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Abstract

The emergence of artificial intelligence and the need to train robust models has elevated the
value of data generated on digital platforms. This has precipitated growing efforts to restrict or
entirely cut off access to data generated on platforms. While the literature over the past decade
has emphasized the steady progression toward increasingly open data flows for value creation in
open collaboration, much less attention has been devoted to theorizing the ramifications of
increasingly restrictive data flows, leaving little guidance on how strategic management can
interpret and navigate platform value within these emerging trends. In this research, we develop a
framework that offers guidance on how decisions to open or restrict data flows can affect value
creation and value capture by key platform participants and the ecosystem as a whole in open
collaboration. Considering the nature of the data as being asymptotic versus non-asymptotic, we
theorize the paradox of data openness regarding value creation and value capture under different
data openness or restrictiveness regimes. The framework serves as a basis for a variety of future
research questions regarding the future of platforms in an Al and data landscape.
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Introduction
Digital platform ecosystems—comprised of digital platforms and participants—have been the
prime beneficiaries of the steady progression toward openness in collaboration for value creation
(Adner & Kapoor, 2010; Kretschmer et al., 2022). Open collaboration in digital platform
ecosystems is conceptualized as a system of innovation or production where goal-oriented yet
loosely coordinated participants interact to create a product (or service) of economic value
(Levine & Prietula, 2014). In this system, complementors and users play critical roles by actively
participating on digital platforms. Users engage in platform activities that generate valuable data,
while complementors leverage this data to create valuable products and services that benefit the
user base (Engert et al., 2025; Liu et al., 2024). Meanwhile, the platform owner acquires value
created by both users and complementors through their sustained engagement. In this open
collaboration, users, complementors, and platform owners emerge as essential participants,
collectively shaping the value proposition of the digital platform ecosystem.

The push toward openness in collaboration to facilitate value creation has been constant,
evolving from its inception in dyadic inter-organizational systems (e.g., Choudhury, 1997) to
interfirm collaboration networks (e.g., Burford et al., 2022) to realizing its full expression in
digital platforms (e.g., Parker et al., 2017; Rietveld et al., 2019). Although specific business
models vary, a common thread is that digital platforms embrace openness in the participation of
complementors and openness in data flows. By openness in data flows, we mean the free
movement of data generated during activities on digital platforms due to being openly available
for access, collection and storage to the parties involved (Ghazawneh & Henfridsson, 2013). The
impetus for this drive toward ever-greater openness is that it enables digital platform ecosystems

to continuously scale value creation and capture (Jacobides et al., 2018; McIntyre & Srinivasan,



2017; Parker & van Alstyne, 2018). Digital technology infrastructure has been a core enabler of
this evolution of interfirm collaboration from dyads to networks to platforms (Adner & Kapoor,
2010; Constantinides et al., 2018). These technologies enable efficient data sharing between
collaborating parties (e.g., Ceccagnoli et al., 2012). Today, application programming interfaces
(APIs) make it possible for complementors to build their own value-creating services that operate
on top of data generated on digital platforms (Parker et al., 2017; Schreieck et al., 2016; Xue et
al., 2019).

If the 2010s to 2020s have been about openness seeing its full expression in digital
platform ecosystems (e.g., Parker & Van Alstyne, 2018; Zhu et al., 2006), current indications are
that the emergence of intelligent agents—software algorithms that learn from data and are
capable of acting of their own accord—spells a potential moderation or even pull back of this
trend (Krdamer & Shekhar, 2025; van der Vlist et al., 2024). Two primary considerations underlie
this development. First, robust digital infrastructures have made it possible for digital platforms
to amass data assets of unprecedented scale in structured and unstructured forms (Nambisan et
al., 2017; Tilson et al., 2010). These data assets, constantly being updated through ongoing
participant activities, are a major source of competitive advantage for digital platforms (Baesens
et al., 2016). Second, intelligent digital technologies are becoming a major source of new value
creation (e.g., Gregory et al., 2021) and they rely principally on large-scale datasets to learn and
to improve their performance (Raisch & Krakowski, 2021). This suggests that there is a
distinctive advantage to the accumulation of large-scale data assets and generating user value
through data network effects (Gregory et al., 2021).

This development, regarding the distinctive value of data, presents new challenges for
open collaboration in digital platforms that existing literature has not directly addressed. For

digital platforms, maintaining openness in data flows raises the possibility that various actors will



have access to the same data assets on which to train the models behind their intelligent agents.
Most generative foundation models (GFMs), such as BERT and OpenAI’s GPT family of
language models, are trained on common, publicly available data sets (Huang & Siddarth, 2023).
In contrast, proprietary data offers the potential for competitive advantages in model training. For
instance, BloombergGPT, which is trained on Bloomberg’s extensive financial data, has been
found to outperform ChatGPT across a range of finance-related natural language processing tasks
(Wu et al., 2023). Proprietary models improve performance in particular use cases based on the
proprietary data sets on which they have been fine-tuned (Lei et al., 2023). Thus, maintaining
openness raises the risk of forgoing a substantial value creation opportunity for the platform
owner (Gregory et al., 2021). Conversely, closing off and protecting data flows risks eroding the
value that complementors can bring to the digital platform ecosystem, and may lead some to
leave for competing digital platforms that are more open or could lead them to shut down. As an
example of this possibility, Apollo, a popular complementor app for browsing Reddit on mobile
devices, shut down operations due to Reddit’s decision to start charging for API access (Peters,
2023). The choice of whether to open or restrict data flows presents a conundrum for digital
platform owners and there are limits to the guidance offered by extant literature.

