public sector data as promoted by the OECD (2008) Council Recommendation on 

Enhanced Access and More Effective Use of Public Sector Information (PSI) and realised by the increasing 

number of open government platforms. Another opportunity is the effective protection of privacy and 

freedom of citizens. 
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ANNEX: SUMMARY OF CHAPTERS OF THE FINAL KBC2 DATA REPORT 

Chapter 1: Unleashing the potential of data-driven innovation 

174. This chapter will be based on this synthesis report to introduce the definition of, and the rationale 

for looking at, data-driven-innovation. It will in particular include the following two sections: (i) the 

growth of the “big data” ecosystem, and (ii) data-driven innovation across society. 

Chapter 2: Understanding the enablers of data-driven innovation 

175. This chapter will highlight key (technological and social) enablers and drivers of data-driven 

innovation and the implications. The objective is to demonstrate the key confluence and trends leading to 

the critical adoption of data and analytics across the economy. Key trends will include those related to (i) 

data generation and collection, (ii) data processing and analysis, and (iii) data-driven decision making and 

control. This chapter will then discuss how the confluence of these trends is leading to the 

“industrialisation” of knowledge creation and a paradigm shift in decision-making with deep implications 

on labour productivity. Key questions addressed in this chapter include: What makes data-driven 

innovation a pervasive socio-economic phenomenon today and what are its potentials? In other words: 

where is data-driven innovation coming from and where is it heading? What are the main societal 

challenges, including responsibility and liability issues, in a world increasingly dominated by automated 

decision makers? 

Chapter 3: Mapping the global data ecosystem  

176. This chapter will provide a picture of the data ecosystem, including its key players and their main 

technologies and services, as well as their business models and value creation mechanisms. It will first 

introduce the data value cycle which will be used as a framework for analysing the data ecosystem, in 

particular for identifying the key players but also the strategic points of control of data ecosystems. This 

chapter will also discuss to what degree data ecosystems are primarily open, global, interconnected, and 

complex, constituting global value chains (GVCs) affecting international production and trade. Questions 

addressed in this chapter include: Who are the key players and how are they generating economic value? 

What are the key points of control in the data ecosystem and how are they being exploited? How open, 

global and interconnected are data ecosystems and how do they contribute to international production and 

trade? 

Chapter 4: Improving access to data 

177. Still a large share of all data generated is still locked in silos where they are sometimes not even 

used. These data silos are the biggest impediment to exploiting data for effective decision-making. Given 

the huge potential of data in generating spill-over effects, barriers to data access and linkage can provide 

significant opportunity costs not only for those controlling the data, but also for society at large. After 

providing the theoretical foundation for the economic potential of data, this chapter will discuss key data 

governance issues that need to be addressed for maximizing the potential of data and its reuse across 

society. It will in particular highlight issues related to (i) data value and pricing, (ii) data access and 

sharing, (iii) data linkage and integration, and (iv) data ownership and control. Data markets are presented 

as use case for illustrating the importance of data governance standards. Questions addressed in this 

chapter include, but are not limited to: How does data contribute to innovation and growth? What are the 
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common data governance issues preventing the provision and reuse of data? And how can governments 

help overcome these barriers? 

Chapter 5: Enhancing skills and competencies for the data-driven economy 

178. The capacity to use data analytics depends on a number of factors, among which the provision of 

data analytic (data scientist) skills and competencies is crucial as well as an environment and culture which 

favours the collaboration. The lack of these factors is an often highlighted barrier for the wide adoption of 

data analytics across the economy and society. Beyond the high level of expected demand for data 

scientists, the full implications of data-driven innovation on employment are not yet well understood. 

Increased automation resulting from the exploitation of data in combination with autonomous systems, for 

example, may lead to the disappearance of some jobs that previously required human labour (e.g. Google’s 

Driverless Car replacing taxi drivers). This chapter will assess trends in the demand for data analytic skills 

and competencies across society as well as potential impact of data-driven automation on employment. 

