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Executive Summary 

During 2016, the devices of the world created 218 zettabytes (1 ZB = 1012 gigabyte) of data. Cisco 

(2018) estimates that by 2021 this amount will have grown to 847 ZB, which amounts to an annual 

growth rate of 31%. The largest share will be non-personal data, generated by industrial processes. This 

data is increasingly seen as an asset that contributes to the competitive advantage of an organization. 

However, data is an important input for innovation and organizations should be able to acquire data like 

any other (physical) resource (European Commission, 2017). 

Because data is non-rival in nature and the legal framework does not clearly delineate data rights, the 

holders of data are inclined to prevent other actors from accessing data or rely on contracts to delineate 

the terms and conditions regarding data use. Based on a review of the EU legal framework and literature 

from the field of Intellectual Property, this thesis argues that the reliance on contracts and the tendency 

to attribute legal protection to data providers (e.g. equipment manufacturers) is detrimental for the 

ability of data producers (e.g. farmers) to access- and use data. 

This study investigates to what extent the ability of data producers to control their data differs between 

types of data exchange. The degree of ‘control over data’ has been defined as ‘data sovereignty’ and 

defined as the sum of (i) data rights appointed by the legal framework, (ii) ad-hoc data rights appointed 

contractually, and (iii) implemented mechanisms that allow the actor to control the use of their data. To 

be able to compare the data producers’ sovereignty between cases, a framework is created to classify 

the initiatives. Seven cases in the agricultural domain are studied in which the farmers’ data is 

transferred to at least one other actor, named ‘data collaborations’. In order to assess the level of data 

producers’ sovereignty and classify the initiatives, thirteen semi-structured interviews are conducted 

with representatives of seven cases and four experts in the field of data use in agriculture. 

The framework of analysis is developed based on the concept of ‘governance structures’ from the field 

of Transaction Cost Economics. This concept represents the organizational context in which a 

‘transaction’ takes place. Contrary to expectations, types of data collaboration can be distinguished 

based on the ‘orientation’ of the entity responsible for the enabling infrastructure (i.e. the central entity) 

as opposed to using the interaction between data producers and data users. Three types of data 

collaboration can be identified amongst the investigated cases: (a) data-based services, (b) independent 

platforms, and (c) open data platforms. Data-based services are commercial initiatives in which the 

central entity is responsible for creating the enabling infrastructure and the delivery of a service based 

on the data producers’ data. In contrast, the central entity of independent platforms focuses on providing 

the infrastructure to transfer data between supply (i.e. data producers) and demand (i.e. data users). The 

role of the central entity in open data platforms is similar, but these cases are limited to publishing data 

under the condition that the data is made accessible to the public with as little restrictions as possible.  
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Table 1 below illustrates the interaction between data suppliers (S), the central entity (E), and data users 

(U). The blue arrow represents the flow of data, while the orange arrow represents the flow of services 

or compensation for the use of data. 

DATA-BASED 
SERVICE 

INDEPENDENT 
PLATFORM 

OPEN DATA 
PLATFORM 

   

Table 1: types of data collaboration as classified by the role of their central entity 

Regarding the data producers’ sovereignty, this study finds that the legal framework provides several 

options to protect data from misappropriation. However, these rights attribute to actors controlling the 

data or actors who invested into creating a database. As such, data providers are better positioned to 

apply for the legal protection of data than data producers. Only two out of the seven cases studied have 

currently implemented measures to increase the data producers’ sovereignty, one by adhering to an 

agricultural code of conduct and one by using a permission structure that allows the data producer to 

accept or decline a data transfer request based on the requested dataset and the statement of purpose 

provided by the data user. 

Because these two initiatives are consortium-led and of the ‘independent platform’ type, the data 

producers’ sovereignty is found to be the highest for this type of data collaboration. The results 

concerning the ‘data-based service’ are inconclusive, as the cases differ considerably in their 

characteristics. The sovereignty of data producers is found to be the lowest in the ‘open data platforms’ 

because they require the data producer to give up control over their data. However, this may differ 

depending on whether it concerns the publishing of data dictated by legislation or the voluntary sharing 

of proprietary data. 

Despite the fact that only a few cases implement measures to increase the data producers’ sovereignty, 

most interviewees indicate that terms and conditions are being developed that provide more 

transparency and control regarding the use of data. Policy developments are encouraging as well, 

considering the attention of the European Commission for fair data rights and the recent release of the 

consortium-developed EU code of conduct on agricultural data sharing (Copa and Cogeca et al., 2018). 

However, to move beyond improving a data producers’ sovereignty on paper more attention should be 

devoted towards developing the technological means that allow the data producer to (a) connect third 

parties (i.e. data users) directly to their data provider, and (b) monitor and control the use of his data.  
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"Information wants to be free. Information also wants to be expensive. Information 

wants to be free because it has become so cheap to distribute, copy, and recombine 

– too cheap to meter. It wants to be expensive because it can be immeasurably 

valuable to the recipient. That tension will not go away. It leads to endless wrenching 

debate about price, copyright, ‘intellectual property’, the moral rightness of casual 

distribution, because each round of new devices makes the tension worse, not better." 

Stewart Brand, Hackers’ Conference 1984 
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1. INTRODUCTION 

1.1. Topic, Objective and Relevance 

For a long time, data has played a small role in our lives and the economy. It has been expensive and 

time consuming to collect and process up until the introduction of personal computers and the internet 

during the 1980’s and 1990’s. Momentum really gathered when society adopted smartphones and social 

media during the 2000’s and 2010’s. Currently, industries are connecting their supply chain and 

production processes to the internet using IoT (Internet of Things) technology. In 2010, the estimated 

amount of stored data world-wide was 1.227 exabyte (1,227 * 109 gigabyte). By the end of 2020, it is 

expected that this amount has multiplied 50 times (Ganz & Reinsel, 2012). The ubiquity of data has 

changed the way business, government and academia conduct their core activities. Already in 2008, 

Wired claimed that this ‘data deluge’ marks the ‘end of theory’ as it makes the age old scientific 

principle of hypothesis testing obsolete. 

The amount of captured data will likely continue to grow in exponential fashion, due to the fourth 

industrial revolution that blends the physical, digital and biological (Schwab, 2017). The combination 

of data penetrating ever deeper in society and increasingly sophisticated methods of ‘big data’ analysis 

has made policy makers aware of the necessity to safeguard the privacy and security of individuals’ 

data and regulate ‘the data economy’. Academia and policy makers tend to focus on the privacy issues 

associated with personal data, while the current economy is increasingly driven by ‘industrial data’ (e.g. 

machine generated non-personal data). Businesses increasingly rely on data to monitor and control their 

processes and develop new products and services. Additionally, this data may be used to create new 

products and services. Therefore, access to data (e.g. the opportunity to acquire data by sharing or 

selling) is crucial for the ‘data-driven’ economy we have today. However, the current legal framework 

does not clearly delineate the legal instruments that can be used to protect data. As a result, actors are 

hesitant to provide third parties access to their data and prefer to keep tight control (Bird & Bird, 2017). 

As such, in order to improve the flow of data it is important to implement measures that allow actors to 

control their data when engaging in data exchange. This topic is addressed by this thesis by focusing 

on the concept of ‘data sovereignty’, defined as the degree of control over data an actor produced. An 

actor is considered to be ‘data producer’ when the data in question relates to his actions, or the actions 

or properties of his assets. 

1.2. Research Questions and Approach 

This study uses a qualitative case study approach to investigate the data producers’ sovereignty in 

collaborative settings, which this study broadly defines as ‘initiatives that offer or use data from multiple 

actors in the interest of all actors involved’. To this end, the following research question has been 

formulated: 
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How does the sovereignty of data producers differ between types of data collaboration? 

To answer the main research question, two logical steps are needed: classification of data collaborations 

(RQ1) and an assessment of the data producers’ sovereignty (RQ2). These RQ’s are answered for seven 

cases of data collaboration by conducting semi-structured interviews with case representatives and the 

analysis of (proprietary and public) case-specific documents. To triangulate the data and create a holistic 

view of the topic, four additional interviews are conducted with representatives of research institutes 

and associations representing various stakeholders. 

• RQ1: What types of data collaboration can be identified? 

o RQ1.1: How can governance structures be used to classify data collaborations? 

• RQ2: How sovereign are data producers in data collaborations? 

o RQ2.1: What is the legal situation concerning (non-personal) data rights? 

o RQ2.2: What data rights are implemented by data collaborations in practice? 

o RQ2.3: How can data producers exercise control over their data in the collaborations? 

Both research questions are supported by sub questions. RQ1.1 develops a typology of data 

collaboration based on the concept of ‘governance structures’ used by the field of Transaction Cost 

Economics (TCE) to distinguish between forms of economic organization. The data producers’ 

sovereignty will be determined using three aspects: legally appointed data rights (RQ2.1), data rights 

appointed by the collaboration (RQ2.2), and mechanisms implemented by the collaboration that allows 

the data producer to exercise control over its data (RQ2.3). 

1.3. Reading Guide 

The introduction briefly discussed the context of this thesis by introducing the topic of data rights and 

the research questions that will be answered over the course of this report.  

Chapter two originates from the literature review conducted during the preparation for this thesis. This 

chapter elaborates on the introduction by introducing the phenomenon of data and the actors that are 

part of the ‘data economy’, this is also where the focal actors of this thesis are defined. The economic 

properties of data are investigated as well to identify why data is an important input for innovation. 

Following the statement of several authors that data should be freely accessible to all actors, the concept 

of ‘openness’ is investigated in the final section of this chapter.  

Chapter three focuses on methodology and discusses the research design, how and what data are 

collected, how they are analyzed and what steps have been taken to safeguard the research quality.  

Chapter four introduces the agricultural domain, the phenomenon of precision agriculture, and the cases 

selected for this study. The goal is to provide the reader with an understanding of the broader context 

to help the interpretation of the results discussed in the ensuing chapters. 



3 
 

Chapter five starts with the development of a typology to classify data collaborations, answering RQ1.1 

in the process. The second part of this chapter answers RQ1 by applying the typology to the cases. 

Chapter six answers RQ2 by assessing the data producers’ sovereignty in three steps. First, the options 

provided by the EU legal framework to protect data will be discussed to answer RQ2.1. Second, RQ2.2 

will be answered by investigating what data rights are implemented by the cases using contracts. Third, 

by determining what mechanisms are implemented by the cases to allow the data producer to control 

their data RQ2.3 is answered. 

Chapter 7 integrates the findings of the previous chapter to answer the main research question. This 

final chapter also reflects on the results in order to provide theoretical and practical recommendations.  

2. LITERATURE REVIEW 

2.1. Defining Data 

The word data is derived from the Latin dare, meaning ‘to give’ (Kitchin, 2014). In this sense, data are 

raw elements ‘given by’ phenomena. Data is everywhere but it has to be obtained (i.e. collected) through 

observation and measurement, e.g. by using sensors, surveys or experiments. It can also be a byproduct 

of a process, i.e. generated and captured without that being the purpose of the process.  

Unprocessed data, such as the direct output of sensors is called ‘raw’ data. Raw data is often hidden 

and unused because some degree of processing is needed to make sense of the data. Generally, data is 

considered to be processed when it is complemented with meaning (semantics). The line between raw 

and processed data is unclear however. In its purest form, (digital) data is a collection of 0’s and 1’s. 

Theoretically, data can already be considered processed when it has been converted from binary to 

symbols such as figures or text. 

‘Big data’ is often referred to as a type of data on its own. This term has arguably been used for the first 

time in the 1990s by the Chief Scientist of Silicon Graphics, who used it to refer to the processing of 

large amounts of data (Diebold, 2012). There is no agreed upon definition of big data, but literature 

commonly points towards the three V’s provided by Laney (2001). Big data are: large in volume, 

generated at high velocity, and diverse in variety (structured and unstructured). Over time, a fourth V 

has been added that refers to the authenticity and accuracy of data, veracity (Kitchin, 2014).  

According to the field of Information Sciences, data becomes information when meaning is attached to 

it. The data-information-knowledge-wisdom (DIKW) hierarchy is a widely used model to distinguish 

between these concepts. It describes the relation between these entities and the processes involved in 

transforming an entity lower in the hierarchy (e.g. data) to an entity higher in the hierarchy (e.g. 

information). The article ‘From Data to Wisdom’ by Ackoff (1989) is considered to be the source of 

the DKIW hierarchy. Ackoff defines data as ‘symbols that represent the properties of objects and 
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events’, and information as data processed with the goal to increase its usefulness and provide answers 

to who, what, where and when questions. This distinction is important to reason about the economic 

properties of data and the justification of its legal protection (see section 2.3). 

In the context of data, scholars and policy makers devote most attention to the privacy issues that are 

the result of the commodification of personal data. In the context of non-personal data, the focus tends 

to be on the economic- and business value of data. Hence, it is important to distinguish between 

personal- and non-personal data. Personal data has been defined by the General Data Protection 

Regulation1 (GDPR) as ‘any information relating to an identified or identifiable natural person’. Hence, 

non-personal data is data that cannot be related to an identified or identifiable natural person. This study 

focuses on non-personal data, and more specifically on industrial/machine-generated data. This is data 

‘created without the direct intervention of a human by computer processes, applications or services, or 

by sensors processing information received from equipment, software or machinery, whether virtual or 

real’ (European Commission, 2017a). Machine-generated data can be personal data, but can also be 

converted to non-personal data through the process of anonymization. 

2.2. Actors of the Data Ecosystem 

In 2014, The European Commission (EUCO) concluded that Europe was slow in embracing the ‘data 

revolution’. A year later, the Digital Single Market strategy was launched, featuring the pillar ’Building 

a European Data Economy’ defined as ‘the overall impact of the data market – i.e. the marketplace 

where digital data is exchanged as products or services derived from raw data – on the economy as a 

whole’ (Carnelley et al., 2016). This definition combines two distinct perspectives: (i) the impact of 

data throughout economy, and (ii) data as an economy of its own. 

This section looks at the data being a self-contained economy, in which actors from different industries 

operate to create value using data. To leverage the power of data, organizations need to navigate from 

data collection to analysis and integrate the results in their decision-making process. This trajectory 

requires a wide variety of different data, technologies and capabilities. As a result, organizations depend 

on the services of various actors along the data ‘value chain’. This concept describes how different 

organizations are involved in the production and delivery of a specific product or service (Porter, 1985). 

In turn, these organizations should not be viewed as members of a single industry but as ‘part of a 

business ecosystem that crosses a variety of industries’ (Moore, 1993). Actors in the data ecosystem 

are thus interdependent, creating an environment of competition within industries (horizontal) and 

collaboration between industries (vertical). 
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The OECD (2015) represents the data 

ecosystem in layers, where the actors in each 

layer provide goods or services to the layer 

above (see figure 1). The data enablers are 

actors that provide the infrastructure and 

connectivity to allow data suppliers to collect 

and distribute data. Data can be used for a wide 

variety of services. For example, decision-

support systems for data suppliers can be 

developed by analytic service providers. Data can be used to create services for third parties, such as 

Waze that utilizes open data and crowd sourcing to provide in-car navigation.  

In addition to the OECD’s model, the layers have been labelled and the group of ‘data producers’ has 

been added. The latter is necessary because many organizations collect data about subjects they do not 

own, control, or are the primary user of. Regarding personal data, the GDPR2 recognizes the rights of a 

‘data subject’ which is defined as a natural person that can be identified using the data in question. This 

thesis argues that actors ‘producing’ non-personal data should also be recognized. 