There have been notable shifts among some digital platforms in their stance toward
openness in data flows. X (formerly Twitter) has begun charging for large-scale access to its data
via the X API (CNBC, 2023) in order to generate revenue from its data asset. Similarly, Reddit,
recognizing the value of its large corpus of data, started charging companies for access to its API,
citing concerns that they might otherwise use that data for free to train their own chatbots (Issac,
2023). Recently, Reddit inked a $60 million per year licensing deal with Google, allowing

Google to train its Al on user-generated content on the platform (Tong et al., 2024). Question and



answer platform Stack Overflow has followed suit, charging companies for access to its large
corpus of data for training intelligent agents (Dave, 2023).

These developments suggest that digital platform ecosystems may be on the verge of an
evolution from open to Balkanized data flows, characterized by fragmented and siloed data-
sharing practices in digital platforms, where data access is restricted to specific participants,
often based on proprietary interests or competitive strategies. This shift has significant
implications for open collaboration by participants in digital platform ecosystems, including
platform owners, complementors, and users, as well as business models for value creation and
capture. Strategic management research has developed robust frameworks and conducted
extensive empirical investigations of collaboration through value creation and capture in open
environments. However, it is important to consider what these recent trends portend for strategic
management scholarship on open collaboration. There are emerging need and opportunity to
inform our understanding of the evolving landscape for such collaboration. This motivates our
core research question: What are the value implications of opening versus restricting data flows
in digital platforms?

The purpose of this research is to address this research question by developing a
framework that can serve as a basis for theorizing the potential paradox of data openness in terms
of value creation and value capture among participants within digital platform ecosystems under
conditions of Balkanized data landscapes. The anticipated value proposition of the framework
and the article as a whole is threefold. First, it will challenge core underlying assumptions
regarding the openness of data flows that have been the basis for the discipline’s theorizing over
the past decade, encouraging strategic management scholars to adapt their theories and to
theorize accordingly (Bercovitz & Chesbrough, 2020). Second, it will serve as an initial platform

for strategic management scholarship to develop new theories and empirical investigations of



collaboration in a data-segmented competitive landscape. Third, it will provide an ecosystem-
level view of how data openness decisions and the development of machine learning models
potentially impact competitive landscapes in platform environments.

Our proposed framework is grounded in the paradox of openness to surface the tensions
that emerge at the intersection between the free flow of data on digital platforms and open
collaboration by participants in the platform ecosystem. The framework will draw attention to the
global (ecosystem-wide) and local (participant-specific) tensions that may be evoked by enacting
restrictions on data flows. In the sections that follow, we first overview the paradox of openness,
which serves to ground our problem formulation and proposed framework. Second, we review
and synthesize the literature on the openness of digital platform ecosystems, specifically focusing
on the evolution of data-sharing agreements on digital platforms. Third, we begin to delve into
the conceptual scaffolding for our framework by identifying the role and nature of data as a
digital asset and discussing its implications for the value of data in openness strategies. Fourth,
through the lens of the paradox of openness, we theorize the implications of various data
openness-restriction regimes for global and local value creation and capture by participants in
digital platform ecosystems. We conclude by proposing digital platform strategies for facilitating,
monitoring, and controlling data openness so that the digital platform can maintain a healthy and
open collaborative relationship with complementors and users while at the same time capturing
value generated from its data assets.

Taken together, the theoretical framework that we propose to develop will contribute to
strategic management scholarship by providing a lens through which to make sense of the
evolving data landscape and its implications for navigating the tensions of data value creation

and value capture in digital platform ecosystems.



Background and Literature

Paradox of Openness

Smith and Lewis define paradox as “contradictory yet interrelated elements that exist
simultaneously and persist over time” (2011, p. 382). Paradox theory has been studied
extensively in organizational and strategic contexts, as a way of highlighting the complex
tensions that organizations face when managing competing demands (Smith & Lewis, 2011). At
its core, paradox entails an understanding that seemingly individually logical elements can
simultaneously be in contradiction with each other when juxtaposed and that any responses
related to these elements must embrace the underlying tensions between them (Smith & Lewis,
2011). Among the various paradoxes that have been identified in the literature, we focus on the
paradox of openness, given its connection to our emphasis on openness in data flows. Laursen
and Salter eloquently articulate this paradox in the context of innovation by noting that firms
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must be “““open” by engaging with a broad set of external actors in their innovation activities but
also have to protect their own firm’s knowledge from being copied by competitors” (2014, p.
868). A digital platform is considered open when the platform owner eases the restrictions on the
use of the resources on the platform, the development of complements to the platform, and the
commercialization of platform technologies (Boudreau, 2010).