Key questions addressed in this chapter thus include, but are not limited to: How can governments together 

with the private sector identify and foster the right data analyst skills and competences mix? How can they 

promote an environment which favours collaboration between data analysts across organisational and 

national boarders? And how can governments address the implications of data-driven automation on 

employment? 

Chapter 6: Building trust in a data-rich society 

179. The large scale collection and analysis of data can reveal “information relating to an identified or 

identifiable individual” and thus poses difficult privacy, security and trust issues ranging from the risks of 

unanticipated uses of consumer data, to the potential discrimination enabled by data analytics and the 

insights offered into the movements, interests and activities of an individual. This chapter provides an 

overview of emerging privacy, security and related trust issues raised by the increasing use of data-

intensive applications impacting individuals in their commercial, social, and citizen interactions. It begins 

with a descriptive overview of way in which these data-intensive practices pose privacy risks. After that, 

an evaluation is made of challenges in applying current privacy frameworks to address these risks and 

potential policy approaches to help in addressing the issues raised. Attention is then turned to the security 

issues, which while important do not appear to raise fundamental challenges to existing security 

frameworks. Key questions addressed in this chapter include, but are not limited to: What are the main 

risks to trust emerging from the large scale collection and analysis of data? How are current privacy, 

security, and consumer protection frameworks challenged as a result?  And how should governments 

respond to the challenges? 

Chapter 7. Governments leading by example  

180. The public sector is an important source and user of data. Improved access to and re-use of 

public-sector information (PSI) or data offers many potential benefits across the economy in terms of 

weather, map, statistical or legal data to develop new data-intensive goods and services (data products). 

Improved access to public sector data can also provide benefits to the society including people’s 

empowerment, increased  transparencyand efficiency in the public sector. Furthermore, data analytics can 

be used by the public sector to provide more efficient, innovative and personalized delivery of public 

services, and more inclusive and timelier public policy and decision making. This chapter will discuss the 

potential of better access and re-use of public sector data for the economy and society. It will also present 

existing evidence and use cases on the impact of data and data analytics for better and innovative public 

service delivery. Key questions addressed in this chapter include, but are not limited to: How does public 

sector data contribute to economic growth and the transparency and efficiency of the public sector? What 
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are the key barriers to the re-use of public sector data? What are best practices to design and implement 

open government data action plans? 

Chapter 8: Promoting a new era of scientific discovery 

181. This chapter summarises the recent evolution of research and scientific systems - mainly thanks 

to the advent of the internet and ICTs - towards a more open and data-driven enterprise, often referred to as 

Open Science. The chapter focuses on how open research data contribute to this evolution and describes 

the impacts of open research material both on science and research and on innovation and the society more 

broadly. On the one hand, a greater access to scientific inputs and outputs may improve the effectiveness 

and the productivity of the scientific and research system by: reducing duplication costs in collecting, 

creating, transferring and re-using data and scientific material; allowing more research from the same data; 

multiplying opportunities for domestic and global participation in the research process; ensuring more 

possibilities for testing and validating scientific results. On the other hand, an increased access to research 

results (both in the forms of publications and data) can foster spillovers not only to the scientific systems 

but also boost innovation systems more broadly. With an unrestricted access to publications and data, firms 

and individuals may use and re-use scientific outputs to produce new products and services. However, 

scientists and researchers do not have necessarily the incentives or the skills to perform these tasks, since 

proper curation and dissemination of datasets is costly and time-consuming and can be even considered as 

another type of scientific activity. Scientists and researchers traditionally compete to be the first to publish 

original results and may not see the immediate benefits of disclosing the information on the data they want 

to use to produce not yet published research results. Open science and open data efforts are high on the 

agenda of many countries worldwide: the chapter concludes with an overview of recent policy measures 

and trends within the OECD and beyond. 

Chapter 9: Improving health outcomes and care in a data-rich environment 

182.  Personalised medicine, genomics, new diagnostics and medical imaging techniques and the 

banking of biological samples are contributing to the growth of health-related data. The better use of large 

and diverse data sets can contribute to improving population health, prevention of disease, quality and 

safety of health care, and to generating greater systems efficiencies in healthcare research and innovation. 

