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Abstract
We study the incentives and welfare properties of industrial data sharing taking into 
account the data (economy) readiness of companies. We differentiate between two 
regulatory settings. First, there is no compulsion for companies to provide data. 
Companies, which also use the data for other corporate purposes, decide whether to 
share their data voluntarily. Second, there is a regulatory requirement on the mini-
mum amount of data to be shared by the data provider. We assume that data sharing 
affects the data provider’s value of the data. The magnitude and sign of this effect 
have an impact on the optimal investment level of data generation and overall wel-
fare in the different cases under study. Our results suggest that the implementation 
of a data-sharing policy has ambiguous welfare properties. It has positive welfare 
properties if (a) the data receiving firm does not pay too much for the data, (b) the 
data receiving firm benefits enough from the data provider’s data generating effort, 
and (c) the intensified competition due to data sharing is not too harmful to the data 
provider. In contrast, it will always have negative welfare properties if the data pro-
vider’s minimum amount of data to be shared under the policy is prohibitively high 
such that no data is created in the first place. Our results also suggest that a positive 
effect of data sharing on the data-generating company’s value of the data and its data 
economy readiness positively affect the incentives to share data. Finally, we find that 
data sharing under a data-sharing policy leads to a lower data quality if the data 
economy readiness of the data-generating company is too low.
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1  Introduction

Data is a non-rival good in the sense that one person’s use of the data does not 
reduce or diminish another person’s use. Multiple users can access the data at the 
same time (Varian, 2019). In addition, data can be used repeatedly without impact-
ing the data quality or running the risk that the supply of data will be depleted. 
While the volume of data generated by humans and machines has increased expo-
nentially in recent years, the data are often generated and stored by just a few large 
companies (Martens, 2023; Martens & Duch-Brown, 2020).

The EU Commission estimated that approx. 80% of machine-generated data in 
the data economy remains unused to date arguing that the use of these data may 
increase economic growth and innovation (European Commission, 2022). The call 
for encouraging Business-to-Business data sharing has intensified recently (Richter 
& Slowinski, 2019).

However, several concerns have been raised about the implementation of data 
sharing and data markets, especially when it includes personal data (Spiekermann 
& Acquisti, 2015). The question whether personal data could be seen as “property” 
is subject of a fierce debate in law, economics, and policy (Acquisti & Varian, 2005; 
Goldfarb & Tucker, 2011; Samuelson, 2000; Schwartz, 2003; Spiekermann & Novo-
tny, 2015).1

Nevertheless, the EU Commission’s Data Act provides a legal framework of data 
access and use, according to which companies should in the future make their data 
more easily available to consumers, public authorities and third parties.2

In recent years, companies that generate and store huge amounts of data have 
formed cooperations with other companies to build up data ecosystem in order 
to share data among themselves. Handling and sharing data is a key component 
of these ecosystems. Following Cattaneo et  al. (2020) and Glennon et  al. (2022), 
they are one of the key factors which may help to drive the European Data Market 
towards higher growth and push the contribution of the data economy to the EU 
GDP up to 4 percent.

1  Another challenge associated with personal data markets relates to the difficulty to capture the value 
of personal data (Acquisti et al., 2013; Berthold & Böhme, 2010). Technical security issues associated 
with markets for personal data, e.g., data encryption and protection from personal data breaches, as well 
as social and ethical issues, e.g., the “propertization of the human being” and the difficulty to define what 
constitutes a “digital identity”, are also fiercely debated in science and policy (Sackmann et al., 2006; 
Spiekermann & Acquisti, 2015).
2  For recent analyses of data access from a competition law perspective, see Kerber (2019a, 2019b), and 
Martens and Mueller-Langer (2020). For recent works on data markets from an economics perspective, 
see Bonatti and Bergemann (2012), Bergemann et al. (2022), Acemoglu et al. (2022), and Koutroumpis 
et al. (2020).
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However, companies may be reluctant to share their data for various reasons. 
Besides strategic motives for access denial such as the protection of the competitive 
advantage associated with the data, they might not engage in data sharing because 
they fear a loss of control over their data when it is re-used by third parties. Hence, 
the challenge is to implement instruments that facilitate access to data which is nor-
mally not being made available. Low trust, conflicting economic incentives and 
technological obstacles impede the full realisation of the potential of data-driven 
innovation (European Commission, 2022; Duch-Brown et al., 2017).

According to European Commission (2022), the Data Act includes measures 
which will enable consumers to access the data of their connected devices and use it 
for aftermarket and value-added services, e.g., predictive maintenance.

However, the Data Act, in its current form, is subject to a fierce debate in science, 
policy and industry (Drexl et al., 2022; Kerber, 2022; Metzger & Schweitzer, 2022; 
VDA, 2022).

As for the requirements for data-generating companies regarding the provision of 
data, Article 4(1) of the Data Act indicates the following:

“Where data cannot be directly accessed by the user from the product, the data 
holder shall make available to the user the data generated by its use of a prod-
uct or related service without undue delay, free of charge and, where applica-
ble, continuously and in real-time.”

This may require a high level of efforts on the part of the data-generating companies. 
However, companies may only have sufficiently high incentives to exert high efforts 
to create and prepare the data for re-use if they can monetize the data downstream. If 
monetizing the data downstream is difficult or even legally prohibited, this approach 
could eventually inhibit innovation, as companies may launch fewer products that 
generate data. Based on this, companies may be forced to exert high levels of effort 
to make data available even if they are of negligibly low relevance and have low 
potential for downstream monetization. In this respect, the aforementioned require-
ments may lead to distorted incentives to invest in data-driven products and services 
in the first place. The underlying trade-off is at the core of our analysis.3

In order to explore the trade-off between the societal benefits of industrial data 
sharing and the cost incurred by the data-generating industry, we set-up a simple 
model of industrial data sharing. We consider two players, i.e., a data-generating 
manufacturer and a data-reusing company, and study two data-sharing policies. 
Under No Data-Sharing Policy, the manufacturer can freely choose whether to share 
the data. In contrast, under Data-Sharing Policy, it is mandatory for the manufac-
turer to share a minimum amount of data. In both settings the manufacturer chooses 
the effort to generate and prepare the data. We assume that data sharing affects the 
data provider’s value of the data. Our main results are as follows.