An actor is considered to be the data 

producer when data relates to (a) his 

actions or (b) actions or properties 

of assets of which he is the primary 

user. To account for lease 

constructions, the criterion of 

‘usage’ is preferred over 

‘ownership’. For example, a lessor of equipment should not be considered the producer of soil fertility 

data that is collected on land which is leased by a farmer. Additionally, by incorporating ‘actions of the 

actor’ and ‘actions or properties of assets’, an actor cannot claim to be the producer of data concerning 

phenomena that are publicly available such as the weather. Figure 2 provides a decision tree in order to 

help distinguish between actors in a data collaboration. Please note that a data producer can fulfill the 

role of data provider as well.  

In a survey of data-sharing business models, the EUCO (2017a) find that 78% of the organizations 

focus on the analysis of data that is generated in-house, either by the organization itself or a 
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DATA	PROVIDERS

ANALYTIC	 SERVICE	
PROVIDERS

DATA	DRIVEN	
ENTREPRENEURS

IT	INFRASTRUCTURE	PROVIDERS

INTERNET	SERVICE	PROVIDERS

DATA
SUPPLIERS

DATA
ENABLERS

DATA	PRODUCERS

DATA
USERS

Figure 1: key actors of the data ecosystem 
(adapted from OECD, 2015) 

Does	the data	relate to (a)	the actions	of	
this actor	or	(b)	actions	or	properties of	
assets of	which he	is	the primary user?

Is	this actor	the primary user	of	the data	
collecting equipment?

DATA
USER

DATA
PRODUCER

DATA
PROVIDER

Figure 2: decision tree to determine an actors role in a data collaboration 
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subcontractor. Only 22% of the organizations have a more ‘open’ business model, e.g. where data is 

sold, exchanged in a partnership, or shared within a community. The availability of data is crucial for 

the well-known phenomenon of ‘big data’, which draws its strength from combining multiple sources 

(e.g. internal and external) and multiple types of data (e.g. structured and unstructured). Besides value 

added through analyses, big data provides organizations the opportunity to create additional value with 

their data by selling it on the ‘data market’. 

The OECD (2015) argues that data is an infrastructural resource and should be available to anyone in 

order to maximize social value. This is especially important for data-driven entrepreneurs, who often 

rely on data being made accessible by commercial and ‘open’ initiatives. Public sector data is often 

accessible, free of charge and without any restrictions regarding its use. Stimulating the opening of 

government data is a core element of the EUCO’s Digital Single Market Strategy (European 

Commission, 2015) and many ‘open data monitors’ track the state of open data globally and within 

Europe. In global rankings, the Dutch government ranks 8th (OpenData Barometer, 2016) and 20th 

(Global Open Data Index, 2016). In the Open Data Monitor (2018), the Netherlands ranks 7th. 

Commercial initiatives that offer private sector data are less common and mostly offer personal data for 

marketing purposes. Few examples have been identified of two-sided marketplaces that allow 

organizations to trade data independently and negotiate terms and pricing (European Commission, 

2017a).  Several initiatives in the EU are currently developing ‘Industrial Data Spaces’ (IDS). These 

platforms act as a virtual environment in which organizations can exchange and connect data through a 

shared architecture and under common governance rules. Three defining characteristics of IDS’ are: (i) 

exclusive rights for the data owner to determine the terms and conditions regarding the use of their data, 

(ii) inclusion of a ‘broker’ tasked with the governance and facilitation of data arrangements between 

data providers and users, and (iii) provision of API’s to enable data users to access the data providers’ 

data through the platform (Carnelley et al., 2016). IDC distinguishes between open- and proprietary 

platforms, whose characteristics are listed in table 2. 

 OPEN  PROPRIETARY  

Leadership Multi-company Single-company 

General approach Bottom-up; user-driven Top-down; supply-driven 

Main purpose Pre-competitive research Commercial 

Sector specialization Horizontal Vertical 

Data governance Decentralized Centralized 

Technical architecture Distributed Varying degrees of openness 

Example initiative Fraunhofer; Combient AB Siemens Mindsphere 

Table 2: types of industrial data spaces (IDC, 2016) 
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In sum, actors in the data ecosystem are interdependent because they either provide the input or 

capabilities necessary to produce goods and services, or act as a buyer of those inputs and capabilities. 

A distinguishing factor of data is that it can create value beyond the specific context in which it has 

been collected. This creates a dynamic in which making data available can generate additional value 

for organizations and society. In combination with its intangible nature, data should be considered as a 

specific type of economic good. The next section explores the economic properties of data, and its 

implications for policy. Section 2.4 investigates the concept of ‘open data’ and different levels of access. 

2.3. The Economics of Data 

The EUCO (2017a) estimates that the value of the EU data economy reaches €643 billion in 2020 

(3,17% of EU GDP), up from €257 billion in 2014 (1,85% of EU GDP). Despite the ample attention of 

policy makers for the ‘value’ that data holds, there are no widely accepted concepts and theories that 

characterize data as an economic good. In public policy and management literature, data is often called 

‘the new oil’ (Kroes, 2012; The Economist, 2017) to signal its role as a driving force in the economy. 

However, the economic properties of data are very different from that of oil and arguably more similar 

to knowledge. 

Although it is common for Information Sciences to acknowledge the DIKW hierarchy, most economists 

do not distinguish between data and information. For example, Hess and Ostrom (2007) refer to 

knowledge as ‘all intelligible ideas, information, and data in whatever form in which it is expressed or 

obtained’. In contrast, Foray’s (2004) definition of information aligns with the DKIW hierarchy to some 

extent. In his book on the economics of knowledge he states that information ‘takes the shape of 

structured and formatted data that remain passive and inert until used by those with the knowledge 

needed to interpret and process them’. 

Foray (2004) argues that the knowledge-based economy developed due to two trends: the accelerating 

speed at which knowledge is created and accumulated, and a substantial decrease in the costs of 

codification, transmission and acquisition of knowledge. The latter explicitly refers to data, while the 

former applies to data as well due to developments such as IoT technology. The connection between 

data, information and knowledge makes it useful to review literature on the economics of knowledge 

in order to understand the economic properties of data. 

Antonelli (2005) identifies three rival concepts of knowledge as an economic good throughout history: 

(i) knowledge as a public good, (ii) knowledge as a private good, and (iii) knowledge as a collective 

and dynamic process. The view of knowledge as a public good is based on the work of Kenneth Arrow 

and Richard Nelson between 1950 and 1970. A public good has two main properties: it is non-

excludable, and it is non-rival (Hess & Ostrom, 2007). Knowledge (in its intangible form) has been 

regarded non-excludable because it is difficult to exclude people once a discovery is made. Rivalry 

means that the use of the good by one person subtracts from the availability of the good for others. Oil 
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can be used once, and is thus a rival good. In contrast, knowledge is a non-rival good because it can be 

used infinitely without affecting its availability. There is no direct link between the non-rivalry and the 

value of the good. However, in some cases the value of knowledge may depreciate when used by others 

(Foray, 2004). These public good characteristics of knowledge result in a lack of incentives for the 

economy to produce knowledge. As a result, public funding was deemed necessary to develop scientific 

knowledge, because patents can only be used to protect technological (i.e. applied) knowledge. 

The idea of knowledge as a private good is pioneered by Nelson and Winter (1982). In their seminal 

book on evolutionary economics they argue that knowledge is neither cheap nor easy to generate or to 

obtain from others. This conception of ‘stickiness’ makes knowledge more excludable (i.e. less 

accessible) than it is according to the public good view. This exclusivity allows organizations to 

appropriate the value of their knowledge, thus Intellectual Property Rights (IPR) plays a large role in 

protecting and creating a market for knowledge.  

Nelson and Winter also reverse the order of knowledge generation by stating that scientific knowledge 

results from the codification of technological knowledge. The implication is that, in contrast to the 

public good view, IPR also stimulates the generation of scientific knowledge by providing the 

incentives to generate technological knowledge. 

The view of knowledge as a ‘collective and dynamic process’ emphasizes that external knowledge, 

accessed through interaction between actors, is a key resource in creating new knowledge. This differs 

from the previous views in that knowledge creation is seen as a collective process of accumulation- and 

exchange, and not a process of trading knowledge. Knowledge creation thus becomes a more 

collaborative process, requiring intentional effort and contributions of all actors involved (Antonelli, 

2005). If external knowledge is considered an essential ingredient of new knowledge, diffusion of 

knowledge is a key enabler. This poses a dilemma for policy makers. A strong IPR regime that enables 

actors to appropriate the returns of their knowledge creates an incentive to generate knowledge, but 

slows down its diffusion. Vice versa, a weaker IPR regime promotes the diffusion of knowledge but 

gives actors less incentive to generate knowledge themselves. 

Based on the work of Frischmann (2012) on the social value of infrastructure, the OECD (2015) argues 

that data can be seen as an infrastructural resource. According to Frischmann (2012) an infrastructural 

resource: is (i) non-rivalrous, and (ii) mainly used an input for the production of (iii) a wide variety of 

goods and services. Frischmann (2014) uses the concept of a ‘commons’ to study different levels of 

access to resources and defines commons as ‘the institutionalized sharing of resources amongst 

members of a community’. Foray (2004) argues that unlike Hardin’s (1968) ‘tragedy of the commons’, 

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

knowledge is subject to the ‘comedy of the commons’ (Rose, 1986) – where the social value created 

increases with greater use of common resources. The author states that the non-excludable, non-rival 
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and cumulative nature of knowledge creates a ‘combinatorial explosion’ that results in the exponential 

growth of knowledge. 

In contrast to knowledge, data is excludable. Technological measures can be used to prevent actors 

from extracting data from a device or gaining access to a database. The European Commission (2017a) 

agrees that a ‘free flow of data’ is crucial to stimulate data-driven innovation. However, their 

interpretation of ‘free flow’ is not that data should be shared without any restrictions. The EUCO 

considers data to flow freely when there are no barriers that prevent willing actors from exchanging 

data, either by trade or sharing arrangements. There are many factors that affect the accessibility of 

data, even when data is positioned as being ‘open’. To investigate the limits of access, the next section 

discusses the concept of ‘openness’ in data and innovation. 

2.4. Openness in Data and Innovation 

In its purest form, data is open when it ‘can be freely used, modified, and shared by anyone for any 

purpose’ (Open Knowledge International, 2017). Historically, the term ‘open data’ has been used 

interchangeably with ‘open government data’ (OGD). For example, in their definition of open data 

Janssen et al. (2012) include ‘data which is produced with public money’. However, a similar concept 

does exist in the private sector, sometimes referred to as ‘data philanthropy’ (Kirkpatrick, 2011). The 

public sector origins of open data can be traced back to two civil society movements that campaigned 

for greater transparency: the right to information movement, and the open government data movement 

(Gray & Darbishire, 2011). The first promotes a public right of access to information from a human 

rights perspective, while the second focuses on the benefits that open government data can bring to 

society and the economy. 

The arguments of both movements can also be found in the concept of open source, which originated 

in the domain of software development. Eric Raymond, a prominent figure of the open source 

movement, describes the concept using the analogy of a cathedral and bazaar (Raymond, 1999). When 

developing software like building a cathedral, a small team works in isolation and ignores the outside 

world, only to reveal the result when it is finished. In a bazaar style of development, software is released 

early and often to incorporate the effort of the ‘community’. As such, open source is a decentralized 

and open approach to develop software in which everyone is free to contribute. The movement 

originated from the computer hacker counterculture during the 1980’s when computers were 

increasingly becoming ‘black boxes’ to the user. Open source gives users control over their technology 

(i.e. greater transparency) and lowers development costs and increases quality. This is achieved by 

waiving copyright, which allows passionate individuals to contribute to the development of a product. 

Another perspective on ‘open’ comes from the innovation literature. The concept of ‘open innovation’ 

aligns with the (third) view of knowledge being an external source of input in the creation of new 

knowledge. The concept ‘assumes that firms can and should use external ideas as well as internal ideas, 



10 
 

and internal and external paths to market, as they look to advance their technology’ (Chesbrough, 2006). 

The key difference between open innovation and open source is that the latter contains a strong sense 

of altruism, shown by the conviction that ownership should be abandoned in order to facilitate the use 

and further development of a product. In contrast, open innovation focuses on value capture, i.e. how 

value resulting from the use of external input can be appropriated by the firm. One might argue that 

open data and open source focus on the creation of (social) value and tend to ‘prevent’ value capture by 

prescribing the usage of open licenses. 

The application of ‘open’ in different contexts shows that ‘openness’ focuses on different aspects and 

has different goals. According to Pasquetto (2015) the various definitions of open data converge on the 

two factors emphasized by the OGD movement: the technical-, and legal availability of data. Technical 

availability refers to the format of the data, and legal availability refers to the legal constraints related 

to the usage of the data. Both aspects are essential when it comes to the accessibility of data. Data made 

available in the form of written notes would be hard to work with, while data protected by IPR would 

limit its (re)use. 

The ‘5 star deployment scheme for open data’ developed by Tim Berners-Lee (inventor of the World 

Wide Web) differentiates between levels of openness based on the technological properties of data. A 

base requirement is the publishing of data under an open license. In this model, the openness of data 

increases when formats enable more sophisticated methods of analysis (see box 1). 

In 2003, a EU Directive was adopted that provides a framework to realize the ‘full economic potential’ 

of public sector information3. It holds that member states should allow the re-use of public sector 

information under fair, proportionate, and non-discriminatory conditions. Although the Directive can 

be considered an open data policy, it does allow a member state to charge the user a sum that ‘should 

not exceed the total costs of collecting, producing, reproducing and disseminating documents, together 

with a reasonable return on investment’. This marginal cost pricing is common in open data and is often 

a necessity for many public organizations who are suffering from austerity measures (Janssen et al., 

                                                        

 

3 DIRECTIVE 2003/98/EC 

*  make your stuff available on the Web (whatever format) under an open license 

**  make it available as structured data (e.g., Excel instead of image scan of table) 

***  make it available in a non-proprietary open format (e.g.. CSV instead of Excel) 

****  use URIs to denote things so people can point at your stuff 

Box 1: 5-star deployment scheme for open data (Berners-Lee, 2018) 
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2012). Additionally, open data initiatives can become the victims of their own success. When the usage 

of open data increases, extra (server) capacity is needed to accommodate all requests. 

The key takeaway from the open concepts discussed in this section is that the ‘openness’ (i.e. the 

accessibility) of data depends on several factors, most notably on technological properties, licenses, and 

price. Legal aspects like licenses (e.g. contract law) are arguably most important as they are specifically 

used to limit what a third party can do with the data. Besides contracts, data producers can call upon 

Intellectual Property Rights (IPR) to protect their data from unauthorized use by others. Section 6.1 

delineates the EU legal framework concerning data and identifies what legal aspects are hindering the 

flow of data. 

3. METHODOLOGY 
This methodology section explains the research design chosen for this thesis. This is done by discussing 

(i) the research design itself and the reasons for selecting this design, (ii) how the cases and interviewees 

of this study are selected, (iii) how the data are collected, (iv) how the data are analyzed, and (v) how 

the research quality is warranted throughout this study. 