This chapter will describe how the data environment has been changing in the health sector and its 

implications for human health research; clinical care; for governance of the quality, safety and efficiency 

of health care; and for informing and empowering patients. It will discuss specific issues raised by the use 

health related data as far as these issues have not been already discussed in previous chapters. In doing so, 

this chapter will answer the questions: How can the potential of data and analytics be unleashed to make 

health care smarter and thus more efficient and patient-centric? What are specific data governance issues in 

health care? 

Chapter 10: Data-driven innovation in cities 

183. Sensors embedded in infrastructures and in connected machines, devices and things concentrate 

in urban areas and produce increasing amounts of data that is of use in and for cities. A large part of the 65 

million sensors estimated to be deployed in security, health care, the environment, transport and energy 

systems today are embedded in urban infrastructures, facilities and environments. With around three 

quarters of the OECD population expected to be living in urban areas by 2022, cities will also host at least 

10 out of the 14 billion devices estimated to be in use in OECD countries by then. The urban concentration 

of data production creates new possibilities for using data to improve the functioning and the efficiency of 

urban sectors, to foster data-driven innovation, and to advance informed decision-making in cities. This 

chapter discusses policy relevant issues to be addressed for reaping the potential of data-driven efficiency, 

innovation and decision-making in cities, relevant to both national and subnational policy makers.  
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NOTES 

 
1
  The outcomes of the first phase of the OECD horizontal project on New Sources of Growth: Knowledge-

Based Capital (KBC 1) was discussed at the conference on “Growth, Innovation and Competitiveness: 

Maximising The Benefits Of Knowledge-Based Capital” in 13-14 February 2013, and the final conclusions 

were presented to ministers at the 2013 OECD Ministerial Council Meeting (MCM) (see 

http://oe.cd/kbcconference).  

2
  Calculated based annual balance sheet data as follow: (p – d) / a, where p: the total gross value for 

property, plant, and equipment; d: total accumulated depreciation; and a: total assets. 

3
  Brynjolfsson et al. (2008) highlighted how information technology (IT) had “enabled firms to more rapidly 

replicate improved business processes throughout an organization, thereby not only increasing productivity 

but also market share and market value”. Internet firms, however, are not only replicating business 

processes throughout their organizations, but they are increasingly relying on automated business processes 

that are empowered by software and in particular data analytics. 

4
  This definition originated from the META Group (now part of Gartner) in 2001 (see Laney, 2001). 

5
  In 2010, Borthakur (2010) claimed that Facebook had stored 21 petabytes (million gigabytes) of data using 

the largest Hadoop cluster in the world. One year later, Facebook announced that the data had grown by 

42% to 30 petabytes (Yang, 2011).  

6
  LinkedIn (2009) is using Hadoop together with Voldemort, another distributed data storage engine. 

7
  ISPs are increasingly using data analytic services for managing communication infrastructures, some of 

which may be required for timely data transmission and for guaranteeing the delivering time sensitive data 

even in crowded networks through e.g. quality of service (QoS) (see OECD, 2014e) 

8
  The notion of “entrepreneur” is to be understood here in a broader sense to include not only start-up 

entrepreneurs, but also civic entrepreneurs, who are engaged in social innovation, as well as public servants 

who providing innovation in the public sector to give few example. Ries (2011) discusses this broader 

notion of “entrepreneur”. 

9
  In November 2011, Kaggle raised USD 11 million from a number investors, including Index Ventures and 

Khosla Ventures. SV Angel, Yuri Milner’s Start Fund, Stanford Management Company, PayPal Founder 

Max Levchin; Google Chief Economist Hal Varian; and Applied Semantics’ Co-Founder and Factual Chief 

Executive Officer Gil Elbaz. 