3  Other fiercely debated issues in science and policy are that the Data Act in its current form may 
threaten the protection of know-how and the confidentiality of industry trade secrets and that a reverse 
flow of data from service providers to product manufacturers is not foreseen in the Data Act.
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First, we find that the implementation of a data-sharing policy has ambiguous 
welfare properties. It has positive welfare properties if the data receiving firm does 
not pay too much for the data and benefits enough from the data provider’s data gen-
erating effort while the intensified competition due to data sharing is not too harmful 
to the data provider. In contrast, it will always have negative welfare properties if the 
data provider’s minimum amount of data to be shared under the policy is prohibi-
tively high such that no data is created in the first place. Next, our results suggest 
that a positive effect of data sharing on the data-generating company’s value of the 
data and its data economy readiness positively affect the incentives to share data. We 
also find conditions on the imposed minimum amount of data to be shared such that 
the manufacturer will not create any data under a data-sharing policy. Finally, we 
find that data sharing under a data-sharing policy leads to a lower data quality if the 
data economy readiness of the data-generating company is too low.

The remainder of the paper is organised as follows. Section 2 provides an over-
view of the literature on industrial data sharing and data economy readiness. In 
Sect. 3, we set up a simple model of industrial data sharing. Section 4 presents our 
results. In Sect. 5, we discuss our results, and Sect. 6 concludes.

2 � Literature

The European Commission published a Proposal “for a Regulation on harmonized 
rules on fair access to and use of data” (Data Act) in February 2022 (European 
Commission, 2022). The conclusions of the 2020 council meetings on the Data Act 
highlighted the importance for ready-available high-quality data (European Council, 
2020). The Data Act builds upon this by stating the following in Article 114(1): 
“The same dataset may potentially be used and reused for a variety of purposes and 
to an unlimited degree, without any loss in its quality or quantity.” Hence, the Data 
Act aims for consistent data quality and quantity between the creation of the data to 
the purchase and the re-use of data. Based on this, the question whether the quality 
and quantity of data remains unchanged in a regulated data market is at the core of 
the present study.

The Data Act stresses possible benefits of industrial data sharing to increase inno-
vation through lowering the barriers of entry and decreasing data monopolies by 
stating the following in Article 25: “The data tends to remain under the control of 
the manufacturers, making it difficult for users to obtain value from the data gener-
ated by the equipment they purchase or lease. Consequently, there is limited poten-
tial for innovative smaller businesses to offer data-based solutions in a competitive 
manner and for a diverse data economy in Europe.” Hence, the Data Act acknowl-
edges that data has a direct influence on the business performance and therefore the 
revenue of companies (see also Richter & Slowinski (2019)). Generally, the Data 
Act extends the “Data Governance Act” of 2020 by suggesting possible ‘horizon-
tal’ rights and mandatory provisions on Business-to-Business (B2B) data exchange. 
Notably, in the setting suggested by the Data Act, the commercialisation of data is 
not fully specified (Metzger & Schweitzer, 2022). Hence, it is still uncertain how 
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businesses will be motivated to share their data or whether they are possibly forced 
to share it. Therefore, in our model outlined in Sect. 3, we provide an analysis of dif-
ferent scenarios.

2.1 � Industrial data sharing

As Prüfer and Schottmüller (2021) and Zuboff (2019) suggest, companies collect data 
on their users which in return helps them to adapt their products to the users’ prefer-
ences. This, in turn, increases sales which leads to decreasing marginal costs of inno-
vation. This may lead to a first-mover advantage with a tendency to monopolization 
where the increasing data-driven indirect network is unachievable for new entrants 
which ultimately may hinder their innovativeness (Prüfer & Schottmüller, 2021).

Intervening in the market by forcing data-generating companies to share their data 
to governments is a fiercely debated issue in science and policy (see, for instance, 
Martens & Duch-Brown (2020)). This idea gained support at the beginning of the 
Covid-19 pandemic when public voices demanded that Google should allow govern-
ments to access location data to decrease infestation (Cukier et al., 2022).

Currently, market failures hinder market-sharing opportunities due to data 
monopolies, high transaction costs of data sharing, possible risks associated with 
data sharing, and low incentives of companies to share their data (Martens et  al., 
2020).4 Notably, industrial data sharing may be a way to address the issue of data 
monopolization.

Overall, one may distinguish the market for data into a semi-public market or a 
private market where data is provided in exchange for a payment. In our model, the 
first scenario under study is similar to a private, unregulated data market where, under 
certain conditions, industrial data will not be provided in the absence of a data-shar-
ing policy. An important aspect of the model is that the value and quantity of the data 
for re-use purposes depend on the effort to generate and prepare it in the first place. 
In addition, they depend on the data-generating company’s data economy readiness.5 
However, under the second scenario under study, our model assumes the presence 
of a data-sharing policy which requires companies to provide a minimum amount 
of data. Based on this, important economic issues such as the quality of data and the 
cost to supply it in a usable, readily available format are addressed in our model.

The economics literature on industrial data sharing is still relatively scarce. Nota-
ble exceptions are Koutroumpis et al. (2020), Martens et al. (2020), and Martens and 
Duch-Brown (2020).6 Our paper is related to Mueller-Langer and Andreoli-Versbach 

4  See also van Panhuis et al. (2014) for an overview of the impediments for data sharing in public health.
5  Data economy readiness is often also referred to as data readiness. Henceforth, we use the two terms 
interchangeably.
6  For interesting parallels, see also the recent literature on academic data sharing (Alter & Gonzalez, 
2019; Fecher et al., 2015) See also Graef and Prüfer (2021) who set-up a model of industrial data sharing 
and appropriate governance frameworks. They suggest that monopolization, which is currently insuffi-
ciently regulated through the GDPR, must be mitigated. Based on this, they propose a governance frame-
work for data sharing which complements the GDPR and the Data Act. In particular, they put forward a 
‘Data Pool’ in which data-generating companies pool their anonymized data.
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(2018) which studies the effect of mandatory data disclosure on the data-sharing 
incentives and welfare in science. Our paper differs from Mueller-Langer and 
Andreoli-Versbach (2018) in several important aspects. First, we consider indus-
trial data sharing where–while data may be shared even if the price of data equals 
zero–we also allow for monetary incentives that may spur data sharing. In contrast, 
Mueller-Langer and Andreoli-Versbach (2018) consider a scenario where there 
are no monetary incentives for data sharing. Second, the model set-up in Mueller-
Langer and Andreoli-Versbach (2018) is specific to research and publication of 
empirical papers in science. In their model, data disclosure only occurs when the 
respective article is published in a journal with a mandatory data-disclosure policy, 
i.e., data disclosure would never occur without journal publication. In contrast, in 
our model voluntary data sharing may occur in the absence of a data-sharing policy 
if data sharing has a sufficiently large positive effect on the data producer’s value of 
the data. Third, we account for the data readiness of the data producer and the data-
receiving firm while Mueller-Langer and Andreoli-Versbach (2018) do not account 
for this aspect.