3.1. Research Design and Rationale 

This study explores the sovereignty of data producers in situations where their data is shared with other 

actors, e.g. for collaborative purposes or to enable the delivery of a data-based service. Research in the 

field of data access and ownership is in the early stages. In this situation exploratory studies – often 

aimed at identifying important variables, and the relationship between those variables - are typical 

(Bordens & Abott, 2011). Due to the scarcity of literature that can be used to develop well-grounded 

theory, an exploratory study fits the research topic better than a hypothesis testing study. 

One of the main goals of science is to develop valid, general explanations for phenomena. The deductive 

approach to science aims to achieve this by providing empirical support for a priori propositions about 

certain phenomena. Researchers develop these propositions based on theory that describes (a) the 

relationship between a system of variables, (b) is inferred from data or literature and, (c) has been 

partially verified at most (Bordens & Abbott, 2011). To classify data collaboration initiatives, this study 

develops a theoretical framework based on literature from the field of transaction cost economics (TCE) 

regarding governance structures. 

A qualitative approach is particularly well-suited to investigate a topic that requires a detailed 

understanding of the issue and the context in which it is embedded (Creswell, 2007). Because the issue 

of data access and ownership occurs in the context of data collaboration initiatives (i.e. clearly 

identifiable cases) a case study methodology is well-suited to test the theoretical framework and 

compare the data producers’ sovereignty between initiatives. A such, data will be collected from 

multiple cases that are expected to represent different types of initiatives as described by the framework. 
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In qualitative research, the researcher typically gathers multiple forms of data in a natural setting and 

uses a theoretical lens to identify patterns and themes. To build a holistic and in-depth understanding 

of the issue and the initiatives, this study collects data using both interviews and documentation. The 

interviews are primarily conducted with representatives of the data collaborations. Internal documents, 

publicly available information and interviews conducted with consortia and research institutes are used 

to triangulate the data collected from the cases. 

The interviews will be semi-structured, conducted either face-to-face or by Skype. This allows for 

greater flexibility, e.g. the ability to devote extra attention to important aspects brought up by the 

interviewee. An interview protocol ensures the participants will be asked key questions, in the 

appropriate order. A disadvantage of this approach is that interviewees may be hesitant to speak freely 

in the presence of the interviewer (Creswell, 2007). This is especially the case when asked about 

sensitive topics such as the data rights implemented by their initiative. To alleviate this concern, the 

interviewees are given the option for their answers to be treated confidentially without attribution. A 

pilot case will be used as a preliminary test for the interview protocol and the set-up of the theoretical 

framework. Content analysis will be used for the analysis of the data. Although this method is unable 

to establish valid causal relationships (Bordens & Abbott, 2011), it is useful to interpret the data and 

identify patterns and overarching themes. 

In sum, a qualitative approach using case study methodology is best-suited to investigate the 

characteristics of data collaboration initiatives and the level of data producers’ sovereignty. The main 

argument in favor of this research design is that not much is known about such initiatives and the 

implementation of data rights. Collecting data from multiple sources (including rival stakeholders) is 

also a key feature of this research design because the topic of data ownership and control is sensitive 

and subject to conflicting interests between stakeholders. Data from multiple sources helps to identify 

any bias the participants may have, triangulate the data, and to answer the research question in a holistic 

manner. Figure 3 below visualizes the research design and –process, from formulating the research 

questions to developing recommendations. 

Conduct
literature review

Develop research	
questions Develop theory

Select	cases

Design	data	
collection protocol

Conduct pilot	case	
study

Draw	individual
case	conclusions

Draw	cross-case	
conclusions

Develop
recommendationsModify theoryConduct secondary

interviews

Conduct individual
case	study

Conduct individual
case	study

Figure 3: representation of this study’s research design and process (adapted from Yin, 2009) 
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3.2. Literature Review 

Big data is a relatively new phenomenon and its implications for the economy and society have only 

recently come into focus. As a result, this study lacks a well-established and clearly delineated body of 

literature to review. According to Webster and Watson (2002) this situation suits a literature review that 

‘explores an emerging issue that benefits from exposure to theoretical foundations’ as opposed to the 

more common kind of review where a ‘mature topic with an accumulated body of research is in need 

of analysis and synthesis’. 

To be able to formulate relevant research questions the scope of the exploratory review has to be 

progressively refined. Ridley (2012) argues that the snowball method is best suited to so this. Literature 

from the ‘Building a European Data Economy’ program of the European Commission has been used as 

the starting point for this method. Additional literature has been identified using both backward- and 

forward citations, as well as using key word searches in Google Scholar and Web of Science. 

3.3. Domain Selection 

During the literature review and investigating the legal framework, several aspects have been identified 

that underlie the issues concerning data access and ownership: (i) the legal framework that does not 

clearly delineate data rights, (ii) the abundance of actors involved in the data value chain and (iii) the 

power asymmetry between data producers and other actors. Although the EU features some sector-

specific legislation regarding data, relevant legislation such as IPR is similar for all actors within the 

EU. However, the salience of aspects (ii) and (iii) do differ between sectors. Issues concerning the data 

producers’ sovereignty should be more apparent and relevant in a domain that features many actors 

across the data value chain that differ in power. 

The agricultural domain meets both criteria and is therefore well-suited to conduct this study. Regarding 

aspect (ii), data flows along a value chain that features a wide variety of actors with responsibilities 

ranging from the production of inputs and equipment (e.g. seeds and sprayers) to the sale of produce to 

consumers (see figure 4). Market power is concentrated at both ends of the value chain. Manufacturers 

of inputs and retailers are often large and powerful firms while the data is often produced by the farmer. 

To illustrate, the standard economic output (SEO) of 83% of farms in the EU was lower than €25.000 

per year (Eurostat, 2013) while John Deere (a manufacturer of agricultural equipment) recorded a 

revenue of $37,8 billion (Marketwatch, 2013). 
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Please note that Dutch agriculture is hardly representative of agriculture across the EU. In comparison 

to the EU average of 83%, only 27% of farms in the Netherlands have an SEO lower than €25.000. 

Still, the power asymmetry between farmers and other actors in the value chain is significant. It is also 

worth investigating data access and ownership in Dutch agriculture because the sector is world leading 

in innovation (National Geographic, 2017). As a result, the topic is particularly relevant in the 

Netherlands and because the adoption of technology is high in Dutch agriculture and actors are expected 

to be familiar with the topic. The study may also inform EU member states with a lower level of 

agricultural technology adoption regarding the issues that may arise, and help them make informed 

decisions when structuring data collaborations or agricultural policy. 

3.4. Case and Interviewee Selection 

This multiple-case study uses a ‘replication’ design. Such design aims for either (a) literal replication 

by selecting cases that are expected to show similar results, or (b) theoretical replication by selecting 

cases that show different results for anticipated reasons (Yin, 2009). Because the theoretical framework 

posits that the data producers’ sovereignty differs between types of data collaboration, this study aims 

for theoretical replication and selects cases that are expected to represent different types of data 

collaboration featured in the theoretical framework. 

Kverneland and the Mediterranean Precision Agriculture (PA) initiative have been selected because 

they provide integrated smart farming solutions, i.e. from sensors to the platform that provides 

agricultural advice based on the data. JoinData, Akkerweb and Floridata are multi-actor initiatives that 

enable farmers and horticulturalists to use data to improve their production and business processes. 

These initiatives provide various data-based services to their participants but do not offer any sensors 

themselves.  

PDOK (Publieke Dienstverlening Op de Kaart) and DINO (Data en Informatie van de Nederlandse 

Ondergrond) are both government-based open data initiatives that publish geological data of various 

government institutions. This data is used by PA initiatives, for example to map drone no-fly zones and 

keep track of crop rotation. Table 3 below provides a short introduction to the cases, the cases are 

described more elaborate in section 4.2. 

Figure 4: illustration of the agricultural value chain 
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 DESCRIPTION 

Kverneland Manufacturer of farming machinery equipped with sensors that provides data-
based services to the farmer through their iM FARMING platform 

Mediterranean 
PA initiative 

Precision Agriculture initiative providing sensors to farmers and data to advisors 
and researchers for the development of data-based agricultural advice 

JoinData Consortium-owned platform formerly known as ‘Smart Dairy farming’ featuring 
a Datahub platform that acts as a single point of access to data of participants 

Akkerweb Foundation-owned platform hosting applications of various vendors which 
provide advice or analyses to arable farmers based on manually uploaded data 

Floridata IT service distributing credit ratings of debtors based on anonymized invoices 
provided by participants 

PDOK Open data platform publishing geodata of various government institutions in a 
structured manner 

DINO Open data platform publishing geodata of the Basisregistratie Ondergrond 
collected by various government institutions 

Table 3: description of selected cases 

The JoinData case has been chosen to act as a pilot in order to refine the line of questioning and the 

theoretical framework used to classify data collaborations. Based on the available documentation 

concerning the cases, JoinData is the only initiative that explicitly addresses the allocation of ‘data 

rights’ between the actors involved. Because they are currently in the process of doing so it is expected 

that this case features a considerable amount of information regarding the topic, which makes it well-

suited case for an initial test of the analysis and improvement of the concepts used. 

To be able to interpret the findings of the case studies in a broader context, interviews are also conducted 

with representatives of organizations that act on the sectoral level. Care has been taken to select 

organizations that are either independent (Luke and Agroconnect) or represent different stakeholder 

groups such as farmers (SEGES) and equipment manufacturers (CEMA).    

 DESCRIPTION 

SEGES SEGES is an agricultural R&D center owned by the Danish farmer’s union and 
functions as the back office for 3.500 agricultural consultants. The organization 
features 600 employees of which 150 focus on developing digital farming 
systems using the tax, crop and kettle data collected from 90% of Danish 
farmers.  

Luke  Luke is Finland’s second biggest research institute, providing solutions for the 
sustainable development of the Finnish bio economy. The institute features a 
‘production systems’ unit and a team focusing on agricultural technology. 
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Agroconnect Agroconnect is a Dutch consortium of agricultural stakeholders focused on 
promoting and enabling data exchange and standardization in the agri-food 
sector.  

CEMA CEMA is the European association of the agricultural machinery industry and 
represents the industry towards the EUCO and other international organizations. 
The organization works together with other associations to craft agreements and 
position statements on contemporary agricultural issues. 

Table 4: description of the organizations selected for the expert interviews 

3.5. Data Collection 

This study mainly draws from two types of data: interviews conducted with case representatives and 

experts on agricultural data use, and literature such as case-specific documentation, policy reports and 

academic literature. Additionally, a conference on the use of open weather data in agriculture has been 

important to identify the topic of data rights. 

Thirteen one-on-one interviews have been conducted with twelve different interviewees, the shortest 

interview lasted 35 minutes and the longest 67 minutes. The pilot case (JoinData) featured three 

interviews, which were necessary to clarify information that has been provided by the interviewee 

during the first session and gain more understanding of the topic at hand. Five interviews have been 

conducted face-to-face, eight using Skype. Each interviewee gave consent to record the interview, the 

recordings are only accessible to the student and will be deleted at the end of the study. One interviewee 

preferred the results to be anonymized in the report and one interviewee requested to refrain from 

including the analysis of a specific draft document, whenever the publication date of the thesis precedes 

the publication of that document. Each interviewee will be sent a draft of this study to request their 

permission for publication. The interview protocol has been developed in accordance with the 

guidelines provided by Moses and Knutsen (2012), which has been revised during the analysis of the 

pilot case. The protocols used for the case study- and expert interviews are included in appendix 9.1 

and 9.2 respectively. 

Three types of documentation are important for this study: case-specific documentation, position 

statements by consortia, and policy documents. Case-specific documentation concern both publicly 

available information retrieved from the initiatives’ website, and internal documentation and 

presentations provided by the interviewees. Publications of consortia and labor associations are 

valuable, because they represent various stakeholders such as farmers, machinery producers, and 

research institutes. However, authors or contributors are not always made explicit and publicly available 

information is often biased (Creswell, 2014). Care will be taken to scrutinize the source of information 

to identify potential bias. Policy documents, mainly from the European Commission and Organization 

of Economic Cooperation and Development (OECD), are used to provide this study with the legal and 

regulatory context of data ownership. 
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The conference ‘Creating impact for smallholders with weather data’ hosted by GODAN (Global Open 

Data for Agriculture and Nutrition) was especially important in the early stage of this study. Taking 

place during the development of the research questions and research approach, the conference helped 

to identify the topic of data access and ownership and the domain of agriculture as a relevant context 

for the study. 

3.6. Data Analysis 

The data resulting from the interviews has been analyzed by: (i) generating a coding template, (ii) 

transcribing the interviews, (iii) coding, and (iv) open coding the interviews. 

First, a template of codes is generated based on the theoretical framework concerning the types of data 

collaboration (see section 5.1) and literature on the the EU’s legal framework regarding data (see section 

6.1). Secondly, the interviews were transcribed using Google Cloudspeech and manually corrected 

afterwards. Thirdly, the interviews were coded (including the initials of the interviewee to compare 

frequencies) in Microsoft Word. Finally, ‘open coding’ has been used to inductively generate codes, 

this provided the flexibility to add codes that have not been identified based on the theoretical 

framework. The coding template and the generated codes are available in appendix 9.3 and 9.4 

respectively. 

3.7. Research Quality Assurance 

This study aims to safeguard the research quality by taking validity and reliability concerns into account. 

Validity features two dimensions: internal- and external validity. Internal validity ‘is the ability of your 

design to test the hypothesis that it was designed to test’ (Bordens & Abbott, 2011). Although this 

exploratory study does not test a hypothesis, it is important to recognize different interpretations of the 

concepts being studied. This relates to face validity, which is the extent to which a measurement appears 

to measure the intended concept. Face validity has been taken into account in three ways: (i) one 

interviewee of the pilot case was asked to give his view of the concept ‘data sovereignty’ and what 

dimensions should be addressed, (ii) interview data from the cases have been triangulated using 

documentation and secondary interviews to check for inconsistencies, and (iii) the outcomes have been 

checked by the participants themselves, allowing them to criticize the interpretation of the researcher. 

External validity is concerned with whether the findings of a study can be generalized to a different 

domain. As mentioned in section 3.3, the sovereignty of a data producer differs between domains based 

on aspects like market power concentration and the actors involved in the specific value chain. As such, 

case should be taken when generalizing between domains. The use of multiple cases and a theoretical 

framework does increase the generalizability to other precision agriculture initiatives in the 

Netherlands. 

  



18 
 

4. DOMAIN INTRODUCTION AND CASE DESCRIPTION 

4.1. Introduction to Precision Agriculture 

Precision Agriculture (PA) is a farming management concept which uses various digital techniques to 

monitor and optimize agricultural production processes. PA aims to provide farmers the information 

and tools to ‘apply the right treatment in the right place at the right time’ (Gebbers & Adamchuck, 

2010). For example, rather than applying the same amount of fertilizer to an entire agricultural field, a 

farmer can use PA to measure variations within a field and adapt its fertilizing or harvesting strategy 

accordingly. Likewise, instead of feeding all animals with an equal amount of feed, PA can asses the 

needs and conditions of individual animals and determine feeding and treatment on a per-animal basis. 

Through this optimization, PA can help in meeting the ‘increasing demand for food, feed and raw 

materials, while ensuring sustainable use of natural resources and the environment’ (Zarco-Tejada et 

al., 2014). 

The key technologies of PA will be discussed using the typology of Schwartz et al. (2011), who focus 

on three categories: (i) recording technologies, (ii) guiding systems, and (iii) reacting technologies. 