10
  Hal Varian, Google’s Chief Economist, described Kaggle as “a way to organize the brainpower of the 

world’s most talented data scientists and make it accessible to organizations of every size” (Rao, 2011). 

11
  As Mandel (2012) highlights: “[…] economic and regulatory policymakers around the world are not 

getting the data they need to understand the importance of data for the economy. Consider this: The Bureau 

of Economic Analysis […] will tell you how much Americans increased their consumption of jewelry and 

watches in 2011, but offers no information about the growing use of mobile apps or online tax preparation 

programs. Eurostat […] reports how much European businesses invested in buildings and equipment in 

2010, but not how much those same businesses spent on consumer or business databases. And the World 
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Trade Organization publishes figures on the flow of clothing from Asia to the United States, but no official 

agency tracks the very valuable flow of data back and forth across the Pacific”. 

12
  See www.tomtom.com/en_gb/licensing/products/traffic/historical-traffic/custom-travel-times. 

13
  The study is based on a survey by Bakhshi and Mateos-Garcia (2012), but extended by “matching survey 

responses about data activities with historical performance measures taken from respondents’ company 

accounts, and by conducting an econometric analysis of the link between business performance and data 

activity while controlling for other characteristics of the business”. The analysis shows that, other things 

being equal, a one-standard deviation greater use of online data is associated with an 8% higher-level of 

total factor productivity (TFP). Firms in the top quartile of online data use are 13% more productive than 

those in the bottom quartile.  

14
  It is interesting to note that the productivity gains of 5% to 10% suggested by the empirical studies 

presented above do not correspond to the general perception of executives, which expect to have higher 

productivity gains through the use of “big data”. According to a survey by the Economist Intelligence Unit 

(2012a) of business executives, for example, the use of “big data” is expected to have improved 

organisational performance by 25% and improvements by more than 40% are expected over the next three 

years. One possible explanation is that the perceptions of what constitute big data and advanced data 

analytic technologies diverse between researchers and business executives. 

15
  The Economist Intelligence Unit (2012a) survey of 607 executives included 38% participants from Europe, 

28% from North America, 25% from Asia-Pacific, and the remainder coming from Latin America and the 

Middle East and Africa. “The sample was senior, 43% of participants being C-level and board executives 

and the balance—other high-level managers such as vicepresidents, business unit heads and department 

heads”. 

16
  It is necessary to exercise caution when interpreting these results as the methodologies used for these 

estimates are not necessarily explicit.  

17
  As Mandel (2012) highlights: “[…] economic and regulatory policymakers around the world are not 

getting the data they need to understand the importance of data for the economy. Consider this: The Bureau 

of Economic Analysis […] will tell you how much Americans increased their consumption of jewelry and 

watches in 2011, but offers no information about the growing use of mobile apps or online tax preparation 

programs. Eurostat […] reports how much European businesses invested in buildings and equipment in 

2010, but not how much those same businesses spent on consumer or business databases. And the World 

Trade Organization publishes figures on the flow of clothing from Asia to the United States, but no official 

agency tracks the very valuable flow of data back and forth across the Pacific”. 

18
  Reasons for not reporting include intimidation of victims and witnesses, but also lack of trust in local 

authorities. 

19
   As highlighted in Frischmann (2012), “the NRC recognized three conceptual needs that are central to 

the project undertaken in this book: first, the need to look beyond physical facilities; second, the 

need to evaluate infrastructure from a systems perspective; and third, the need to acknowledge 

and more fully consider the complex dynamics of societal demand”. 

20
  The fact that information is often seen as “data with meaning”, “interpreted data”, or “structured data”, 

explains why information and data are often used as synonyms. In many cases, there is no need to make the 

difference, namely when the information is perfectly reflected in the data, so that with the data one gets the 

information. However, there are many cases where this is not true, for example, when a user is not able to 

extract any meaning out of the data, either because he or she lacks the contextual knowledge and/or the 

analytic capacity (skills and technologies) or just simply because the data is encrypted and he/she does not 
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have the key to decrypt the data. Furthermore, the context dependency implies that the same data set can 

lead to different information being extracted if for example used in different contexts. 