Overall, recent literature on the barriers for industrial data sharing suggests that 
the likelihood of data sharing decreases in the cost of data production (Azkan et al., 
2022; Johnson et  al., 2017; Arnaut et  al., 2018; Frontier Economics, 2021; Godel 
et al., 2022; Martens et al., 2020; OECD, 2019). In a similar fashion, prior literature 
on the barriers for data sharing in science suggests that the cost of data produc-
tion negatively affect the likelihood that data-producing researchers share their data 
(Costello, 2009; Feigenbaum & Levy, 1993; Kim & Stanton, 2013; McCullough 
et al., 2006).7

Based on the aforementioned arguments and findings, our analysis explores the 
incentives of actors to share their data while accounting for effort cost, data quantity, 
data quality and data value.

2.2 � Data readiness

Büchel and Engels (2022) assess a company’s data readiness by measuring their 
data storage capacities, data management and processing level as well as their usage 
of the data.8 In their survey, they discover that 71% of the participating companies 
have a low level of data readiness. As part of their questionnaire they also examine 
the participating companies’ current data-sharing activities. They report a low level 
of data-sharing activity correlating with a low level of data readiness. Moreover, the 
process of preparing the data for sharing can also depend on the technical attrib-
utes of data, e.g., the data’s volume, velocity, variety, viscosity, and veracity (Olama 

7  Andreoli-Versbach and Mueller-Langer (2014) provide evidence that, once the cost of data produc-
tion and preparation are sunk due to the publication of an empirical article in a scientific journal with 
a mandatory data-disclosure policy, the likelihood of voluntary data sharing - via public data archives 
- increases.
8  In contrast, in the medical field, the term ‘data readiness’ refers to the idea that data is directly usable 
for a specific application (Douthit et al., 2021).
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et al., 2014). These dimensions influence a company’s data readiness. For example, 
if the data variety of a given company is high, e.g., the data is from many different 
sources, it might need more effort to combine these data into a single bundle, which 
can then be shared. Another framework to assess the complexity of data readiness 
is proposed by Castelijns et al. (2020). They introduce “bands” (C, B, A, AA, and 
AAA) that stand for the level onto which a company’s data readiness can be classi-
fied.9 Overall, these findings suggest that a company’s data readiness is quantifiable 
and affecting its data-sharing abilities. In our model, we distinguish between the 
data readiness of the data producer and the one of the data-receiving firm.

2.3 � Data cost, data quality, and data value

The introduction of the GDPR required companies to change their data gathering, 
processing and usage strategies. In some cases, the costs for the usage of some spe-
cific data types which were majorly relevant before the implementation of the GDPR 
became obsolete due to its high costs of anonymization or processing according to 
the GDPR rules (Barati et al., 2020). Hence, the costs of data to prepare to adhere 
to regulations is an important driver of the decision to fetch and save the data. In the 
following, we will address the cost of preparing data and its effect on the quantity, 
quality and value of the data in more detail.

Recent works suggest that legal concerns and data security issues, e.g., data leakage 
to third parties and data abuse, pose a significant hurdle to the willingness of compa-
nies to share data (Azkan et al., 2022; Demary et al., 2019; Krotova et al., 2020; Röhl 
et al., 2021; Yaodong & Shuai, 2022).10 This directly influences the costs of prepar-
ing the data. For instance, when the risk of data abuse increases, the costs to encrypt 
the data will ceteris paribus also increase. Errors and lengthened processes to conduct 
analyses are a typical sign of lower data quality. Accordingly, the quality of data is 
directly related to the effort spent in creating and cleaning it (Batini et al., 2009). For 
example, data standardization, linkage and schema integration are tasks which are pre-
ventive costs to ensure that higher data quality is achieved (Eppler & Helfert, 2004).

Existing data-sharing pools in the medical field show that, if data with low qual-
ity is shared, incremental costs arise when such data is combined with higher-quality 
data for AI models (Skripcak et al., 2014). Hence, the data quality not only directly 
relates to the effort to gather and clean the data prior to sharing but also impacts the 
costs of the data receiver when including and re-using it.

The nominal value of data is determined by many different internal and external 
factors (see, for instance, Duch-Brown et al. (2017)). Data value is not only based on 
the demand for the data (individual value) but also on its effect on the business area 
or industry (economic value). The different kind or type of data ultimately influences 
the value of the data set. This may be particularly true if we assume that the initial 
value of the data is equal to the cost of production of the data plus a factor x for profit. 
For example, location data is a relatively readily available source for some data-driven 

9  Their assessment includes parts from both Olama et al. (2014) and Büchel and Engels (2022) such as 
quantity and management evaluation. It also includes a welfare and legal analysis.
10  See also Chen et al. (2019).
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companies as their products or services are location dependent such that the location 
of a user is asked for, e.g., delivery services, marketplaces, or dating apps. Therefore, 
location data will have a relatively low production cost in this case. For such compa-
nies, the value of location data—if only measured by its costs of production—might 
be low as their efforts to gather this type of data are relatively low. Other compa-
nies, however, might struggle to gather location data as their products or services are 
location independent or only require a country location (e.g., e-commerce, retail, or 
news). Research has shown that location data is a key driver to generate high returns 
on marketing campaigns for online retail, also known as geo-marketing (Andrews 
et al., 2016). Hence, for those companies, the value of location data is relatively high 
leading to a high-demand of location data which in return would increase the profit of 
the company which can gather location data at a low cost.

Finally, using a data-sharing platform in farming as an example, Wysel et al. (2021) 
show that managing data is a key part of the cost of data while it also positively influ-
ences the value of data. Distinguishing between efficient and sustainable data-value 
creation, their analysis suggests that data-value creation depends on the effort to pre-
pare the data. Applying this concept to our model, this means that companies which 
opt for efficient data-value creation might opt to save costs when preparing data for 
purchase. For instance, they may reduce data-cleaning actions which, in turn, reduces 
the value of the data. In contrast, companies which aim to create sustainable data value 
may employ more advanced methods to clean the data. This, in turn, will ease the 
employment of the data once acquired, i.e., it will reduce the cost of data re-use.