Recording technologies are used to collect data about the farmers’ field, crops or animals. A wide 

variety of sensors exist to measure different aspects of the subject in question. For example, in arable 

farming (i.e. crop farming) soil data concerning the main nutrients (nitrogen, phosphorus and 

potassium) are linked to data concerning crop yields. In livestock farming, pedometers are used to track 

the movement of animals and acoustic sensors are used to detect an increase in the coughing of pigs as 

an indicator of respiratory infection. Schwartz et al. (2011) consider positioning and timing technology 

(e.g. GPS) to be part of this category. However, this data does not relate to characteristics of the subject 

itself and may better be regarded a category of their own. 

Linking the data collected about the farmers’ subjects to their position on the farm is a key aspect of 

PA, especially in arable farming. This ‘mapping’ of variables is enabled by the Global Navigation 

Satellite System (GNSS). This technology allows farmers to map data at a resolution of 0,5 to 10 m. 

Developments concerning Remotely Controlled Unmanned Aerial Vehicle (RPAS), better known as 

drones, are promising. Drone technology is less expensive than GNSS and is capable of providing data 

at much higher resolution, currently at 2 to 10 cm. Positioning technology enables both guiding systems 

and reacting technologies. Guiding systems enable auto-steering machinery which minimize the 

overlapping of machine movement and reduces fuel consumption. Reacting technology adjusts input 

(such as seeds, nutrients, and herbicides) based on the needs of the crops or soil. It should be noted that 

technologies such as cellular internet (e.g. 4G) and it’s derivative the Internet of Things are also key in 

enabling the communication between sensors, applications and machinery. 
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Besides the technologies mentioned above, knowledge and skill is needed to transform the data into 

actionable advice for the farmer. This requires a combination of expertise from the domain of data 

science and agricultural science because large and heterogeneous data sets (i.e. big data) need to be 

processed and analysis needs to take place to ‘make sense of the data’. In particular, models are needed 

concerning the relations between plant, soil, climate and inputs in order to develop management plans 

and the instructions for machinery. As such, a typical PA process involves (i) collection and mapping 

of data, (ii) processing of data, and (iii) application of instructions (see figure 5). 

Farmers can acquire the plans to use their data through advisory and training services or by using 

dedicated software products. In general, such services and products are often offered by large 

incumbents. Over 95% of ‘AgTech’ startups are acquired by large incumbents (such as John Deere, 

Monsanto and Bayer) and incorporated into the established distribution channels and farmer networks 

(Forbes, 2018). However, venture capital is increasingly funding startups and allowing them to scale 

up (Techcrunch, 2018) and big tech firms like Google and IBM are also entering the mix. In 2017, more 

than $700 million of funding went into ‘AgTech’ startups, up from $332 million invested in 2016 

(Financial Times, 2018). 

4.2. Description of Cases 

In 2011, a collective of three Dutch cooperatives (FrieslandCampina4, Agrifirm5, and CRV6) initiated 

the predecessor of JoinData, SmartDairyFarming (SDF). Supported by research organizations such as 

TNO and Wageningen Lifestock Research, the goal of SDF is to enable agricultural service providers 

to access individual cow data in order to help the farmer to increase the productivity, health and 

wellbeing of their herd. SDF developed the ‘Datahub’, a platform acts as a single point of access for 

                                                        

 

4 Dutch dairy cooperative with a turnover of €12.100 million (2017) 
5 Dutch cooperative producing feed, seeds, fertilizers and pesticides with a turnover of €2.200 million (2017) 
6 Dutch cooperative for kettle improvement with a turnover of €172 million (2017) 

Figure 5: illustration of a typical precision agriculture process 
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data stored at various participants. In 2014, the initiative delivered a proof of concept featuring ten data-

based work instructions for seven farmers. These instructions were based on data collected about 1.500 

cows, combining the input of twenty sensors of ten different suppliers. To allow for expansion beyond 

dairy farming, SDF has been renamed to JoinData. In 2017, Cosun and Avebe joined the initiative as 

first partners in arable farming. Currently, JoinData is working to integrate the acquired permission 

platform Agritrust in the Datahub and determining the terms and conditions for participants. 

The Mediterranean Precision Agriculture initiative is operated by an organization owned by the nations 

agricultural cooperatives. This organization provides services to farmers such as education, financial 

advice and farm management tools. Their PA system collects data using: (i) satellites and drones, (ii) 

telemetric stations on the field, (iii) observations of agricultural advisors, and (iv) applications operated 

by the farmer. The collected data can be used by agricultural advisors to provide services to the farmer 

or by agronomic researchers. The initiative is in its pilot phase and currently implemented at 28 sites 

across the country, providing information concerning eleven crop types. 

The Kverneland Group is an international agriculture equipment manufacturer of Norwegian origin. It 

produces equipment for arable farming, e.g. to prepare and cultivate soil, and precisely seed, spray or 

spread agricultural inputs. The equipment is equipped with the ISOBUS7 protocol that allows it to 

communicate with tractors of various brands. iM FARMING is the digital brand of Kverneland 

providing various services to improve the ease of use of equipment and allow for more efficient use of 

inputs. 

Akkerweb is a web-based platform of the Wageningen University and Research (WUR) that features 

an ‘app store’ for arable farmers and agricultural advisors. It is an open platform that allows commercial 

organizations such as Agrifirm and NemaDecide to offer their applications at a price of their choosing. 

The data that drives the applications needs to be imported manually by farmers and advisors. As such, 

the collection of data is outside the scope of the platform. 

Floridata is an initiative featuring 4 employees that provides three services aimed at the horticulture 

sector: (i) information concerning the reliability of debtors, (ii) a sustainable sourcing scan that can be 

used to show compliance with several guidelines, and (iii) data analytic capabilities. Floridata was 

created to continue the generation and distribution of market information after the government 

organization ‘Hoofdbedrijfschap Agrarische Groothandel’ ceased to exist in 2015. The horticulture 

sector is represented in the board of Floridata, and the initiative is financed by the subscription fees of 

                                                        

 

7 ISOBUS is a standardized connector and communication protocol that ensures compatibility between 
agricultural equipment and in-tractor terminals.		



21 
 

its participants. For this study, the first service is most important as it includes the processing of data 

held by participants. To create credit ratings of debtors and market information, Floridata collects 

invoice data of traders (i.e. their participants) and aggregates it to create credit ratings of debtors and 

market information. About 83% of the Dutch horticulture trader’s turnover is accounted for by 

Floridata, amounting to data about 150.000 debtors. 

PDOK is a platform that publishes geological data held by Dutch government organizations, for users 

to freely access and use. The initiative is a collaborative effort of the Kadaster, Ministry of Infrastructure 

and Water Management, Ministry of Economic Affairs, Rijkswaterstaat, and Geonovum8. The platform 

features many datasets relevant for the farmer such as shade maps, soil moisture and growth 

measurements, and crop rotation history. It should be noted that the PDOK platform is subject to a ‘Fair 

Use’ policy which outlines that applications that use PDOK data should not strain their servers. 

Currently, this should not be a problem for most PA initiatives using PDOK data because data analyses 

are only done periodically. However, when PA initiatives incorporate real-time analysis methods, the 

PDOK servers may be strained. 

DINO is part of the Geological Survey of the Netherlands, a department of TNO that is legally required 

to provide subsurface data to the public, free of charge. Since 2017, DINO’s webservices also provide 

BRO (Basisregistratie Ondergrond) data. Similar to the PDOK platform, the data is collected by 

government organizations such as municipalities and provinces. 

5. TYPES OF DATA COLLABORATION 
This chapter develops a typology (RQ 1.1) to enable the classification of the seven cases (i.e. data 

collaborations) under study (RQ1). Research concerning data collaboration and related forms of data 

exchange are currently in the ‘ad hoc classifications’ and ‘conceptual framework’ phase (Wang & 

Archer, 2007). Literature from this field of study will be used to tailor the typology towards 

characteristics that may affect the data producers’ sovereignty. 

5.1. Development of the Typology 

To develop the framework for the classification of data collaboration, this section draws from the field 

of transaction cost economics (TCE). TCE uses transactions as the unit of analysis to investigate how 

an economy is structured. Simply put, TCE differentiates between structures that feature one-time 

transactions, and structures in which transactions are more collaborative (e.g. features repeated 

interaction). As such, a TCE perspective helps to (a) distinguish between data collaborations based on 

                                                        

 

8 Geonovum is a government-led foundation focusing on improving the accessibility and usability of 
geographical data 
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the degree of collaboration, and (b) to identify the characteristics of an initiative that may affect the data 

producers’ sovereignty. 

 Transaction Cost Economics and Governance Structures 

Broadly speaking, transaction costs are the ‘costs of running an economic system’ (Arrow, 1969). In 

the context of TCE, ‘an economic system’ refers to forms of economic organization –both within and 

between firms and markets. 

Ronald Coase (1937) was the first to argue that firms and markets are alternative means for organizing 

similar kinds of transactions and that organizations determine their ‘boundary’ based on an economic 

assessment. Nobel Prize laureate Oliver E. Williamson (1981) states in his seminal article ‘The 

Economics of Organization: The Transaction Cost Approach’ that this economic assessment revolves 

around the cost of transactions. The rationale is that when the cost of a transaction is high (e.g. regarding 

the purchase of intermediate products), firms will be inclined to internalize transactions and vertically 

integrate (e.g. produce intermediate products themselves). Vice versa, transactions will tend to take 

place in a market setting (i.e. between firms) when transaction costs are low. 

In TCE, markets and hierarchies are ‘governance structures’ that coordinate transactions, i.e. the 

organizational context in which a transaction takes place. Transactions in ‘the market’ are one-off and 

straightforward. Transactions organized in hierarchies can be seen as transactions within a firm, e.g. the 

transfer of intermediary goods or services between units or the exchange of labor for salary in general. 

Williamson (1981) defines governance structures as ‘the explicit or implicit contractual framework of 

a transaction’. In the market governance structure, transactions are conducted using classical contract 

law, while hierarchy draws on employment type contracts (forbearance). Transactions using classical 

contract law are highly monetized, formal and tightly framed in time and scope. This renders the identity 

of the actors involved irrelevant (i.e. transactions in markets only require a low level of trust). Identities 

do matter in hierarchy, which uses long-term contracts that are broad in scope to enable the transaction 

to adapt to changing circumstances. 

Williamson (1985) recognizes that market and hierarchy governance are actually two ends of a 

continuum and that most transactions occur in the middle. The author introduces a third governance 

structure called ‘hybrid’ which relies on neoclassical (relational) contracts to accommodate recurring 

transactions in which actors are interdependent and semi-autonomous. In 1991, Williamson develops a 

framework that distinguishes between governance structures based on: (1) the strength of contract law, 

(2) intensity of incentives, (3) intensity of control, (4) level of autonomy and (5) ability to coordinate. 

The characteristics of the legal frameworks vary from strong and legalistic (market) to weak and flexible 

(hierarchy). 
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Each governance structure uses different means to regulate the autonomy of actors in transactions and 

to ensure coordination between actors. In TCE, these attributes are characterized by a trade-off between 

the intensity of incentives and the degree of control. The intensity of incentives reflects how motivated 

actors are to be effective in their production functions, whereas degree of control refers to the capacity 

of a governance structure to contain opportunistic behaviors and to align the behavior of different parties 

in a transaction (Demil and Lecocq, 2006). The degree of control is higher in hierarchy because routines 

and hierarchical structures facilitate communication between actors, which also enables the monitoring 

and sanctioning of actors. Vice versa, the intensity of incentives and the level of autonomy is higher in 

a market structure. Due to this trade-off the efficiency of a governance structure depends on the 

requirements of a transaction. Table 5 lists the scores of the governance structures on the five 

dimensions. A score of high is represented by ‘++’, medium by ‘+’, and low by ‘-’. 

 MARKET HYBRID HIERARCHY 

Strength of contract law ++ + - 

Intensity of incentives ++ + - 

Degree of control - + ++ 

Level of autonomy ++ + - 

Ability to coordinate - + ++ 

Table 5: characteristics of governance structures as determined by Williamson (1991) 

According to Powell (1990), the continuum between market and hierarchy is an oversimplified 

representation of economic exchange and ‘hybrid’ is a distinct archetype that cannot be placed between 

market and hierarchy. The author states that hybrid transactions rely less on contracts than markets and 

hierarchy because the actors pursue mutual goals and sanctions are typically normative rather than legal. 

The author opts to drop ‘hybrid’ and add network governance as a third governance structure, a 

proposition accepted by most contemporary literature. 

A fourth governance structure has been introduced by Demil and Lecocq (2006): bazaar governance. 

Based on the open source movement, the authors argue that the use of open licenses (contracts that 

waive ownership rights) results in a non-committal, reputation based type of exchange that does not fit 

the other archetypes of governance. Table 6 interprets the characteristics of bazaar governance along 

the dimensions used by Williamson (1991). 
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 BAZAAR EXPLANATION 

Strength of contract law ++ The use of an open license is a hard requirement 

Intensity of incentives + ‘soft’ incentives like altruism and reputation 

Degree of control - No mechanisms to control (opportunistic) behavior 

Level of autonomy + Voluntary transaction, but constrained by open license 

Ability to coordinate + Community allows for informal coordination 

Table 6: characteristics of bazaar governance based on Demil and Lecocq (2006) 

The characteristics of governance structures essentially describe the relationship between actors 

involved in a transaction. In market and hierarchy, the dominant incentives to engage in a transaction 

are competition and career opportunities. These incentives are straightforward, firms and individuals 

need to engage in transactions to acquire intermediary goods and sell their goods and services in order 

to survive. In network and bazaar, the main incentives are more collaborative in nature. Firms and 

individuals organizing in networks and open source communities (bazaar) are often looking to achieve 

mutual goals. Table 7 features an alternative characterization of the governance structures, focusing on 

the relational aspects of the transaction. 

 MARKET HIERARCHY NETWORK BAZAAR 

Type of contract Buy-sell Employment Social Open license 

Coordination mechanism Price Routine Relation Quality 

Incentive for engagement Competition Career Mutual benefit Reputation 

Actor relationship Independent Dependent Interdependent Independent 

Relationship type Formal Formal Semi-formal Informal 

Duration of relationship Short Long Medium Short 

Table 7: interpretation of governance archetypes based on Williamson (1981), Powell (1990), and Demil & Lecocq (2006) 

 Translation to Data Collaboration 

Research concerning eCommerce features a stream of literature that focuses on electronic marketplaces 

(EMs) which is often broadly defined as ‘places where buyers and sellers conduct transactions by 

electronic means’ (Wang & Archer, 2007). However, this definition is very limited as it implies that 

the goal of an EM is to conduct a transaction, and that transactions need to be conducted on the platform 

itself. Grieger (2003) notes that the literature on EM is a ‘jargon jungle’ and that most definitions of 

EMs relate to two views: an institutional view, and a social view. According to the institutional view, 

an EM is a medium that facilitates exchanges by defining the roles of participants and providing rules 

and processes. The social perspective sees an EMs merely as a community of sellers and buyers with 

the intention to engage in transactions, using the marketplace as a mean to communicate and coordinate. 
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Moving beyond the purpose of the marketplace or the actions performed by the actors, Pavlou and El 

Sawy (2002) provide a typology based on the amount of buyers and sellers: many-to-many (market), 

few-to-few (dyadic relations), few-to-many (monopolies) and many to few (monopsonies). Although 

this characterization helps to classify EMs, this typology arguably represents different shades of the 

‘market’ governance structure because it does not recognize different forms of interaction between 

actors. The authors do claim that the level of reciprocity (i.e. trust) in a relationship declines when the 

number of buyers and/or sellers rise. Although it might be valid to link reciprocity to the number of 

actors involved, this proposition neglects that actors may purposefully collaborate in each type of EM. 