21
  The increased capacity to externalise knowledge could be a source for capital-biased technological 

change, which tends to “shift the distribution of income away from workers to the owners of capital” 

(Krugman, 2012a; 2012b). 

22
  Not all data is relevant from a public policy perspective. Data that is for example generated when 

measuring one’s own personal working activities are not policy relevant. However, if the agglomeration 

and sharing of that data across society can respond to specific societal needs then the data may merit policy 

makers’ attention and thus may raise policy issues as it becomes an essential societal building block. 

23
  As Frischmann (2012) explains: “The externalities are sufficiently difficult to observe or measure 

quantitatively, much less capture in economic transactions, and the benefits may be diffuse and sufficiently 

small in magnitude to escape the attention of individual beneficiaries.” 

24
  Taking commerce as an example, Rose (1986) explains that open access to roads have enabled commerce 

to generate not only private value that is easily observed and captured by participants in economic 

transactions, but also social value that is not easily observed and captured by participants (e.g. value 

associated with socialization and cultural exchange) (Frischmann, 2012). In this case, commerce is a 

productive downstream use of the road infrastructure that generates private as well as social surplus. 

25
  The UN (2008) System of National Accounts (SNA) defines intermediate consumption as “consist[ing] of 

the value of the goods and services consumed as inputs by a process of production, excluding fixed assets 

whose consumption is recorded as consumption of fixed capital. 

26
  See OECD Main Economic Indicators available at http://stats.oecd.org/mei/default.asp?lang=e&subject=1.  

27
  The UN (2008) System of National Accounts (SNA) refers to the term “fixed capital” (in contrast to 

circulating capital such as raw materials) to refer to capital goods. 

28
  In contrast, economies of scale are the cost advantages that organisations obtain thanks to the size of their 

outputs or the scale of their operation. As the size and scale increases the cost per unit of output (average 

cost) decreases with increasing scale. Economies of scope are conceptually similar to economies of scale 

except that it is not the size or the scale of the outputs or operation that leads to over-proportionate 

reduction in the average cost (cost per unit), but the diversity of the product. 

29
  It is interesting to note at this point that the “super-additive” nature of linked data, however, is also the 

source for additional challenges. In particular, linked data sets can undermine confidentiality and privacy 

protection measures such as anonymisation and pseudonymisation. 

30
  A model is an abstract representation of  “real world” objects and phenomenon. According to Hoberman 

(2009), “a data model is a wayfinding tool for both business and IT professionals, which uses a set of 

symbols and text to precisely explain a subset of real information to improve communication within the 

organization and thereby lead to a more flexible and stable application environment. ” 

31
  See Watters (2012) for a comparison of Yahoo! and Google in terms of structured vs. unstructured data.  

32
  See http://marketshare.hitslink.com/search-engine-market-share.aspx?qprid=4. 

33
  Real-time data can also be a source for real-time evidence for policy making. The Billion Price Project 

(BPP), for example, collects price information over the Internet to compute a daily online price index and 
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estimate annual and monthly inflation. It is not only based on five times what the US government collects, 

but it is also cheaper, and is has a periodicity of days as opposed to months. 

34
  A/B Testing is typically based on a sample that is split in two groups, an A-group and a B-group. While an 

existing strategy is applied to the (larger) A-group, another, slightly changed strategy is applied to the other 

group. The outcome of both strategies is measured to determine whether the change in strategy led to 

statistically relevant improvements. Google, for example, regularly redirects a small fraction of its users to 

pages with slightly modified interfaces or search results to (A/B) test their reactions. 

35
  Google Trends now also include surveillance for a second disease, dengue. 

36  There is also evidence that in early history data were systematically collected and used, for instance, as a 

means to keep information about the members of a given population (i.e. census). It is estimated, for 

example, that the Babylonian census, introduced in 1800 BC, was the first practice of systematically 

counting and recording people and commodities for taxation and other purposes. See 

http://www.wolframalpha.com/docs/timeline.. .  