Overall, prior literature suggests that the cost of data production and data sharing 
vary substantially across industries (Azkan et  al., 2022; Godel et  al., 2022; Grody 
et al., 2006). On the one hand, in the biomedical industry, the costs of creating clini-
cal trial data, scans, experimental and laboratory data are very high, e.g., high upfront 
investments in the technical equipment that scientists need to create and prepare such 
data. Rockhold et al. (2016) suggest that the cost and required resources for data shar-
ing are major barriers for the sharing of clinical trial data. Based on this, sharing of 
clinical trial data rarely occurs as overall costs are disproportionately high. On the 
other hand, there are industries where the cost of data production are relatively low 
because they are a by-product of another production process, with virtually no addi-
tional production cost for the data producer (Duch-Brown et al., 2017; Hugenholtz, 
2016). For instance, car manufacturers generate data about the emotional responses 
of their drivers with smart car systems with relative low effort (Swan, 2015). Another 
example is eBay’s market price data being a by-product of its auction activities. In 
this case, there is arguably no reason for the data producers to stop the data produc-
tion process even if they do not generate any profits from granting data access to third 
parties. Notably, eBay shares a large variety of market price data and other sales data 
via several application programming interfaces (APIs).11

11  See https://​devel​oper.​ebay.​com/​devel​op/​apis/​restf​ul-​apis, last accessed 13 July 2023. See also eBay’s 
Terapeak tool that gives users broad access to sales data  (https://​www.​ebay.​com/​help/​selli​ng/​selli​ng-​
tools/​terap​eak-​resea​rch?​id=​4853#​secti​on1, last accessed 13 July 2023.

https://developer.ebay.com/develop/apis/restful-apis
https://www.ebay.com/help/selling/selling-tools/terapeak-research?id=4853#section1
https://www.ebay.com/help/selling/selling-tools/terapeak-research?id=4853#section1


1 3

European Journal of Law and Economics	

Finally, prior works also suggest that the value spillovers of data and overall 
effects of mandatory data sharing may vary across industries (de Vries et al., 2023; 
Teeters et al., 2008). For instance, in the computational neuroscience industry, com-
putational models are developed that integrate experimental data in order to explore 
the brain function. The experimental data is typically acquired by highly special-
ized experimenters. However, theorists that are highly specialized in analysis meth-
ods often do not have access to the experimental data leading to a sub-optimal level 
of exploitation of existing data sets (Teeters et al., 2008). Based on this, there are 
high value spillovers of data and data sharing as only the combination of datasets 
from several sources may promote the productivity of the industry by allowing new 
insights, meta analyses, and a better match of skills and resources. Connected to this, 
mandatory data sharing is likely to have a positive effect on the overall productivity 
of the neuroscience industry (Teeters et al., 2008). In contrast, industrial data shar-
ing may have a negative effect in highly competitive industries where proprietary 
and highly sensitive information play a crucial role, e.g., the banking, pharmaceuti-
cal or healthcare industries (He et al., 2023; Ke & Sudhir, 2023; Stach et al., 2022). 
In this case, data sharing may reduce the competitive advantage associated with the 
data and lead to safety and privacy issues (Godel et al., 2022; Martens et al., 2020; 
OECD, 2019).

Based on the aforementioned arguments and findings, we assume in our model 
that the effort to gather and clean data positively affects (a) the quantity of the data, 
(b) the data-creating company’s value of the data, and (c) the data-using company’s 
value of the shared data.

3 � A simple model of industrial data sharing

Following Mueller-Langer and Andreoli-Versbach (2018), we set-up a simple model 
of industrial data sharing. We analyze the optimal effort choices of a manufac-
turer, M, to create and prepare data and to share the data with another company, C, 
who may re-use the data for her own business purposes. In our three-stage model, 
t = 0, 1, 2 , the incentives to create, prepare and share data depend on two factors. 
First, it depends on the impact that data sharing has on the manufacturer’s utility. 
Second, M’s incentives to share data will depend on her data readiness. The idea 
behind this aspect is that if M’s data readiness is low, she incurs higher cost of creat-
ing, preparing and sharing the data to C. For instance, the lower M’s data readiness, 
the higher will be her cost of setting up and implementing a data-sharing ecosystem, 
and the lower will ceteris paribus be her incentives to share the data.

We study two data-sharing policies. Under No Data-Sharing Policy (hence-
forth, NP), M can freely choose whether to share the data. In contrast, under 
Data-Sharing Policy (henceforth, P), it is mandatory for M to share a certain 
amount of data with C. The motivating example for the data-sharing policy under 
study is the EU Data Act, which establishes access requirements for the industry 
to provide data. We explore under which conditions this may increase the effort 
cost of the data-generating company thereby reducing the incentives to invest in 
data creation.
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Under both policies, M chooses the effort to create and prepare the data in stage 
0, e0 . For simplicity, we assume that the quality of the data is equal to the effort 
to create it. The cost of data creation and preparation incurred by M are given by 
cM =

1

2
e2
o
 . M’s value of the data depends positively on e0 . Provided that the data 

is shared, C’s value of the data also depends positively on e0 . In t = 1 , M decides 
whether to share the data. In t = 2 , provided that the data is shared, C generates util-
ity from re-using the shared data. If the data is shared, C exerts effort ec . The cost of 
using the data incurred by C are given by cC =

1

2
e2
c
 . Let vM be M’s value of the data. 

We assume that vM depends positively on e0 . The intuition behind this assumption 
is as follows. The higher the effort in data creation and preparation, the higher will 
be the quality and quantity of the data and thus M′s value of the data. In addition, 
M′s value of the data is directly affected by her data readiness. The underlying idea 
is that companies with a higher data readiness can ceteris paribus store, manage and 
process their data more efficiently. M′s data readiness is given by �M with 𝛼M > 0.

In our model, M chooses the effort to create the data taking the market price 
of the data, p, as given.12 The quantity of the data is given by x(e0) = �M ⋅ e0 . It 
depends positively on both M’s effort to create and prepare the data as well as on 
M’s data readiness.

As Fig. 1 illustrates, there are four possible scenarios.
Under NP, M may choose to (1) not share the data with C in t = 1 (henceforth, 

indicated by NPno_share ) and (2) share it with C in t = 1 ( NPshare ). In the latter case, C 
generates utility by re-using the data in t = 2 , while he does not generate any utility 
in t = 2 in the former case.

Under P, there are regulatory requirements for M on the minimum amount of data 
to be shared, as given by x̄ . Arguably, if x̄ is prohibitively high, the manufacturer 
may find it optimal not to invest in the creation and preparation of the data under a 
data-sharing policy. Based on this, we consider two possible scenarios under P. (3) 
M chooses an effort in t = 0 , which leads to data sharing in t = 1 ( Pshare ). (4) Due to 
a prohibitively high minimum quantity of data to be shared, x̄ , M finds it optimal to 
not exert any effort to create and prepare the data in t = 0 such that data sharing does 
not take place in t = 1 ( Pno_share).

We assume that M′s value of the data changes when it is shared with C. The 
underlying idea is that data sharing may have countervailing negative and positive 
effects on M depending on the exogenously given competitive environment under 
which M and C operate in the product market, which in turn will depend on the type 
of M′s data. In our model, we account for these possibly countervailing effects as 
follows. � , with 0 < 𝛽 , measures the extent to which M′s value of the data changes 
when it is shared with C.