Wang & Archer (2007) note that EMs have been defined as business models and governance structures. 

Both definitions state that an EM is geared towards making transactions more efficient, but the former 

does so by streamlining processes and the latter by establishing inter-organizational relationships that 

fit the context of the EM. Vomfell et al. (2015) argues that the business model definition does not take 

the degree of collaboration and competition in an EM into account. The authors develop a model which 

places EMs on the continuum between market and hierarchy proposed by Williamson (1985) based on 

their corporate ownership model. The models range from independent (market) to private (hierarchy), 

with the consortium model in the middle. Placed between market and hierarchy, the consortium model 

occupies the position of the hybrid governance structure. However, Vomfell et al. (2015) acknowledge 

that a consortium is a collaboration of organizations in the same industry that seek to facilitate sales and 

procurement processes. This is more in line with the network governance model, in which actors 

collaborate to achieve mutual goals. 

Especially organizations active in the field of big data need to collaborate, due to the diversity in 

necessary capabilities, technology and data. Van den Broek & Van Veenstra (2015) investigate the 

governance of information technology in inter-organizational data collaborations add the dimension of 

‘control over data’. The authors expect that control over data remains at the organization themselves in 

the archetypes of market and network, is in the hands of a dominant member in hierarchy, and that there 

is little control over data in the archetype of bazaar due to the use of open licenses. Table 8 below 

illustrates the typology of data collaboration resulting from the analysis of governance structures in the 

TCE literature, definitions and typologies of EMs and Van Den Broek and Van Veenstra’s (2015) 

interpretation of inter-organizational data collaborations. 
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 MARKET HIERARCHY NETWORK PHILANTHROPIC 

 

 
 

  

Data flow One-to-one Orchestrated Many-to-many One-to-many 

Accessibility of data High Low Medium High 

Point of control Data producer Dominant actor Participants None 

Reciprocity Low Medium/low High Low 

Table 8: a typology of data collaboration based on the governance structures of transaction cost economics 

A market type data collaboration is characterized by data that ‘flows’ on a case-by-case basis from the 

data producer to one another actor (e.g. when data is sold, or handed over in exchange for a service). 

This gives the data producer full control over who he engages in an exchange with and under what 

conditions he does so. The dimension of ‘accessibility of data’ relates to the ability of a data producer 

to exchange also exchange the data with actors external to the collaboration. Accessibility of data is 

high in the market setting because the producers are free to offer data to everyone. Reciprocity is the 

extent to which the collaboration is founded on mutual goals and repeated interaction (i.e. long-term 

commitment). It is low in the market setting because transactions are one-off and of a ‘buyer-seller’ 

nature. Therefore, commercially oriente PA services are expected to be market type collaborations. 

The FieldView platform of the Climate Corporation offers farmers field and crop analysis and 

advice based on data collected and uploaded by the farmer, either manually or in real-time by 

connecting to agricultural machinery. Only two actors are involved in this collaboration, the farmer 

(i.e. data producer) and the Climate Corporation (i.e. data user). The collaboration is 

straightforward, the farmer provides data and the Climate Corporation provides analyses and advice. 

As such, the farmer is in control of his data and because no data is collected by the Climate 

Corporation, the data used in the collaboration is accessible to other actors at the farmer’s discretion. 

Box 2: example of a market type data collaboration 
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The defining characteristic of hierarchy is that a dominant actor determines how the data flows. This 

makes the producers’ data relatively inaccessible because the dominant actor often has a superior 

interest in keeping the data within the collaboration. Reciprocity is medium to low because actors are 

either interdependent (e.g. in the case of a supply chain) or forced to comply (e.g. in the case of 

compulsory data sharing as determined by legislation). 

Networks are characterized by actors pursuing mutual goals, resulting in a high level of reciprocity and 

data being shared amongst participants. Networks are a semi-closed collaboration but may be joined by 

actors who are able to add value. The accessibility of data by external actors is medium because the 

conditions under which data are being shared are determined by the participants. Several decision-

making structures have been identified in networks, such as consensus building or by appointing a lead 

organization or a network administrative organization (Provan & Kenis, 2008). 

Philanthropic initiatives are ‘open’ in the sense that data producers publish their data to be used by 

others (non-discriminatory) with as little restrictions as possible. Although the use of open licenses is 

also a defining feature of bazaar governance, this type of collaboration is envisioned to feature (i) less 

interaction between actors, (ii) less restrictions regarding the use of material, and (iii) a different set of 

incentives. First, in bazaar governance and the open source movement an active and uncoordinated 

community contributes to the solution of an issue or improvement of a product. Because data is 

generally published for other actors to use in their own products and services, there is little ‘joint effort’ 

and thus less interaction amongst and between data producers and data users. Secondly, a popular ‘code 

In order to defend their self-driving technology, Tesla occasionally releases data logs following 

accidents. While these data logs are not accessible to the driver (i.e. data producer), Tesla (i.e. data 

user) uses their privacy agreement to grant itself the right to ‘transfer and disclose information, 

including personal and non-personally identifiable information […] to protect the rights, property, 

safety, or security of the Services, Tesla, third parties, visitors to our Services, or the public, as 

determined by us in our sole discretion’ (The Guardian, 2017). Although the car is owned by the 

driver and data is generated and collected by the act of driving, Tesla controls the data in this 

collaboration.  
Box 3: example of a hierarchy type data collaboration 

In the Amsterdam Practical Trial intiative, public- and private actors collaborate to develop and test 

new traffic services. Their SOCRATES 2.0 project aims to provide drivers with more accurate route 

suggestions and enable better traffic management by exchanging data between participants such as 

the Dutch transport authorities, BMW, TomTom, and Google. All participants are equal partners 

driven by the goal of improving traffic services, and do not merely contribute products, services, or 

data (Praktijkproef Amsterdam, 2017). 

Box 4: example of a network type data collaboration 
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of conduct’ in open source communities regarding the use of material is that derived material should be 

made available under a similar open license. In the context of published data, there are usually very 

little requirements regarding its use (see box 5). Finally, the open source movement is driven by the 

values of transparency and the ‘freedom to tinker’. Although transparency is certainly a driver for 

publishing government data, this generally relates to government finance and information related to 

decision making. Because data are an input for innovation it can contribute to well-being and welfare, 

as such the dominant incentive to publish data is often the creation of social value. This ‘society-level’ 

incentive is also the reason for the ‘philanthropic’ characterization of this type of data collaboration, as 

philanthropy is the act of donating resources for human advancement and socially useful purposes.  

5.2. Classification of Cases 

To answer RQ1 and classify the cases under study, this section draws from the semi-structured 

interviews conducted with representatives of the data collaborations. The cases will be judged on the 

four dimensions of the framework, of which ‘data flow’ is the most important differentiator between 

the different types of data collaboration. To aid the understanding of the cases, the structure of each 

initiative and the relationship between its participants will be illustrated. The components used by these 

figures are listed in table 9 below. 

 DESCRIPTION ILLUSTRATION 

Flow of data The direction of data transfer between participants and 
entities that are part of the initiative.  

Flow of services The offering of services based on the data provided by 
participants, or the central entity.  

Central entity 

The entity responsible for the initiative and the delivery 
of the overarching service. The central entity is often the 
implementer of the technological infrastructure and tools 
used by the initiative.  

Participants 

The analysis of participants focuses on the top two layers 
of the data ecosystem, data suppliers and data users (see 
section 2.2). As such, participants are classified as data 
producers, data providers or data users.  

Table 9: legend of case illustrations 

  

E

DATA
PRODUCER

The Dutch data portal provides an overview of all available datasets published by government 

organizations in the Netherlands. Of the 12.651 datasets available on the platform, 6.976 can be 

used without any restrictions, 5.615 under the condition of attribution, and only 11 datasets require 

the derivative products to be shared alike (Dataportaal van de Nederlandse overheid, 2018). 

Box 5: example of a philanthropic data collaboration 
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Most cases are discussed separately, only PDOK and DINO are discussed jointly due to their similarity. 

This case-by-case approach aims to provide a detailed understanding of each case, as the RQ’s 

concerning implemented data rights and control mechanisms (RQ2.2 and RQ2.3) will be answered in a 

more integrated manner. After the case-by-case classification, section 5.3 discusses the findings across 

cases and determines to what extent the framework is suitable (or should be adapted) to effectively 

distinguish between data collaborations. 

 JoinData 

The JoinData collaboration revolves around the Datahub 

platform, which is an independent, non-commercial, and 

standardized point of access for data held by participants. The 

participants of the platform can be divided into three main 

categories: farmers (i.e. data producers), equipment 

manufacturers (i.e. data providers), and data users (e.g. 

agricultural consultants). 

The Datahub enables the transfer of data from data producers 

and data providers to data users. Although certain datasets may 

need the consent of both actors to be transferred, data only flows 

from the data holder to the data user on a case-by-case basis. As 

such, the arrows in figure 6 move from a data producer or data 

provider, through the data hub, to a data user. Because the initiative does not host any applications or 

provides any data-based services, the actual use of data is outside the scope of JoinData. 

The Datahub platform is essentially a tool to access data, the platform and initiative itself does not hold 

any data. Data remains at the data holder, the platform merely establishes the connection to the data 

user. Because data holders are not required to offer their data exclusively through the Datahub, the 

initiative does not limit the accessibility of data for external actors. However, data holders may prefer 

to use the Datahub to offer their data, considering that bypassing the platform means separate connectors 

need to be developed for each data holder - data user engagement. Considering that all actors are free 

to join the initiative, this preference does not limit the accessibility of data (beside the costs associated 

with joining the platform). 

Reciprocity has been defined as ‘the extent to which the collaboration is founded on mutual goals and 

repeated interaction’. To assess the level of reciprocity, a distinction should be made between the 

relationship data holder - data user, and data producer - data provider. A data user can be any actor such 

as a research institute, an agricultural consultant, a government organization, or another farmer. The 

level of reciprocity between a data holder and data user depends on the specific arrangement, and the 

type of data user. For example, the relationship between a data producer and an agricultural consultant 

DATA 
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DATA 
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DATA 
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DATA 
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DATA 
USER 

E 

Figure 6: JoinData 
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may be commercial in nature and low in reciprocity. When data is exchanged between data producers 

(i.e. farmers), the relationship may be more reciprocal. Because the Datahub only establishes the 

connection between the data holder and data user, such arrangements and thus the data supplier – data 

user relationship is out of the initiatives’ scope. Data producers and data providers are the focal actors, 

considering they supply and control the data. In most situations, when data is offered on the platform 

both actors have put effort into making it available. Also, the use of data is beneficial for both actors 

because it allows them to create additional value with their data. Therefore, reciprocity is judged to be 

high in the data producer – data provider relationship and the initiative in general. 

The characteristics of the JoinData initiative are predominantly in line with the market type of data 

collaboration. Depending on the dataset, the transfer of data requires concent of the data producer, data 

provider, or both. As such, the ‘point of control’ moves between the market and network type. As in 

the market type, the data producer is in control over ‘free data’. In line with the network type, data 

producers and data providers (i.e. participants) share control over ‘licensed data’. The key differentiator 

between the market and network type of collaboration is the flow of data. At JoinData, data flows on a 

case-by-case basis between a data holder and a data user (i.e. one-on-one) while it is envisioned that in 

a network setting data is shared between all participants. Table 10 lists the characteristics of JoinData 

and the market and network type of collaboration. 

 MARKET JOINDATA NETWORK 

 

 
 

 

Data flow One-to-one One-on-one Many-to-many 

Accessibility of data High High Medium 

Point of control Data producer Differs per dataset Participants 

Reciprocity Low High High 

Table 10: characteristics of JoinData in comparison to the market- and network type 
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 Mediterranean Precision Agriculture Initiative 

This PA initiative provides services to farmers, 

agricultural consultants and researchers. Data are used to 

help farmers and consultants to optimize the quantity and 

timing of agricultural inputs such as water, fertilizers, and 

pesticides. It is collected using telemetric stations owned 

by the initiative and by agricultural advisors and farmers 

who record their observations and actions using 

smartphone applications. 

In contrast to JoinData, this initiative (i.e. the central 

entity) revolves around the delivery of data-based 

services. When characterized as a participant, the initiative 

is both a data provider and –user. The atmospheric data 

collected by the initiative’s stations is not shared with the participants, but data collected about farmer’s 

assets (e.g. soil and crops) is provided to the farmer. Data from all sources is used to create the services. 

It could be argued that data flows between the participants, embedded in the services offered by the 

initiative. However, participants (i.e. data producers and providers) only interact with the central entity 

resulting in a ‘hub and spoke’ collaboration structure featuring one-on-one relationships as in the market 

type. Because the initiative offers data to be used by consultants and researchers, the data can be 

accessed by subscribing to the service. The terms and conditions regarding the use of data are currently 

being developed, thus the point of control cannot be determined at this moment. The interviewee did 

indicate that the initiative is considering to make their collected data freely available for researchers 

and obligate the other participants to license their data to this end. Considering that the initiative features 

a ‘buyer-seller’ type relationship, reciprocity is judged to be low. 

 MEDITERRANEAN 
PA INITIATIVE MARKET 

 

  

Data flow One-on-one One-to-one 

Accessibility of data High High 

Point of control TBD Data producer 

Reciprocity Low Low 

Table 11: characteristics of the Mediterranean PA initiative in comparison to the market type 
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Figure 7: Mediterranean PA initiative 
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 Kverneland 

The Kverneland group produces agricultural equipment for arable farming, e.g. to 

prepare and cultivate soil, and precisely spray or spread agricultural inputs. The 

equipment collects data about the actions of the farmer (i.e. the application of 

agricultural inputs) which can be accessed through the in-tractor terminal. Through the 

ISOBUS standard, Kverneland equipment is able to communicate with terminals of 

various brands to receive work instructions. In this particular case, the configuration is 

assumed to feature both Kverneland equipment and terminals. In this situation, 

instructions generated by farm management systems (such as Akkerweb) need to be 

uploaded manually, i.e. by plugging an USB stick into the in-tractor terminal. The 

organization is currently developing and testing an online portal to give the farmer access to the data 

collected by his equipment, and to enable instructions to be transferred to the tractor terminal wirelessly. 

Kverneland does currently offer a remote support service that allows the farmer to run diagnostics of 

his equipment, and give dealers access to this data in order to provide on-the-spot support. 

This initiative cannot be classified because (currently) only the farmer has access to the data and there 

is no flow of data between actors. It should be noted that because each ISOBUS compatible terminal 

can be used, whether and how the data is used and what actors are involved in the data flow depends 

on the features of the specific terminal. As such, standardized agricultural equipment should not be seen 

in isolation but as a part of system in which each part and possible configuration affects the flow and 

use of data. Due to the lack of data flow in this particular case, there is no point of control or level or 

reciprocity to assess. However, the accessibility of the data is high, because the farmer is able free to 

use and distribute the data extracted from the equipment. 