37
  Luhn (1958) introduces the concept of business intelligence, citing the following Webster’s dictionary 

definition of intelligence: “the ability to apprehend the interrelationships of presented facts in such a way 

as to guide action towards a desired goal”. He further defines business as “a collection of activities carried 

on for whatever purpose, be it science, technology, commerce, industry, law, government, defense, et 

cetera.” 

38
  Machine-to-machine involves data communication between physical objects that interconnected 

increasingly through the Internet (Internet of Things). 

39  “For this analysis, the generic top-level domains were omitted from the list, as there is no reliable public 

data as to where the domains are registered. Out of the one million top sites, 948 00 were scanned, 474 000 

were generic top-level domains, 40 000 had no identifiable host country, 3700 had no identifiable domain, 

just an IP-address. The remaining 429 000 domains were analysed and their hosting country identified. For 

each country the percentage of domains hosted in the country were identified.” (OECD, 2014). See also 

Royal Pingdom blog http://royal.pingdom.com/2012/06/27/tiny-percentage-of-world-top-1-million-sites-

hosted-africa/.  

40
  As discussed in OECD (2014) there are caveats that need to be highlighted, for example, “in relation to the 

United States, where for historical reasons most use is made of generic top-level domains. The ccTLD .us 

is also a valid top-level domain in that country, but it is very lightly used. […] There are some further 

caveats with the data. In some cases there may be a national and an international site for the content. For 

example, it might be the case that a newspaper has a site hosted in the country, for all web requests coming 

from the country and an international site located close to where the countries diaspora lives. The local site 

will likely not show up as the query was run from Sweden. Similarly, some of the largest sites in the world 

use content delivery networks (CDNs) to distribute their data. These sites show as hosted outside the 

country, though for visitors in country, they may be local”.  

41
  As OECD (2014c) suggests, “it seems possible […] that the market for co-location in Greece is 

unfavourable and content providers have not chosen a domestic location to host traffic. […] The factors at 

work in Greece are likely to be similar for Mexico, combined with the proximity to the United States, 

which has a well-functioning co-location and backhaul market”. How well the co-location and backhaul 

market in the United States functions is indicated by the total number of sites hosted in the United States, 

which accounts for almost 60% all top sites hosted in the OECD area in 2013 or more than 50% of all top 

sites hosted in OECD plus Brazil, China, Colombia, Egypt, India, Indonesia, Russia, and South Africa 

altogether. Grouping the European and Asian countries into regions may give some better perspective. In 

2013, the United States accounted for 42% of all top sites hosted, while Europe hosted 31% of the world’s 

top sites and Asia 11% (Pingdom, 2013). Further analysis of the data reveals that for mid-income countries, 
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the percentage of local content sites domestically hosted is correlated with the reliability of the electricity 

supply of that country (OECD, 2014). This underlines “the importance of considering local energy supply 

when developing initiatives to enhance local backhaul and data centre markets”, which comes with no 

surprise when thinking of the importance of reliable energy supply for the operation of data centres 

(Reimsbach-Kounatze, 2009). 

42
  In January 2012, for example, Orange signed an agreement with Mediamobile, a leading provider of traffic 

information services in Europe, to use FMD data for its traffic information service V-Trafic (see Orange, 

2012). 

43
  As Friedman (2013) explains: “There is a mistaken tendency to believe that any gain or loss in profits 

corresponds to an equal or proportional gain or loss in investment incentives, but this belief greatly 

oversimplifies the decision-making process and underlying economics and ignores the relevance of 

alternative opportunities for investment. The conversion of surplus realized by a free rider into producer 

surplus may be a wealth transfer with no meaningful impact on producers’ investment incentives or it may 

be otherwise, but there is no theoretical or empirical basis for assuming that such producer gains are 

systematically incentive-relevant”. 