If 0 < 𝛽 < 1 , the negative effects of data sharing on M′s value of the data more 
than outweigh its positive effects. In this case, by sharing the data, the data-generat-
ing company may reduce its competitive advantage associated with the data by too 

12  See also Sect.  5.2 where we explore the case that, following Article 4(1) of the Data Act, M is 
required to provide the data to C free of charge, i.e., we assume that p̄ = 0.
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much (Godel et al., 2022).13 In addition, one may argue that data sharing not only 
allows competing companies to re-use the shared data, adding value to their own 
data, but also to expose the data-sharing company’s data gathering methods or the 
type of data they collect. Based on this, data sharing may have a negative overall 
effect on the data-sharing company’s value of the data. In the aforementioned cases, 
� would be rather low and, in the extreme, tend toward zero.

In contrast, our model also captures the case that 𝛽 > 1 , i.e., the competitive envi-
ronment and the type of M′s data is such that the positive effects of data sharing 
on M′s value of the data dominate. This may arguably be the case if the data is 
re-used as a form to create a new data set which is functionally different. In this 
case, the data-using downstream innovator C would not compete against the crea-
tor of the original data set M but instead would complement the data (Duch-Brown 
et al., 2017). Hence, there would be no competition due to the re-use of data and 
M′s incentives would be fundamentally different as compared to a situation where 
the entrance of a new competitor in the market may lead to economic downturns. 
In addition, data sharing may have a positive effect on M’s reputation (Singh et al., 
2020; Thomas & Leiponen, 2016). In this case, � may be large and, possibly, larger 
than one.

Fig. 1   Timing of interactions

13  In their study on data-driven mergers, de Cornière and Taylor (2022) argue in a similar fashion. They 
suggest that the incentives for data-driven mergers will be higher the larger is the role that data plays in 
competition.
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In the following Sect. 3.1, we consider the two cases under NP as illustrated by 
Fig. 1. Then, we consider the two cases under P.

3.1 � No industrial data sharing policy

We first consider the no-data-sharing case under NP. Then, we explore data sharing 
under NP.

3.1.1 � No data sharing

In this scenario, M chooses effort e0 to create and prepare the data but does not share 
it with C. M’s maximization problem is given by:

where M’s value of the data is given by vM,NPno_share = �M ⋅ e0 , with 𝛼M > 0 . The sec-
ond term on the right-hand side of Equation (1) indicates M’s cost of data creation 
and preparation, cM =

1

2
e2
o
.

As no data are shared under this scenario, C’s utility equals zero.

3.1.2 � Data sharing

In the second scenario, M chooses effort e0 to create and prepare the data and shares 
the data with C. M’s maximization problem is given by:

where M’s value of the data is given by vM,NPshare = � ⋅ �M ⋅ e0 with 𝛽 > 0 and 
𝛼M > 0 . It increases in the extent to which the positive effect of data sharing domi-
nates, as given by an increasing � , and in M’s data readiness. The second term on 
the right-hand side of Equation (2) is the product of the price at which the data is 
shared with C, p, and the quantity of the data x(e0) = �M ⋅ e0.

C’s utility depends on M’s effort to create and prepare data, its own data readi-
ness, as given by 𝛼C > 0 , its own effort, eC , and parameter � , 0 < 𝜅 < 1 . � reflects 
the fact that C only benefits partially from M’s data generating effort, e0 , as accord-
ing to the EU Data Act not all effort that M exerts has to be shared with C.14 Based 
on this, C’s utility is given by:

(1)uM,NPno_share = vM,NPno_share −
1

2
e2
o
,

(2)uM,NPshare = vM,NPshare + p ⋅ x −
1

2
e2
o
,

(3)uC,NPshare = vC,NPshare − p ⋅ x −
1

2
e2
C
,

14  According to the EU Data Act, data-producing firms only have to share raw data but not processed 
data nor inferred insights. In addition, they are allowed to withhold the data in order to protect trade 
secrets or avoid irreparable economic damage. We thank an anonymous referee for this suggestion.
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Proposition 1  (Data Sharing under No Data-Sharing Policy) (I) If � ≥ 1 , the data 
are always shared under no data sharing policy. (II) If 𝛽 < 1 , (i) the data is shared if 
p ≥ 1 − � , and (ii) it is not shared if p < 1 − 𝛽.

The intuition behind these results is as follows. For values � ≥ 1 , the positive 
effect of data sharing dominates and the manufacturer is willing to share her data at 
any price, i.e., she will share the data even if the price is zero. For values 𝛽 < 1 , the 
manufacturer’s willingness to share her data depends on the relation between � and 
p. If � is very low, the manufacturer will be willing to share her data only if p is suf-
ficiently high. If, however, � is close to 1, the manufacturer will be willing to share 
her data even if p is very low.

4.2 � Data sharing policy

We explore the question under which conditions on the imposed minimum amount 
of shared data, x̄ , M will not create any data under P.

Proposition 2  (No Data Sharing under Data-Sharing Policy) (I) Under a data-shar-
ing policy, the data is not shared if, for the minimum required quantity of shared 
data, x̄ , the following condition holds: x̄ > 𝛼2

M
(𝛽 + p) . (II) The data is shared if 

x̄ ≤ 𝛼2

M
(𝛽 + p).

The intuition behind these results is as follows. The higher x̄ , the lower is ceteris 
paribus the likelihood that the manufacturer is willing to share her data. The lower 
M′s data readiness, as given by a lower �M , the higher is the likelihood that the con-
dition specified in (I) holds. In addition, the larger the extent to which the nega-
tive effects of data sharing on M′s value of the data outweigh its positive effects, 
as given by a lower � , the higher is the likelihood that the condition specified in (I) 
holds. Note that, in (II), data sharing may occur even if p = 0 , i.e., this is the case 
when �M and � are sufficiently high.

4.3 � Welfare effects of the transition from NP to P

We explore the question under which conditions the transition from NP to P leads 
to a deterioration in the quality of the shared data as given by the effort to create it.

Proposition 3  (Lower Data Quality under Transition from NP to P) (I) If � ≥ 1 
the transition from NP to P leads to lower data quality if 𝛼2

M
(𝛽 + p) < x̄ . (II) If 

0 < 𝛽 < 1 and i) p ≥ 1 − � the transition from NP to P leads to a lower data quality 
if 𝛼2

M
(𝛽 + p) < x̄ ; and ii) if p < 1 − 𝛽 the transition from NP to P always leads to a 

lower data quality. (III) In all other cases, the transition from NP to P has no effect 
on the quality of the data.
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where vC,NPshare = � ⋅ e0 ⋅ eC ⋅ �C.