 KVERNELAND 

 

 

Data flow None 

Accessibility of data High 

Point of control Inapplicable 

Reciprocity Inapplicable 

Table 12: characteristics of Kverneland 
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 Akkerweb 

Akkerweb is an online platform that hosts applications built by 

various organizations (i.e. data users) that enable arable farmers 

(i.e. data producers) to analyze their data and create instructions 

for agricultural machinery. 

The platform can be seen as an ‘app store’, but it is important to 

note that data uploaded by the user to applications are 

exclusively stored on Akkerweb servers and is not shared with 

the application providers (Akkerweb, 2018). As such, data flows 

from the data producers to the platform, not to the data users 

(see figure 9). Although some applications feature the 

functionality of sharing results, it is not a primary goal of the 

initiative to enable the sharing of data between participants. 

The initiative conforms to the ‘code of conduct regarding the use of data in arable farming’ of BO 

Akkerbouw (2016) which states that the farmer is in control over his data and free to transfer it to other 

systems. As such, the point of control is the farmer and the accessibility of data is high. Akkerweb also 

targets agricultural consultants, as these often process the farmer’s data on their behalf. In this situation, 

the point of control also depends on the arrangements made between them. In general, reciprocity is 

considered to be low due to commercial nature of the applications and the lack of interaction between 

farmers and application providers. However, some applications are offered free of charge. 

 AKKERWEB MARKET 

 

  

Data flow One-to-one One-on-one 

Accessibility of data High High 

Point of control Data producer Data producer 

Reciprocity Low Low 

Table 13: characteristics of Akkerweb in comparison to the market type 
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Figure 9: Akkerweb 
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 Floridata 

Floridata collects invoice data from participating 

horticulture traders to create credit ratings of debtors and 

market information regarding export levels and sales 

channels. The invoice data is anonymized and aggregated 

due to its commercially sensitive nature. The participants 

are data producers, as the data (i.e. invoices) are generated 

by their actions (the export of flowers). 

The participants only interact with Floridata and data is not 

shared between participants directly, yet the data flow is 

considered to be many-on-many. Although similar, the 

data flow in the Mediterranean PA initiative is classified as 

one-on-one. The key difference is that the services of 

Floridata revolve around the aggregation of data from all participants, while the Mediterranean PA 

initiative draws mainly from data collected by the initiative itself and the data supplier itself. 

Because actors outside horticulture can subscribe to Floridata’s services as well, the accessibility of 

data high. Control has been defined as the ability of an actor to determine with who data is exchanged 

and under which conditions. Because the data is shared with all participants at set conditions, this 

initiative features no point of control. Although there is no interaction between participants, the value 

of the service depends on the contribution of data by other actors. As such, reciprocity is judged to be 

medium. 

 FLORIDATA NETWORK 

 

 

 

Data flow Many-on-many Many-to-many 

Accessibility of data High Medium 

Point of control None Participants 

Reciprocity Medium High 

Table 14: characteristics of Floridata in comparison to the market- and network type 
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 Publieke Dienstverlening op de Kaart and Dienst Informatie Nederlandse Ondergrond 

PDOK and DINO are both government initiatives publishing 

geological data collected by other government institutions as 

‘open data’. PDOK data are available under the Creative 

Commons CC0 or CC-BY license. Restrictions only apply to 

datasets using the latter license, which requires attribution. 

Although PDOK does not distinguish between actors in terms 

of accessibility and use of data, it does offer more support to 

actors from government and educational institutions. The 

government institutions collecting data are characterized as data 

providers because there can be no ‘data producer’ when data 

concerns public phenomena. In contrast to platforms that only 

offer data (such as opendata.overheid.nl), PDOK and DINO 

offer various services to increase the accessibility and usability 

of data. Also, the publishing the data on behalf of the collecting government institutions can be seen as 

a service because these are legally required to ‘open’ this data (e.g. by the INSPIRE directive). 

However, these services only relate to the publishing of data and are not data-based services like those 

offered in other cases. Considering that the raison d'être of these initiatives is to publish data, these 

services are not shown in figure 11. The characteristics of both initiatives are in line with the 

philanthropic type of data collaboration, although there are multiple data providers creating a data flow 

from many (data providers) to many (data users). Accessibility is high and the data provider loses 

control over the data when published. In spite of a community providing feedback on the service, 

reciprocity of data users towards the central entity or data providers is quite low. 

 PDOK AND DINO PHILANTHROPIC 

 

 

 

Data flow Many-to-many One-to-many 

Accessibility of data High High 

Point of control None None 

Reciprocity Low Low 

Table 15: characteristics of PDOK and DINO in comparison to the philanthropic type 

E 

DATA 
USER 

DATA 
PROVIDER 

DATA 
USER 

DATA 
PROVIDER 

DATA 
USER 

DATA 
PROVIDER 

Figure 11: PDOK and DINO 
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5.3. Subconclusion 

In general, the characteristics of the initiatives do not perfectly align with the types of collaboration 

defined by the typology. The framework uses the ‘data flow’ dimension as the key differentiator 

between the types of data collaboration. When judging the cases in isolation, three out of seven have 

been classified as the market type (JoinData, the Mediterranean PA initiative and Akkerweb), one as 

the network type (Floridata), and two as the philanthropic type (PDOK and DINO). None of the cases 

featured a hierarchical structure, in which the data flow between mutually dependent actors is 

orchestrated by a dominant actor. 

However, the framework is based on the governance structures delineated by the TCE literature. This 

field of study focuses on the transaction of goods and services under a specific contractual framework. 

Unlike these ‘simple’ transactions, the (repeated) exchange of data requires an enabling technical 

infrastructure. In all cases under study this infrastructure is provided by a central entity (i.e. service 

provider), an actor the typology and TCE literature does not account for. It has been found that the 

central entity to a large extent determines the relationship between all actors, and thus the type of data 

collaboration. Based on the ‘business model’ of the central entity, the initiatives can be divided into 

three categories: initiatives that focus on (a) the delivery of a data-based service, (b) connecting supply 

and demand, and (c) publishing data with little restrictions regarding its use. These categories are 

illustrated in table 15, with U = data user, E = central entity, and S = data supplier (i.e. data producer or 

data provider). As shown in the previous section, most characteristics of the initiatives vary within 

types. However, the flow of data and services is consistent within types when classified using the central 

entity. Initiatives of category (a) offer services based on the data provided by the data supplier, who 

only interacts with the central entity. In category (b), independent platforms enable the exchange of 

data and services between data suppliers and data users. Depending on the configuration of the platform, 

data suppliers interact with the central entity (i.e. the Akkerweb app store) or directly with the data user 

as shown in table 16 (i.e. JoinData). On open data platforms (c), data flows from many data suppliers 

to many data users but both only interact with the publishing platform. 

DATA-BASED 
SERVICE 

INDEPENDENT 
PLATFORM 

OPEN DATA 
PLATFORM 

   

Table 16: types of data collaboration as classified by the role of their central entity 
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The Mediterranean PA initiative and Floridata belong to category (a), being commercial undertakings 

that provide added-value to their participants through the aggregation and/or analysis of data provided 

by the participants. The central entities of these initiatives are first and foremost data users, while the 

participants are primarily data suppliers. Although some services use the data of other participants, 

interaction only takes place between the data supplier and the central entity. JoinData and Akkerweb 

belong to category (b), considering that the goal of their central entities is to encourage the use of data 

by enabling the flow of data between suppliers and users. These initiatives are non-profit and offer their 

‘connecting’ services free of charge (Akkerweb) or at marginal cost (JoinData). The participants (data 

suppliers and data users) interact one-on-one and are free to determine the terms and conditions under 

which they exchange data and services. PDOK and DINO belong to category (c). Although their goal 

is similar to the previous initiatives, the central entity offers (i.e. publishes) the data of participants as 

‘open data’. The Kverneland initiative does not fit any category. In the context of data, Kverneland 

equipment currently acts in isolation, either as a ‘data user’ receiving instructions from farm 

management systems or as data collection equipment for the farmer. 

6. DATA PRODUCERS’ SOVEREIGNTY 
Data sovereignty has been defined as the degree of control an actor possesses over data that relates to 

his actions or the properties or actions of his assets. This chapter investigates two aspects that are key 

to data sovereignty: the legal instruments a producer can call upon to protect his data (RQ2.1 and 

RQ2.2) and mechanisms that allow the producer to control his data in an exchange (RQ2.3). 

Section 6.1 draws from legal studies to survey the current EU legal framework regarding the protection 

of data and uses literature from the field of intellectual property to discuss its flaws and options for 

improvement. Section 6.2 investigates the rights implemented by the data collaborations of this study 

and section 6.3 the mechanisms that allow data producers to control their data. To this end, these 

sections draw mainly from case-specific documents and the interviews conducted with case 

representatives and experts in the field of agricultural data use. 

6.1. The EU Legal Framework 

Four categories of EU legislation are relevant regarding access to- and rights over data: (i) ownership-

like rights, (ii) individuals’ rights, (iii) competition law, and (iv) data sharing obligations (Bird & Bird, 

2017). 

Intellectual property rights (IPR) and trade secrets are ownership-like rights. IPR grants a person 

exclusive rights, i.e. the ability to exclude others from commercially exploiting the subject for a specific 

period of time. The rationale for IPR is that the social costs of monopoly are compensated by the social 

benefits that result from the increased innovative activity incentivized by the prospect of monopoly 

earnings (WIPO, 2004). IPR protects an intellectual creation, not the physical object in which the 

creation may be embodied. To a certain extent IPR legislation is harmonized globally by treaties (e.g. 
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TRIPS) and on the EU level by directives. Legislation regarding trade secrets aims to prevent 

undisclosed know-how and information from being unlawfully acquired. The protection of trade secrets 

is warranted by the TRIPS agreement, only recently has EU legislation in this field been introduced in 

the form of the Trade Secrets Directive9. This directive harmonizes the member states’ definition of 

trade secrets with international standards and emphasizes that reverse engineering and parallel 

innovation is not considered to be the unlawful acquisition of trade secrets (Bird & Bird, 2017). 

Individuals’ rights are predominantly concerned with privacy and the security of personal information. 

Please note that anonymized data is - by definition - non-personal data and is thus not covered by 

legislation concerning personal data. The GDPR is an important piece of legislation that will come in 

effect May 25th 2018. It is getting ample attention of organizations and the European Commission 

(2018) considers it to be the ‘most important change in data privacy regulation in 20 years’. The GDPR 

applies to organizations who deal with personal data of EU citizens, wherever in the world they are 

based. When organizations fail to do so, the GDPR imposes serious sanctions such as a fine up to 4% 

of annual turnover (The Guardian, 2017a). A large package of measures aims to give ‘data subjects’ 

(e.g. citizens and consumers) control over their personal data and regulates the security measures 

implemented to protect personal data. Some particularly interesting articles of the GDPR relate to the 

individuals’ right to (i) access, (ii) erase, and (iii) transfer their data: 

i. the right to access allows the individual to obtain a copy of their personal data that is being 

processed. Additionally, the data controller (the entity that determines the purposes, conditions 

and means of the processing of personal data) is required to inform the data subject about the 

purpose of processing, with whom the data is shared, and how it acquired the data; 

ii. the right to erasure was formally known as the right to be forgotten. It gives individuals the 

right to have their data erased, but only in specific circumstances; 

iii. data portability obligates the data processor (the entity which processes personal data on behalf 

of the controller) to enable the individual to transfer personal data to another system. The 

processor has to provide the data in a ‘structured, commonly used and machine-readable 

format’. 

The EU also features consumer protection legislation which also applies to (digital) products bought 

online such as content and software. The Digital Content Proposal of the EUCO takes an interesting 

position regarding personal data and states that ‘information about individuals is often and increasingly 

seen by market participants as having a value comparable to money’10. Accordingly, the EUCO argues 

                                                        

 

9 DIRECTIVE 2016/943 
10 COM (2015) 634 



39 
 

that the proposal should also apply in situations where the consumer ‘pays’ with information (i.e. data) 

about themselves in order to acquire a good or service. Thus this proposal recognizes the 

commodification of personal data, a trend that has been identified twelve years earlier by Schwartz 

(2004) who warns that if not complemented by appropriate privacy regulation, this development can 

‘harm individual self-determination and democratic liberation’. 

Building on the argument of data as a commodity, adequate competition law may prove crucial to 

safeguard competition in an economy fueled by data. The distinct economic properties of data should 

be considered when determining whether an organization is dominant, what types of agreements are 

anti-competitive, and whether a merger of data-holding organizations is problematic (Bird & Bird, 

2017). In 2017, the U.S. Department of Justice filed a civil antitrust lawsuit to block the acquisition of 

Precision Planting LLC (a subsidiary of Monsanto11) by John Deere12. The Department claimed that the 

acquisition would be detrimental to competition in the field of data-driven agriculture (U.S. Department 

of Justice, 2017). Monsanto pulled out of the deal after the lawsuit was filed. 

The EU legal framework features numerous regulations and directives targeted at specific sectors. Most 

mandatory information sharing is geared towards improving transparency or the assessment of 

compliancy. Examples are the Directive regarding the re-use of public sector information and the 

Vehicles Emissions Regulation13 that requires manufacturers to provide unrestricted and standardized 

access to vehicle repair and maintenance information at a ‘reasonable fee’. 

Only ownership-like rights provide legislation that actors can use to protect (their) industrial data, 

although it is questionable to what extent this protection applies to data. This legislation is discussed in 

more detail in the next two section, which also aim to emphasize the shortcomings of the current 

legislation. 

 Intellectual Property 

WIPO (2004) divides intellectual property into two branches: ‘industrial property’ and ‘copyright.’ 

Inventions, industrial designs and trademarks are considered industrial property. Literary, artistic and 

scientific works can be protected by copyright.  

Of the industrial property branch, inventions are most important relating to data. Simply put, inventions 

are a solution to a specific technical problem and can either be a product or a process. A patent is ‘a 

document that describes an invention and creates a legal situation in which the patented invention can 

                                                        

 

11 Monsanto is an agrochemical and agricultural biotech corporation with a revenue of $14,64 billion in FY2017 
12 John Deere is a manufacturer of agricultural machinery with a revenue of $29,74 billion in FY2017	
13 REGULATION 715/2007 
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only be exploited (manufactured, used, sold, imported) with the authorization of the owner of the patent’ 

(WIPO, 2004). Although data does not qualify as an invention, the Agreement on a Unified Patent 

Court14 may enable patents to be used for the protection of data. Article 25(c) of this agreement states 

that a patent on a process also provides the right to prevent a third party from ‘offering, placing on the 

market, using or importing or storing for those purposes a product obtained directly by a process which 

is the subject-matter of the patent’. The question is whether data can be regarded as the result of a 

process. Case law is unclear in this respect. Drexl (2016) notes that in a case regarding the results of a 

patented genetic test for dogs, the District Court of Düsseldorf concluded that the test results, being 

semantic information, cannot be considered the product of a process. However, the European Patent 

Office (EPO) has decided earlier that the results of a process do not have to be patentable in order to 

qualify for protection through the patented process15. 