44
  See: http://fing.org/?-MesInfos-les-donnees-personnelles-&lang=fr.   

45
  See: http://cyber.law.harvard.edu/projectvrm/Main_Page.   

46
  “The MIT License is a permissive license that is short and to the point. It lets people do anything they want 

with your code as long as they provide attribution back to you and don't hold you liable. jQuery and Rails 

use the MIT License.” (see http://choosealicense.com/). 

47
  The BSD License is “a permissive license that comes in two variants, the BSD 2-Clause and BSD 3-

Clause. Both have very minute differences to the MIT license” (see http://choosealicense.com/licenses/). 

48
  “The Apache License is a permissive license similar to the MIT License, but also provides an express grant 

of patent rights from contributors to users. Apache, SVN, and NuGet use the Apache License.” (see 

http://choosealicense.com/). 

49
  “The GPL (V2 or V3) is a copyleft license that requires anyone who distributes your code or a derivative 

work to make the source available under the same terms. V3 is similar to V2, but further restricts use in 

hardware that forbids software alterations. Linux, Git, and WordPress use the GPL.” (see 

http://choosealicense.com/). 

50
  See http://www.google.com.ar/patents/US7650331.  

51
  As Paul (2010) explains:  “Many companies in technical fields attempt to collect as many broad patents as 

they can so that they will have ammunition with which to retaliate when they are faced with patent 

infringement lawsuits.” For more on IP strategies see KBC2:IP. 

52
  Sometimes, clouds are also classified into private, public, and hybrid clouds according to their ownership 

and control of management of the clouds. 

53
  Vivek Kundra (2011), Federal cloud computing strategy, US Chief Information Officers Council, 

www.cio.gov/documents/federal-cloud-computing-strategy.pdf 

54
  Due to economies of scale, cloud computing providers have much lower operating costs than companies 

running their own IT infrastructure, which they can pass on to their customers. 
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55

  Big data solutions are typically provided in three forms: software-only, as a software-hardware appliance 

or cloud-based (Dumbill, 2012a). Choices among these will depend, among other things, on issues related 

to data locality, human resources, and privacy and other regulations. Hybrid solutions (e.g. using on-

demand cloud resources to supplement in-house deployments) are also frequent. 

56
  Forrester (2011), Sizing the cloud, http://blogs.forrester.com/stefan_ried/11-04-21-sizing_the_cloud 

57
  An example include the Swedish standardisation committee, “DIPAT” – TK 542 run by the Swedish 

Standardization Institute (SIS), launched an initiative to work on national and European level 

standardisation issues linking and aligning the initiative with global efforts run by Subcommittee 38 of the 

Joint Technical Committee 1 of the International Organization for Standardization and the International 

Electrotechnical Commission (ISO/IEC JTC 1/SC 38). The goal is to assist in the development of 

harmonised, sustainable and well-designed standards. 

58
  As independent data-consultant Paul Miller notes: “At the ‘softer’ end of the market, specifically, there has 

been an explosion of new startups rushing to offer tools that make it easier to create visualizations and 

dashboards to deliver some value from the data whilst hiding its complexity.” 

59
  Confidentiality refers to the prevention of data disclosure to unauthorised individuals, entities or processes. 

Integrity is the protection of data quality in terms of accuracy and completeness. Availability is the 

accessibility and usability of data upon demand by an authorised entity. Various alternative models coexist 

but the so-called C-I-A triad is the most universally recognised.  

60
  For example, those in public and private organisations, who are ultimately responsible for the realisation of 

economic and social objectives related of data-driven innovation.  

61
  This observation has also been confirmed in the OECD work on competition in the digital economy under 

KBC 1, which concludes that markets characterized by the economic properties described above 

(increasing returns to, and economies of, scale and scope, paired with multi-sided markets and network 

effects) can lead to a “winner takes all” outcome where monopoly is the nearly inevitable outcome of 

market success. 

62
  Markets featuring a series of disruptive innovations can lead to patterns in which firms rise to positions of 

temporary monopoly power but are then displaced by a competitor with superior innovation. 
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