3.2 � Industrial data sharing policy

Under a data-sharing policy, M chooses effort e0 to create and prepare the data and 
shares the data with C under the condition that x(e0) = 𝛼M ⋅ e0 ≥ x̄ . M’s maximiza-
tion problem is given by:

where M’s value of the data is given by vM,Pshare = � ⋅ e0 ⋅ �M.
C’s utility is given by:

where vC,Pshare = � ⋅ e0 ⋅ eC ⋅ �C.
Here, the main aspect of the model is the following. If the imposed minimum 

amount of data to be shared x̄ is sufficiently small, M will choose an effort e0 , which 
leads to data sharing data under P ( Pshare ). To illustrate, consider the extreme case 
that x̄ = 0 . In this case, M’s optimization problem under Pshare is equivalent to 
the one under NPshare . However, if x̄ is prohibitively high, the negative effects of 
shared data on M may be so high that M omits data sharing by not creating any data 
( Pno_share ). To illustrate, consider the extreme case that x̄ tends to infinity. In this 
case, M will find it optimal not to create any data. In Proposition 2, we derive the 
conditions on x̄ under which there is no data sharing under P.

4 � Results

Table 1 summarizes the results for M’s optimal effort to generate and prepare the 
data, M’s utility, the quantity of the data, and overall welfare, as given by the sum 
of M’s and C’s utility, for each regime illustrated in Fig. 1. We calculate the wel-
fare level for each scenario to analyze whether there are parameter constellations in 
which data sharing is not optimal for the producer but optimal for society. Note that, 
as Table 1 illustrates, the overall welfare depends on the data readiness of both the 
data producer and the data-receiving firm if the data is shared under NP and P. The 
proofs behind these results are straightforward and are, thus, omitted here.15

4.1 � No data sharing policy

We explore the question under which conditions data is shared under no data-shar-
ing policy.

(4)uM,Pshare = vM,Pshare + p ⋅ x −
1

2
e2
0
, under the condition that x(e0) ≥ x̄,

(5)uC,Pshare = vC,Pshare − p ⋅ x −
1

2
e2
C
,

15  All proofs are available upon request.
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The intuition behind these results is as follows. (I) If � ≥ 1 the manufacturer will 
always share her data under NP with e0,∗NPshare

= �M(� + p) . The transition from NP 
to P will lead to lower data quality if the manufacturer decides not to share any data 
with e0,∗Pnoshare

= 0 . This is the case if x̄ is sufficiently high with x̄ > 𝛼2

M
(𝛽 + p).

(II) If 0 < 𝛽 < 1 and i) p ≥ 1 − � the manufacturer always shares her data under 
NP with e0,∗NPshare

= �M(� + p) . This level of data quality can only be achieved 
under P if x̄ ≤ 𝛼2

M
(𝛽 + p) , i.e., data sharing takes place under P. In contrast, if 

x̄ > 𝛼2

M
(𝛽 + p) the transition from NP to P lowers the data quality as no data are 

generated by the manufacturer. (ii) If p < 1 − 𝛽 the manufacturer does not share her 
data under NP with e0,∗NPnoshare

= �M . If x̄ > 𝛼2

M
(𝛽 + p) no data are generated under 

P with e0,∗Pnoshare
= 0 . Thus, e0,∗NPnoshare

> e0,
∗

Pnoshare
 . In contrast, if x̄ ≤ 𝛼2

M
(𝛽 + p) the 

manufacturer shares her data under P with e0,∗Pshare
= 𝛼M(𝛽 + p) < 𝛼M = e0,

∗

NPnoshare
 if 

p < 1 − 𝛽.
(III) If the data is shared under both NP and P, it will have the same quality. 

Finally, note that the transition from NP to P can never lead to a higher data qual-
ity. The intuition behind this result is the following. From Table  1 we can see 
that the transition from NP to P may only have a positive effect on e∗

0
 if M does 

not share the data under NP while she shares the data under P. This is the case if 
e0,

∗

NPnoshare
< e0,

∗

Pshare
 with 𝛼M < 𝛼M(𝛽 + p) from which follows 1 < 𝛽 + p . This, how-

ever, contradicts the condition for no data sharing under NP in Proposition 1(ii) that 
1 > 𝛽 + p.

Now, we analyze the overall welfare effects of the transition from NP to P.

Proposition 4  (Ambiguous Welfare Effects of Transition from NP to P) (I) If � ≥ 1 
the transition from NP to P leads to a lower welfare level if 𝛼2

M
(𝛽 + p) < x̄ . (II) If 

0 < 𝛽 < 1 and i) p ≥ 1 − � the transition from NP to P leads to a lower welfare level 
if 𝛼2

M
(𝛽 + p) < x̄ . ii) If p < 1 − 𝛽 the transition from NP to P has negative effects on 

welfare if 𝛼2

M
(𝛽 + p) < x̄ . If 𝛼2

M
(𝛽 + p) ≥ x̄ , the transition from NP to P has positive 

welfare effects for the following parameter constellations: 𝛼2

C
⋅ 𝜅2 >

1+p2−𝛽2

(𝛽+p)2
 . For 

𝛼2

C
⋅ 𝜅2 <

1+p2−𝛽2

(𝛽+p)2
 , the transition from NP to P has negative welfare effects. (III) In all 

other cases, the transition from NP to P has no effect on welfare.

The intuition behind these results is as follows. (I) If � ≥ 1 the manufacturer 
will always share her data under NP. The transition from NP to P leads to a 
decrease in welfare if the manufacturer decides not to share any data under P with 
W∗

Pnoshare
= 0 . This is the case if the regulatory requirements on the data quantity x̄ 

are prohibitively high with x̄ > 𝛼2

M
(𝛽 + p) . (II) If 0 < 𝛽 < 1 and i) p ≥ 1 − � the 

manufacturer always shares her data under NP. This welfare level can only be 
achieved under P if x̄ ≤ 𝛼2

M
(𝛽 + p) , i.e., data sharing takes place under P. In con-

trast, if x̄ > 𝛼2

M
(𝛽 + p) the transition from NP to P lowers the welfare level as the 

manufacturer decides not to share her data anymore. (ii) If p < 1 − 𝛽 the manu-
facturer does not share her data under NP with W∗

NPnoshare
=

1

2
⋅ �M . If x̄ > 𝛼2

M
(𝛽 + p) 

no data are generated under P with W∗

Pnoshare
= 0 . In this case, the welfare effect of 
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a transition from NP to P is negative. In contrast, if x̄ ≤ 𝛼2

M
(𝛽 + p) the manufac-

turer shares her data under P and the overall impact on welfare depends on the 
relation between W∗

NPnoshare
 and W∗

Pshare
 . We obtain that, for certain parameter con-

stellations of �C, �, p and � , overall welfare increases, i.e., W∗

NPnoshare
< W∗

Pshare
 . In 

Fig. 2a and b, we display different parameter constellations for which the overall 
welfare effect is positive.