Copyright protects original works of authorship, irrespective of its literary or artistic merit’ (WIPO, 

2004). To qualify for copyright protection a work must be ‘original’ in the sense that the work must be 

the result of a conscious effort with a certain degree of creativity (Osborne Clark, 2016). What exactly 

constitutes ‘original’ differs between jurisdictions, it requires “a modicum of creativity” in the United 

States; “sweat of the brow” in Australia; “sufficient effort” in Kenya; and enough “skill and judgment” 

in Canada (De Beer, 2016). According to the Court of Justice of the European Union (CJEU) the 

originality requirement is satisfied if ‘the author expresses his creative ability in an original manner by 

making free and creative choices and thus stamps his “personal touch’16. There is general consensus 

that raw data (i.e. machine-generated data) such as the results of measurement or stock quotations does 

not meet this originality criterion and cannot be protected by copyright. However, it should be noted 

that the threshold for originality is rather low in most member states (Bird & Bird, 2017). 

The EU offers distinct database rights in addition to copyright protection. The Database Directive17 

extends copyright to ‘a collection of independent works, data or other materials arranged in a systematic 

or methodical way and individually accessible by electronic or other means’. Similar to the originality 

criterion of copyright itself, article 3(1) of the Directive requires that ‘the selection or arrangement of 

their contents, constitute the author's own intellectual creation’. The copyright protection provided by 

the Directive applies to the database, and not the individual content (e.g. data) therein. However, the 

Directive also gives the maker of a database the sui generis right to prevent ‘extraction and/or re-

utilization of the whole or of a substantial part of the contents of that database’. In contrast to copyright, 

                                                        

 

14 AGREEMENT 2013/C 175/01 
15 EPO, Decision of the Enlarged Board of Appeals, G 1/98   
16 Judgement in Football Dataco v Yahoo!, C-604/10	
17 DIRECTIVE 96/9/EC 



41 
 

originality is not required to acquire a sui generis right. Databases qualify when there has been ‘a 

substantial investment in either the obtaining, verification or presentation of the contents’. It should be 

noted that the CJEU clarified that ‘substantial investment’ does not include the resources devoted to 

create the devices that collect data (e.g. sensors) but should be targeted towards the identification of 

data to collect and the process of data collection itself18. 

It is questionable whether the sui generis right can protect data from being used in big data. Drexl 

(2016) argues that the real-time nature of such analyses do not require ‘extraction’ of data. Additionally, 

the Directive defines ‘re-utilization’ of the databases’ content very narrowly as the ‘distribution of 

copies’. The goal of the Database Directive was to stimulate the production of databases in Europe by 

safeguarding the investments of database makers and harmonizing copyright rules between member 

states. In their evaluation 10 years after implementation, the EUCO concluded that the new instrument 

has had no proven impact on the production of databases (European Commission, 2005). 

 Trade Secrets 

Databases and individual data may also be protected by trade secret legislation, regardless of originality 

or substantial investment. The Trade Secret Directive19 states that information qualifies as a trade secret 

when it: (i) is secret in the sense that it is not generally known to persons that normally deal with the 

kind of information in question, (ii) has commercial value because it is secret, and (iii) has been subject 

to reasonable steps by the person lawfully in control of the information to keep it secret. In contrast to 

IPR, trade secret protection does not grant the holder the exclusive right to use the information in 

question. It merely protects against the unlawful acquisition, use and disclosure of trade secrets. 

Whether data qualifies as a trade secret appears to depend on the context in which it is collected. Zech 

(2016) argues that its quite easy for business-related data to qualify as a trade secret and provides the 

example of a manufacturer of a complex machine that keeps the data collected by the machine secret 

from his/her clients. Drexl (2016) provides several arguments why none of the requirements are easily 

met in the context of big data. First, data are often collected in the public space (e.g. by cars) and are 

thus ‘generally known’. Second, it is difficult to determine whether data are valuable because they are 

secret. Especially in the context of big data, the value of data often lies in its correlation with other data. 

Third, it is unclear what the ‘reasonable steps’ are considering the numerous technological measures 

available to keep data secret. Additionally, it is practically impossible to pinpoint the person lawfully 

in control of data due to variety of actors involved in a data value chain. 

                                                        

 

18 Judgement in British Horseracing Board, C-203/02 
19 DIRECTIVE 2016/943 	
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 The EUCO Proposal for a Data Producers’ Right 

The ‘free flow of data’ initiative aims to achieve five objectives: (i) improve access to anonymous 

machine-generated data, (ii) facilitate and incentivize the sharing of such data, (iii) protect investments 

and assets, (iv) avoid disclosure of confidential data, and (v) minimize lock-in effects (European 

Commission, 2017). The initiative proposes legislative and non-legislative measures, amongst which 

two versions of a data producers’ right that defines and allocates data ownership. First, a right in rem 

similar to traditional IPR awarded to the actor(s) who invest into data collection (i.e. the data producer). 

Second, a set of purely defensive rights which provides the de facto data holder to sue third parties in 

line with the Trade Secrets Directive. Whether the creation of a data producer’s right is desirable has 

been debated by scholars since the ‘Building a Data Economy’ pillar of the Digital Single Market 

strategy pointed out a ‘lack of clarity over rights to use data’ and ‘emerging issues of ownership’ 

(European Commission, 2015). 

Like the EUCO, Zech (2016) envisions the data producers’ right as an exclusive right awarded to the 

‘economically responsible operator of the equipment that generates the data’. Similar to the rationale 

for patents, the author argues that an exclusive right (a) generates the incentives to collect and reveal 

data, (b) increases the tradability of data, and (c) promotes a culture of transparency as such regulation 

would clearly determine who benefits from the data. 

However, regarding argument (a) Kerber (2016) argues that there is no lack of incentives to begin with. 

Traditional IPR addresses this issue by tackling non-excludability, while data is excludable because it 

can easily be kept secret (e.g. through encryption). Drexl (2017) adds that actors in the value system 

are motivated to collect data because it improves, or is necessary to enable a primary process such as 

driving an autonomous car. Argument (b) is based on the information paradox of Arrow (1962). This 

paradox describes how a buyer cannot assess the value of information before it is known to him, but no 

longer needs to trade for the information if it is disclosed up front. IPR safeguards information from 

being used without consent of the owner. Kerber (2016) argues that data can be sufficiently described 

(e.g. by metadata and technical specifications) for a buyer to assess its value without actually 

transferring the data. The rationale behind argument (c) is that because data is excludable, the required 

disclosure that comes with a data producers’ would enhance transparency and access to data. This would 

certainly lower transaction costs for actors, as it will be more clear to them what data is available on the 

market. It would also help policymakers to identify anti-competitive practices and develop mandatory 

appropriate access regimes. 

 The Legal Way Forward 

The bodies of law discussed in this chapter are not fit to deal with the deluge of data created by 

connected devices. Authors speculate or draw from the scarce case law available to discuss what bodies 

of law apply to the protection of data. Fact is that the current legal framework is complex and does not 
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clearly delineate data rights, especially in the field of non-personal data. This creates a great deal of 

uncertainty amongst actors in the data economy, making it neccesary for them to rely on contracts to 

delineate data rights (Bird & Bird, 2017). 

This is not neccesarily an issue. In a hearing of the EUCO’s DG CONNECT initiative, representatives 

of Germany’s ‘industrie 4.0’ unanimously stressed that they are able to implement their business models 

involving data-sharing by relying on contract law (Drexl, 2017). Additionally, technical and legal 

means are currently available to control access to data and impose sanctions when a contracting party 

goes rogue. However, while contracts may be suitable to manage rights between parties of equal 

bargaining strength and legal knowledge, it can also be an instrument for a stronger or more legally 

skilled party to obtain an advantage over a weaker party (Osborne Clarke, 2016). For example, the 

agricultural sector is characterized by small farmers and very large equipment- and agrochemical 

manufacturers. Even though farmers are the ones collecting data using equipment they own, equipment 

manufacturers are often the de facto data holders and in control (De Beer, 2016). As such, they have 

the opportunity to call upon copyright or trade secret legislation to protect this data. Kerber (2016) 

questions whether a data producers’ right helps to create fair benefit sharing because ownership rights 

can easily be contracted away by dominant parties. Depending on the criteria to be awarded the 

producers’ right, the proposal may actually add to the concentration of market power in various sectors 

(Max Planck Institute, 2016; Drexl, 2016; Kerber 2016). 

The main barrier is the difficulty in answering the question: ‘who owns the data?’. The data value 

system features a considerable number of interdependent actors which makes it difficult to balance the 

interests of all parties and delineate the scope of protection. In the case of the farmer and the equipment 

manufacturer, one could argue that both the farmer and the manufacturer deserve to commercially 

exploit the data. Even though the farmer provides the labor to collect the data, owns the machinery and 

the data subject, the manufacturer may also be investing in data collection by providing the data service 

at a lower price because he’s able to generate additional income with the data. The EUCO states that 

the difficulty in appointing a single beneficiary might result in joint rights, although these are considered 

impractical due to conflicting interests and may create ‘hold-up’ situations (Wiebe, 2016; Drexl, 2017). 

To account for these specific situations, most scholars are in favor of defining sector-specific access 

regimes. In similar fashion, competition law has been used in the past to force banks to provide payment 

information and force car manufacturers to provide diagnostic information for repairs and maintenance. 

Improving access to data through a broad sector specific approach to mandatory licensing of raw data 

is being discussed by the EUCO. The rationale is that because data is non-rival, the value of data largely 

depends on the ability of actors to process data, i.e. the ability to ‘make sense of the data’ (OECD, 

2015). The more competitive advantage depends on this ability, the less important it is for actors to 

control and restrict access to data. 
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6.2. Data Rights in Cases 

Other than the initiatives of PDOK and DINO that are using the open licenses formulated by Creative 

Commons to delineate data rights, none of the data collaborations studied incorporate data rights in 

their terms and conditions. JoinData, the Mediterranean PA initiative and Kverneland are currently 

drafting such contracts and Akkerweb conforms to the ‘code of conduct regarding data use in arable 

farming’ of BO Akkerbouw (2016).  

The code of conduct of BO Akkerbouw consists of voluntary guidelines aimed to improve the 

transparency regarding the use of data and increase the amount of control a data provider has when 

transferring his data. It features three key points: (i) the rights on raw data shall remain at the data 

provider at all times, (ii) the data user will inform the data provider concerning the purpose of data 

usage and is only allowed to use the data for other purposes when explicit consent is given by the data 

provider, and (iii) the data user refrains from sharing the data with third parties without explicit consent 

given by the data provider. 

The EUCO promotes the use of such guidelines to increase the ‘contractual transparency’ of data use. 

In their free flow of data initiative, the EUCO discusses the option of developing model contract terms 

to reduce transaction costs and create more balanced terms for small businesses (European Commission, 

2017). Additionally, the Commission recommends to safeguard complete contractual freedom and 

develop such terms in partnership with industry associations. On the 23rd of April 2018, a broad 

consortium of European industry associations representing various disciplines in agriculture released 

the ‘EU Code of Conduct on Agricultural Data Sharing by Contractual Agreement’ (Copa and Cogeca 

et al., 2018). This code of conduct is based on the aforementioned document by BO Akkerbouw but 

adds several important aspects. Whereas BO Akkerbouw only recognizes a data provider and a data 

user, Copa and Cogeca et al. (2018) add the role of ‘data originator’ being the actor whose actions result 

in the production of data (similar to the data producer defined by this thesis). Also, this code of conduct 

emphasizes that the data originator should: (i) benefit from and/or be compensated for the use of the 

data, (ii) be able to transmit the data to another data user or system/platform/data storage facilities 

without being restricted, and (iii) be treated ‘as a natural person’ in accordance with the GDPR if the 

data is being used to make decisions about them. 

For independent platforms such as Akkerweb and JoinData it is especially difficult to safeguard 

transparency regarding the purpose of data use because it differs for each data supplier – data user 

engagement. Whereas Akkerweb does not inform the data user for each application separately, JoinData 

is taking this into account during the development of its consent mechanism. Besides requiring a 

statement of purpose, JoinData is considering to appoint an audit committee to safeguard the 

compliance of data users. 
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6.3. Control Mechanisms in Cases 

Similar to the lack of attention for data rights, most initiatives do not implement mechanisms geared 

towards allowing the data producer to exercise control over its data. The consent mechanism of JoinData 

is the notable exception, which will be discussed below. 

In some cases, fundamental and technical characteristics eliminate the need for control. For example, 

the data collected by Kverneland equipment can only be accessed by the data producer while Floridata 

aggregates and anonymizes the data of participants. The applications featured on the Akkerweb 

platform require the data producer to manually upload or enter data. Although this does not eliminate 

the need for control, the data producer is aware of the data that is sent to the Akkerweb servers. Future 

applications may retrieve data directly from other applications or equipment used by the data producer. 

In this case, it is important that an application communicates to the data producer what data is accessed, 

for what purpose, and for what duration. 

Although JoinData (2018) claims to put ‘the farmer in the drivers’ seat’, datasets may also require 

consent of the data provider in order to be transferred to data users. The initiative features three types 

of data: (i) free data, (ii) licensed data, and (iii) aggregated data. Only the data producer needs to give 

permission to transfer ‘free data’. When a data provider claims that intellectual property has been used 

to process data, free data becomes ‘licensed data’ and the data provider needs to give permission for its 

transfer as well. JoinData adheres to the principle that when an individual farmer can be identified using 

the data, the data producer always needs to give permission. Aggregated data does not relate to 

individual farmers, and can thus be transferred at the discretion of the data provider. The technical 

implementation of this permission structure in the Datahub is currently being determined by JoinData. 

In the most recent design of the portal, data producers receive a request from a data user for a specific 

dataset accompanied by a description of the purpose for each application. Permissions can be withdrawn 

at all times, either by the data producer or data provider.  

6.4. Subconclusion 

This chapter set out to investigate the degree of data producers’ sovereignty as determined by: (i) legally 

appointed rights, (ii) ad-hoc rights implemented by contracts, and (iii) implemented mechanisms that 

allow data producers to control their data. 

The EU legal framework does feature bodies of law that can be used to protect data, most notably the 

Database Directive and trade secret legislation. However, actors that qualify for such protection are ‘the 

maker of a database’ and ‘any natural or legal person lawfully controlling a trade secret’. A database 

qualifies for copyright protection when the ‘selection or the arrangement of the contents of the database 

is the author's own intellectual creation’ and for sui generis protection when there has been ‘a substantial 

investment in either the obtaining, verification or presentation of the contents’. Trade secrets require 

the person lawfully in control to have taken ‘reasonable steps under the circumstances, to keep it secret’. 
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In both cases it is more likely that protection will be awarded to a data provider (e.g. an agricultural 

equipment manufacturer) rather than a data producer (e.g. a farmer). Although the recent EU code of 

conduct on agricultural data sharing (Copa and Cogeca et al., 2018) attributes the data producer the 

right to determine who can access and use the data, scholars consider the creation such a data producers’ 

right undesirable because (a) it may hinder the flow of data and impede innovation, and (b) it is 

unfeasible to create a universal definition regarding what data should be attributed to what actor. The 

latter point is demonstrated by the European Commission (2017) itself when describing the data 

producers’ right. It states that such a right should give the ‘de facto data holder’ the capacity to sue third 

parties in case of illicit misappropriation of data, while the goal of this right is to actually strengthen 

the position of the data producer vis-à-vis the ‘de facto data holders’. 

The lack of data rights defined by the legal framework forces actors to rely on contractual agreements. 

However, most cases studied currently incorporate data rights in their terms and conditions. Several 

interviewees expressed their intention to do so but because the initiatives are in development their effort 

is focuses on technical implementation. The adoption of the EU code of conduct should create to more 

(contractual) transparency regarding the use of the data producers’ data. However, the code of conduct 

does not necessarily strengthen the position of the data producer, as it depicts that ‘the contract should 

acknowledge the right of all parties to protect sensitive information (e.g. IP)’. Without clear guidelines 

concerning when and what data can be considered (to contain) IP, data providers may still prevent data 

producers to access and transfer ‘their’ data. 

Only the JoinData case features a mechanism that allows data producers to monitor and control their 

data. This increases the transparency of data use while reducing the need for complex contractual 

arrangements. For example, it is common for big-data initiatives to discover new uses for the data over 

time. JoinData’s permission mechanism allows a data user to efficiently request permission of the data 

producer regarding the new use of the data. More importantly, the mechanism enables the 

implementation of joint permissions which allow data producers and data providers to manage and 

monitor, on a dataset level, access to their data. 

7. CONCLUSION AND DISCUSSION 
The first section of this final chapter integrates the results of the subquestions in order to answer the 

main research question ‘how does the sovereignty of data producers differ between types of data 

collaboration?’. Sections 7.2 and 7.3 reflect on the outcomes and limitations of this study, providing 

recommendations for policy, practitioners and future research in the process.  

7.1. Answering the Main Research Question 

The main research question aims to identify how the data producers’ sovereignty differs between types 

of data collaboration. In order to answer the main research question, RQ1 developed a framework to 
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distinguish between types of data collaboration and RQ2 investigates the sovereignty of the data 

producers per collaboration.  

RQ1 draws from literature on TCE to develop the framework to classify data collaborations. More 

specifically, it uses the concept of governance structures to interpret the organizational context in which 

a ‘transaction’ (i.e. data exchange) takes place. The framework uses four dimensions to classify 

collaborations: (i) how data flows between actors, (ii) to what extent the data producers’ data is 

exclusive to the initiative, (iii) which actor determines how the data flows, and (iv) to what extent the 

collaboration is based on mutual goals. Application of the framework showed that the characteristics of 

the cases do not consistently align with the types of collaboration defined by the framework. However, 

the flow of data is similar between several cases depending on the ‘business model’ (i.e. role) of their 

central entity. Based on this observation, three types of data collaboration have been identified: (i) data-

based services, (ii) independent platforms, and (iii) open data platforms. 

RQ2 explores the data producers’ sovereignty using three dimensions: (i) legally appointed data rights, 

(ii) data rights implemented by the initiative, and (iii) implemented control mechanisms that allow the 

data producer to determine with who and under what conditions data is transferred. Because legally 

appointed data rights are similar across all cases, only the latter two dimensions are relevant to answer 

the main research question. Concerning dimensions (ii) and (iii), only two out of seven cases have 

currently implemented measures to increase the data producers’ sovereignty. Akkerweb adheres to the 

code of conduct by BO Akkerbouw (2016), and the Datahub of JoinData uses a permission structure in 

which a data producer can enable (and disable) the transfer of data based on information given in an 

access request by the data user. 

In order to answer the main research question, it needs to be determined whether the level of a data 

producers’ sovereignty consistently differs between types of data collaboration. Akkerweb and Joindata 

are the only cases that explicitly devote attention towards increasing the data producers’ sovereignty. 

Both are consortium-led initiatives of the type ‘independent platforms’ aiming to enable the provision 

of data-based services by bringing demand and supply together. The Mediterranean initiative and 

Floridata are ‘data-based services’. Considering the plans of the former initiative, the data producer will 

only be awarded the rights regarding specific data collected by his leased telemetric stations (with an 

obligation to license to researchers). The latter does not feature any data rights or mechanisms to control 

data, but anonymization and aggregation reduces the need to. These findings indicate that for data-

based services, the data producers’ sovereignty depends on case-specific circumstances. The 

sovereignty of data producers is low in the ‘open data platforms’ PDOK and DINO because National 

and European legislation dictate the degree of ‘openness’ concerning the geological data collected by 

the government institutions. 
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In sum, this study observed the highest degree of data producers’ sovereignty for the ‘independent 

platforms’ type of data collaboration. A low level of sovereignty is inherent for ‘open data platforms’ 

although differences in sovereignty may occur between platforms, especially when the data in question 

isn’t subject to legislation. The results for ‘data-based services’ are inconclusive, due to the variety of 

initiatives within this type. However, the launch of the EU code of conduct on agricultural data sharing 

(Copa and Cogeca et al., 2018) may contribute to a base level of sovereignty for data-based services. 

The following sections interpret these findings and those of the other research questions in the broader 

context of innovation and the position of the data producer.  

7.2. Theoretical Implications 

The topic of data rights is evolving rapidly, both in terms of policy action (e.g. considering the free flow 

of data initiative) and practical application (e.g. considering the release of the EU code of conduct on 

agricultural data use). Although scholars and policy makers agree that data producers do not enjoy a 

very strong position as opposed to data providers, research concerning their position is very limited. To 

my knowledge, the ‘position’ of the data producer (i.e. the data producers’ sovereignty) has not yet been 

operationalized. As such, the main theoretical contribution of this thesis is the use of the following three 

dimensions to assess the data producers’ sovereignty: (i) legally appointed data rights, (ii) contractually 

appointed data rights, and (iii) the presence of control mechanisms that allow the data producer to 

determine with who and under what conditions data is transferred. 

This thesis argues that the current legal framework favors the data provider (e.g. equipment 

manufacturers) and that data producers (e.g. farmer) lack the power to negotiate fair data contracts. This 

situation is detrimental to innovation because data producers rely on data providers to grant them access 

to the data collected by their equipment. Considering that data provides a competitive advantage, data 

providers are inclined to keep as much data to themselves as they can. Although the contention is that 

a higher level of data producers’ sovereignty will contribute to the flow of data and ultimately 

innovation, this relationship should be verified by future research. 

Several interviewees indicated that farmers can be distrusting towards service providers and hesitant to 

adopt the use of data-based technology in farming practices. As such, the implementation of data rights 

through the legal framework, contracts or code of conducts may not convince the farmer that his data 

is ‘safe’ in the hands of a data provider or user. Although this likely depends on cultural differences and 

the attitude towards technology, it does suggest that control mechanisms may be more effective to 

increase the (perception) of sovereignty for the data producer. 

Regarding the classification of data collaborations, the framework posited that a transaction as 

investigated in the tradition of TCE would be similar to a ‘transaction of data’. However, the analysis 

shows that because data requires an infrastructure to be transferred the proprietor of this infrastructure 
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(i.e. the central entity) plays a key role in structuring the initiative and determining the level of data 

producers’ sovereignty. At JoinData and Akkerweb public organizations played an important role in 

shaping the character of the central entity (TNO at JoinData and WUR at Akkerweb). Thus the presence 

of an independent, (semi-)public, third party may have a positive effect on the data producers’ 

sovereignty. 

7.3. Practical Implications 

This thesis discussed that the creation of a data producers’ right is infeasible due to difficulties in 

determining which actor should be awarded the right and what data such a right encompasses. For 

example, several interviewees have expressed their concern that data producers may gain access to (and 

share) sensitive data such as machine logs. The European Commission (2017) and the agricultural 

industry (Copa and Cogeca et al., 2018) favor the creation of model contracts while safeguarding 

complete contractual freedom. This raises another issue as the EU code of conduct explicitly recognizes 

the right of an actor to claim IP and protect data. In order to prevent wild IP claims, clear and widely 

supported guidelines should be developed concerning when and what data can be considered IP. Such 

guidelines can be reached through consensus, as shown by the JoinData case in which data producers 

and data providers collectively agreed what data belongs to whom. 

Although few of the cases implemented measures to increase the data producers’ sovereignty, each 

interviewee acknowledged the (growing) importance of data rights and aim to incorporate them in their 

terms and conditions. Policymakers and the agricultural industry are also focused on providing 

contractual guidelines, but technological tools to increase transparency and control are arguably more 

important. For example, in order to truly ‘not restrict a [data producer] should they wish to use their 

data in other systems/platforms/data storage facilities’ (Copa and Cogeca et al., 2018) data providers 

should enable data to move freely between systems. In 2014, the ISOBUS standard ensured the 

compatibility of agricultural equipment. The next step is to create a common interface that streamlines 

the flow of data between proprietary platforms and ensures the portability of the data producers’ data. 

The ‘independent platform’ type appears to have the most potential to simplify data exchange and 

improve the data producers’ sovereignty. Firstly, when data providers and data producers are included 

on the supply side of the platform there is no need for the data producer to transfer data from the provider 

to the initiative. Secondly, due to the usage of a ‘hub’ the data users no longer need to develop 

connections to each different data source. Thirdly, data rights and control mechanisms can be 

implemented for all participants while terms and conditions regarding the use of data can be determined 

ad-hoc by the data supplier and data user. Finally, the aggregation of data producers strengthens their 

position to negotiate fair data arrangements with data providers. 
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7.4. Limitations 

The findings of this study are based on a review of legal literature focusing on data rights and interviews 

conducted with representatives of seven data collaborations and four experts concerning the use of data 

in agriculture. The decision to select cases that represent different types of data collaboration adds to 

the ability to identify between-type differences but detracts from the within-type generalizability of the 

findings. Also, it should be noted that the characteristics of the agricultural domain are very specific 

and that care should be taken when generalizing findings to different industries. In the context of data 

rights, agriculture is defined by the (a) intensive use of data, (b) significant imbalance in power between 

the data producers and data providers, and (c) the reliance of data producers on data providers to grant 

access to ‘their’ data. As such, the findings may apply to the domain of autonomous vehicles because 

manufacturers (i.e. data providers) control whether drivers (i.e. data producers) or service centers (i.e. 

data users) are able to access data. 

Because generally the initiatives lack implemented measures that increase the data producers’ 

sovereignty, the interviewees tend to emphasize what measures they are planning to incorporate or 

express their vision regarding the subject. This was not an issue considering that the semi-structured 

interviews were also geared towards identifying issues and possible ways forward. However, future 

research may consider a more detailed specification of the data producers’ sovereignty concept to make 

sure no important aspects of the initiatives are missed.  

Finally, the legal literature points out that data rights are not clearly delineated in the current legal 

framework and that actors therefore rely on contracts. Although the expert interviewees acknowledged 

the shortcomings of the legal framework, the case representatives were not familiar with the legal 

options to protect data. As such, this study has not been able to verify the impact of the legal 

shortcomings in practice. 
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9. APPENDICES 

9.1. Case Interview Protocol 

TOPIC No. QUESTION 

Introduction 

1.1 [personal introduction – IDE, Innovation Sciences] 
1.2 [introduction of TNO – semi-PRO, Data Science] 
1.3 [introduction of thesis subject – free flow of data, data producer] 
1.4 [goal of the interview – types of data collaboration and sovereignty] 

Consent 
2.1 [permission to record the conversation] 
2.2 [permission to publish will be asked based on a draft of the thesis] 

Initiative 
introduction 

3.1 Can you shortly describe [initiative]? 
3.2 What is your role in [initiative]? 
3.3 What (type of) actors are involved? 
3.4 What datasources are used? 
3.5 How is the governance of the initiative structured? 

Initiative 
classification 

4.1 Between which actors is data transferred? 
4.2 Who determines between which actors data is transferred? 
4.3 Is the data exclusive to the initiative? 
4.4 With whom do participants interact, and what is their relationship like? 

Data rights 

5.1 Are you aware of legal opportunities (or issues) to protect data? 
5.2 Are data rights part of your terms and conditions, if yes how? 
5.2 Do you recognize data ownership, what rights does this give the owner? 
5.3 Do the ownership rights change hands in [initiative]? 
5.4 Are there any limitations regarding the use of data, if yes which? 

Control 
mechanisms 

 To what extent can a data producer: 
6.1 • determine to whom his data is transferred? 
6.2 • determine the conditions under which he transfers data? 
6.3 • monitor what, how and why and by who his data is used? 

Closing 
7.1 [thank you, confirm consent and restate the evaluation of draft] 
7.2 Are you willing to share any documentation that may be of use? 
7.3 Do you have any contacts I can approach for this study? 

 

9.1. Expert Interview Protocol 

TOPIC No. QUESTION 

Introduction 

1.1 [personal introduction – IDE, Innovation Sciences] 
1.2 [introduction of TNO – semi-PRO, Data Science] 
1.3 [introduction of thesis subject – free flow of data, data producer] 
1.4 [goal of the interview – investigation of data sovereignty] 

Consent 2.1 [permission to record the conversation] 
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2.2 [permission to publish will be asked based on a draft of the thesis] 

Interviewee 
introduction 

3.1 Can you describe your organization and your role? 
3.2 Does your organization hold any (farm) data, if yes from whom and why? 
3.3 How does the topic of data ownership/rights affect your work?  

Data rights 
4.1 Are you aware of the legal opportunities (or issues) to protect data? 
4.2 What is your opinion regarding the position of the data producer? 
4.3 How do you think their position can be improved? 

Closing 
5.1 [thank you, confirm consent and restate the evaluation of draft] 
5.2 Are you willing to share any documentation that may be of use? 
5.3 Do you have any contacts I can approach for this study? 

9.2. Coding Template 

CONCEPT DESCRIPTION CODE 

Data flow The path data travels across the initiative, i.e. who contributes 
data to the initiative and with whom data is shared. 

C-DAF 

Point of control The actor that determines the flow of data and the conditions 
under which data is exchanged. 

C-POI 

Accessibility of data The extent to which data is exclusive to the initiative, i.e. 
whether data can be (re)used or shared with external actors. 

C-ACC 

Reciprocity The extent to which data is contributed by participants in order 
to pursue a common (long term) goal. 

C-REC 

Legal rights Rights given by the legal framework appealed to by an actor in 
order to protect data or his interests regarding data. 

S-LR 

Contractual rights Rights endowed by the initiative through the use of contracts, 
terms and conditions, and agreements. 

S-CR 

Control mechanism Tools or processes that enable a data holder to control with 
whom and/or under what conditions data is transferred. 

S-CM 

Data producer An actor to whose actions the data in relate, or relates to the 
actions or properties of his assets. 

D-PD 

Data provider An actor that collects and/or holds data of which he is not the 
producer. 

D-PV 

Data user An actor that receives data from a producer or provider, either 
as part of an exchange or to create a service with. 

D-US 

Ownership Ownership and exclusive rights to use data. OWN 
License Contracts that state the conditions of use concerning a 

particular subject, e.g. data. 
LIC 

Data use The purpose for which data is processed, collected or 
exchanged. 

USE 
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9.1. Generated Codes 

CONCEPT DESCRIPTION CODE 

Central entity The actor(s) responsible for the initiative or the infrastructure 
that enables the transfer of data or delivery of service. 

D-CE 

Transparency Implemented measures that allow an actor to monitor the use 
of ‘his’ data. 

TRA 

Portability The ability of an actor to transfer and use his data with systems 
of other providers. 

POR 

Code of conduct Voluntary contracts that delineate the attribution of data rights. COC 
Infrastructure Technological system that enables the collection or the transfer 

of data. 
INF 

Interaction Interaction between participants of an initiative outside the 
transfer of data. 

INT 

Platform Technological environment (e.g. online) that enables actors to 
access and transfer data, or offer and use a data-based service. 

PLA 

 