(III) If the data is shared under both NP and P, the transition from NP to P will 
have no effect on welfare.

Finally, note that, in contrast to Proposition 3 where the transition from NP 
to P can never lead to an increase in data quality, here the transition can lead to 
an increase in welfare. The three-dimensional Fig. 2a and b illustrate this aspect. 
In both figures, the price at which the data is sold, p, is given by the x-axis. The 
y-axis shows the extent to which data sharing has a negative effect on M’s value 
of the data, � . The extent to which C (partially) benefits from M’s data generating 
effort, � , is given by the z-axis.

In Fig. 2a we consider the case where the data readiness of C is relatively low, 
i.e., we set �C = 0.75 . In Fig. 2a, the orange area is given by parameter constella-
tions where both welfare levels are equal, i.e., W∗

NPnoshare
= W∗

Pshare
.16 Fig.  2a shows 

that, above the orange area, there exist parameter constellations for � , � and p for 
which the overall welfare effect of the transition from NP to P is positive. The grey 
area represents all parameter constellations where � reaches its maximum value, 
i.e., it tends toward one. For all parameter constellations below the orange and grey 
areas, the welfare effect is negative. We observe the following three aspects from 
the grey area in Fig. 2a. First, data sharing can never have positive welfare proper-
ties if � tends toward zero, i.e., data sharing has the largest possible negative overall 
effect on M’s value of the data. Second, data sharing can never have positive welfare 
properties if the price of the data, p, tends toward one. Third, if � tends toward zero, 
such that C hardly benefits from M’s data generating effort, for almost all parameter 
constellations of � and p, data sharing can never have positive welfare effects. Based 
on this, for data sharing to have positive welfare properties the following conditions 
have to be satisfied: p is sufficiently low while � and � are sufficiently close to one. 
Stated differently, data sharing has positive welfare properties if C does not pay too 
much for the data and benefits enough from M’s data generating effort while M’s 
value of the data does not decrease by too much if the data is shared.

In Fig. 2b, we consider the case where the data readiness of C is relatively high, 
i.e., we set �C = 1.5 . Comparing the orange areas in Fig. 2a and b, we can see that 
the orange area and the set of parameter constellations for � , � and p above the 
orange area, for which the welfare effect is positive, are larger in Fig. 2b. This is due 
to the relatively higher data readiness of C in Fig. 2b as compared to Fig. 2a.

16  This is the case when �2

C
⋅ �2 =

1+p2−�2

(�+p)2
 with 0 < 𝛽 < 1 and p < 1 − 𝛽 (see Proposition 4II).
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5 � Discussion

5.1 � Assumptions

In our model, data sharing may occur under NP and P even if p = 0 . However, we 
also consider the case where data can be traded at a positive price. In this regard, 
we follow a recent strand of economics literature on data markets (Bonatti & Berge-
mann, 2012; Bergemann et  al., 2022; Acemoglu et  al., 2022; Koutroumpis et  al., 
2020).17 Here, the underlying assumption is that the data can be directly exchanged 
between M and C. However, one may also think of a scenario where a third party 
intermediates between M and C.18 For instance, data-sharing platforms may provide 
the technical infrastructure for the exchange of data between multiple parties. From 
an economic perspective, their key function is to facilitate data sharing by lowering 
transaction costs through combining different data sources and matching users and 
suppliers (see Richter and Slowinski (2019)). For instance, in the context of access 
to digital car data, a “neutral server” architecture is discussed whereby data storage 
and data processing will be provided by a third-party data intermediary (Martens 
& Mueller-Langer, 2020). An example for a car-data platform is Otonomo, which 
provides real-time and historical traffic data to its customers in exchange for a pay-
ment.19 While the analysis of data intermediaries is beyond the scope of the present 
paper, it is an interesting idea for further research.

Fig. 2   Positive welfare properties of the transition from NP to P. Notes: a and b illustrate parameter con-
stellations where the overall welfare effect of a transition from NP to P is positive. In both figures, the 
orange area is given by parameter constellations where overall welfare is the same under both NP and P. 
For parameter constellations above the orange area the transition from NP to P has positive welfare prop-
erties. The orange area and the set of parameter constellations for � , � and p above the orange area are 
larger in b than in a. This is due to the relatively higher data readiness of C in b 

17  See also Drexl (2017) for a proposal for designing competitive markets for industrial data from a com-
petition law perspective.
18  In the context of personal consumer data, see Ichihashi (2021) for a model of competition between 
data intermediaries.
19  See https://​otono​mo.​io/. Another example is the car-data platform Caruso (https://​www.​caruso-​datap​
lace.​com). See also Wysel et al. (2021) for an analysis of data-sharing platforms for agricultural data.

https://otonomo.io/
https://www.caruso-dataplace.com
https://www.caruso-dataplace.com
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We also assume that M′s incentives to share data depend on her data economy 
readiness as given by �M . Recent survey evidence from 1,002 companies from indus-
trial and industrial-related service sectors in Germany provides empirical support 
for this assumption (Büchel & Engels, 2022). Büchel and Engels (2022) suggests 
that there is a positive correlation between a company’s data economy readiness and 
the role that data sharing plays for the company. This study also provides empirical 
evidence that 71% of the surveyed companies are not data-economy ready and that 
for 73% of them data sharing plays no role. Based on this, one may argue that the �M 
and �C parameters in our model may be rather low.

Finally, we assume that, under P, there is a regulatory requirement on the mini-
mum quantity of data to be shared by the manufacturer. One can think of alternative 
ways how such a data-sharing policy may be implemented. We outline a possible 
extension of the model with respect to the price of data in Sect. 5.2.

5.2 � Extensions

5.2.1 � Free‑of‑charge data sharing

An interesting extension of the model might be to explore additional ways how the 
data-sharing policy may be implemented. For instance, consider the case that the 
regulator imposes a ceiling on the price of data, p̄ . While a full analysis of this case 
is beyond the scope of the present paper, we consider the main effects of p̄ = 0 in 
our model. This assumption is based on Article 4(1) of the Data Act which requires 
the data-generating company to make the data available to the data user “free of 
charge”. For p̄ = 0 , we obtain the optimal effort to create data, utility of M, quantity 
and welfare as given by Table 2.

Comparing the results reported in Tables 1 and 2, we can see that M′s optimal 
effort to create the data, M′s utility, the data quantity, and overall welfare under 
NPshare and Pshare would ceteris paribus decrease if p̄ = 0 and 𝛽 < 1 . That is, if the 
negative effect of data sharing on M′s value of the data more than outweighs its 
positive effect, one may argue that distorted incentives for data sharing and negative 
welfare properties of the transition from NP to P are ceteris paribus more likely to 
occur when a “free of charge” data-provision requirement is imposed on M along-
side a minimum amount of data to be shared. In contrast, if the positive effect of 
data sharing on the value of the data dominates, i.e., 𝛽 > 1 , there will be positive 
data-sharing incentives for M under NP and also under P even if p̄ = 0.

Table 2   Optimal effort to create data, utility, quantity, and welfare if p̄ = 0

Regime Effort Utility of manufacturer Quantity Welfare

NPno_share e∗
0
= �M u∗

M
=

1

2
⋅ �M x∗ = �M

2
W∗ =

1

2
⋅ �M

2

NPshare e∗
0
= �M ⋅ � u∗

M
=

1

2
(�M ⋅ �)2 x∗ = �2

M
⋅ � W∗ = (

�2�2
C
+1

2
)�2�2

M

Pshare e∗
0
= �M ⋅ � u∗

M
=

1

2
(�M ⋅ �)2 x∗ = �2

M
⋅ � W∗ = (

�2�2
C
+1

2
)�2�2

M

Pno_share e∗
0
= 0 u∗

M
= 0 x∗ = 0 W∗ = 0
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5.2.2 � Ideas for further research

An interesting idea for further research would be to explore the possibility of joint 
ventures driven by data sharing. In parallel to data sharing in science, where data 
sharing may lead to joint projects between the data-sharing researcher and the 
data-reusing researcher, industrial data sharing may lead to data-driven joint ven-
tures. While these joint ventures may have positive overall welfare properties due 
to increased overall innovation, they may also increase the data-sharing company’s 
value of the data. In the case of data-driven joint ventures, key questions are the 
degree of protection of databases and contractual solutions for data sharing and their 
implications on the re-use of the data (Duch-Brown et al., 2017; Fries & Scheufen, 
2019).20

In our model, we assume that the competitive environment under which M and C 
operate in the product market is exogenously given. In the model, this aspect is cap-
tured by the effect of data sharing on M′s value of the data, as measured by � . This 
simplifying assumption allows us to focus the present paper on studying the data-
producing firms’ incentives to share industrial data with service providers using 
their data while keeping the model tractable. However, it is an interesting avenue for 
further research to more explicitly explore the interaction between M and C in the 
product market.

Another interesting avenue for further research is to endogenize the data readi-
ness of M and C. In the present model, we treat �M and �C as exogenous param-
eters in order to be able to focus on the endogenous data-investment efforts and their 
impact on the welfare properties of a transition from NP to P. For follow-up work, 
we suggest to analyze the data readiness of the data producer and the data-receiving 
firm as endogenous variables that the firms can invest in. Relatedly, our results sug-
gest that the data readiness of firms may affect the overall benefits of a regulatory 
policy of data sharing. This in turn raises the question if and how the data readiness 
of firms may be promoted alongside the implementation of a regulatory policy of 
data sharing. In this respect, recent works on the obstacles of data sharing in dis-
ruptive technologies, e.g., autonomous systems, suggest that nudging, nodality and 
treasury policy tools such as industry guidelines in building robust data infrastruc-
tures, regulatory data-sharing sandboxes, or public-private collaborations may pro-
mote the data readiness of companies thereby decreasing technical, economic, and 
political barriers for data sharing (Tan et al., 2023; Tan & Crompvoets, 2022).

Another interesting idea for further research might be to address the specific role 
of the regulator or government in the context of industrial data sharing. In the pre-
sent paper, we consider business-to-business (B2B) data sharing following Martens 
et  al. (2020). Follow-up work may extend the model to business-to-government 
(B2G) data sharing following Martens and Duch-Brown (2020). While B2G data 
sharing is beyond the scope of the present paper, it is interesting to outline the new 

20  Arguably, there are parallels between the theoretical reasoning behind data sharing and licensing of 
patents. For instance, Richter and Slowinski (2019) argue that data sharing mirrors the theory of licens-
ing of patents where intellectual property rights influence the market and its innovation capabilities.
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players and decisions in this new model. In this case, one may introduce a third 
player in the model, i.e., the government G, in addition to M and C. Then, one may 
model the minimum amount of data to be shared, x̄ , as an endogenous decision of 
the government to maximize overall welfare.

6 � Conclusion

We set up a simple model describing the incentives of a company to invest in data 
creation, use data and share it with another company. We consider two regulatory 
scenarios taking into account the data economy readiness of the data-generating 
company and its competitive advantage associated with the data. First, under NP 
(“no data-sharing policy”), the data-creating company can freely decide whether 
or not to share data voluntarily. Second, under P (“data-sharing policy”), there 
is a regulatory requirement on the minimum quantity of data to be shared by the 
manufacturer.

The implementation of a data-sharing policy may distort incentives in two ways. 
First, it may reduce the data-generating company’s effort to create the data as data 
sharing reduces the competitive advantage associated with the data. Second, the 
imposed minimum quantity of data to be shared may be prohibitively high such that 
no data is created in the first place.

In terms of policy implications, our results suggest that the transition from NP to 
P is never beneficial to the data-generating manufacturer but may have positive wel-
fare properties. Based on this, policymakers may implement mechanisms to increase 
the incentives to create and share data. In this respect, the policy recommendations 
derived from our analysis are in line with the Data Act’s intention to maintain incen-
tives for manufacturers to continue investing in high-quality data generation by cov-
ering their transfer-related costs and excluding the use of the shared data in direct 
competition with their products.

Finally, our model allows us to derive exact conditions for positive welfare prop-
erties of a transition from NP to P. We obtain positive welfare properties if (i) the 
minimum-quantity threshold under P is not too restrictive, i.e., 𝛼2

M
(𝛽 + p) ≥ x̄ , and 

(ii) if 𝛼2

C
⋅ 𝜅2 >

1+p2−𝛽2

(𝛽+p)2
 holds. Condition (i) is ceteris paribus more likely to be met 

the higher is the data economy readiness of the data-generating company, �M . In 
addition, the second condition is ceteris paribus more likely to be met the more C 
benefits from M’s data generating effort, i.e., the higher is � , and the higher is C′s 
own data economy readiness, �C . Based on this, we argue that the estimation of �M , 
�C , and � at the industry level (or company level) is an important empirical exercise 
in the context of industrial data sharing. However, while the estimation of �M , �C , 
and � is beyond the scope of the present paper, we argue that, as companies in differ-
ent industrial sectors are likely to have different levels of data readiness and � , the 
welfare effects of a transition from NP to P may be different for different industrial 
sectors. This may eventually call into question the suitability of a “one-size-fits-all-
industries” approach for data-sharing policies.
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