In general, a digital platform can be opened in three ways. Opening access to the platform
happens when the platform owner allows external users and complementors to participate and
use the resources on the platform (Alexy et al., 2018; Eisenmann et al., 2009; O'Mahony & Karp,
2022) while the platform owner retains decision rights (Kretschmer et al., 2022). For example,

the platform can provide interfaces (i.e., API) to allow outside developers to create
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platform emphasizes opening the platform’s valuable resources by relinquishing the intellectual
property rights (IPR) of the resource. For example, Google made and maintains the Android
platform’s core open source under the Android Open Source Project (AOSP) (Karhu et al., 2018).
Devolving control of the platform refers to the right to determine the rules that guide the
platform’s usage and technical trajectory (Boudreau, 2010; O'Mahony & Karp, 2022). The
platform owner offers development resources while retaining decision rights on leadership, while
the participants contribute their creativity and resources, to which they retain at least partial
control rights (Gawer & Cusumano, 2008; Kretschmer et al., 2022; O'Mahony & Karp, 2022).
For example, Sun Microsystems made Java accessible to users under an open source license
while retaining control over Java protocols (Garud et al., 2002; O'Mahony & Karp, 2022).

Digital platform owners are confronted with the need to keep the platform open so that
complementors can use the open resources to create value for the ecosystem while at the same
time facing pressure to keep it closed in order to keep competitors from appropriating value. On
one hand, opening the platform can decrease the costs of producing a bundle of resources for the
merit of the scalability of digital platforms (Alexy et al., 2018; Chesbrough, 2003; von Hippel &
von Krogh, 2003), spur innovation on the platform by leveraging the wisdom of crowds
(Baldwin & von Hippel, 2011; Kretschmer et al., 2022), better predict demand for the platform’s
services (Seidel et al., 2017) and grow a more extensive base of users (Wormald et al., 2023). On
the other hand, data privacy and security have emerged as critical risks when opening the
platform, increasing transaction costs for platforms (Kretschmer et al., 2022; Say & Vasudeva,
2020). Another concern with opening the platform is the exposure of intellectual property to
rivals (Farrell & Simcoe, 2012; O'Mahony & Karp, 2022), which may lead to the forking of core
technologies or intensifying competition (Parker & van Alstyne, 2018). Growth in

complementors may make it more challenging to ensure the coordination and completion of



value creation activities, considering the heterogeneity of complementors on the platform
(Kretschmer et al., 2022; Zhang et al., 2022). Excessive openness may also incur “Atari
shock”—an influx of low-quality complements that harms the benefits derived by ordinary
participants (Kretschmer et al., 2022; Panico & Cennamo, 2022). Research on open innovation
has noted that in order to facilitate and scale innovation, platforms must remain open, yet at the
same time, keeping closed enables them to protect the intellectual property behind those
innovations (Parker & van Alstyne, 2018; Felin & Zenger, 2020). Lin and Maruping (2022) have
theorized how digital startups manage this paradox when innovating new products on open
source platforms.

Strategic management research has explored the implications of openness in innovation
(e.g., Laursen & Salter, 2020; Felin & Zenger, 2020; Sha & Nagle, 2019), conceptualizing open
innovation as a strategic decision process (Chesbrough & Tucci, 2020). Specifically, strategic
management research views open innovation as being concerned with how to allocate resources,
how to organize, and how to win in the marketplace, and therefore simultaneously touches on
topics such as strategic decisions, business models and competitive advantage (Bercovitz &
Chesbrough, 2020; Chesbrough & Tucci, 2020). However, these and other open innovation
studies primarily focus on inflows and outflows of knowledge and technologies as the main
resources whose access should be open or restricted. In contrast, our study emphasizes data as a
new resource whose openness or restriction should be a strategic consideration. In the next
section, we describe data as a new form of digital asset that has been overlooked in prior
literature and compare it to knowledge and technologies.
Data as a Digital Asset

Data have been identified as a critical resource on digital platforms (Alaimo &

Kallinikos, 2022; Karhu et al., 2018). Alaimo and Kallinikos define data objects as “structured



entities with a lifespan composed of aggregated data, which are organized according to a logic or
schema” (2022, p. 29). When accumulated, data are editable, programmable and sharable in ways
that can be tailored to be valuable to various participants. In a digital platform ecosystem,
activities of the platform owner, users, complementors, products, and services can be rendered as
data objects that can be accumulated for use in other value creation activities, principally through
algorithms (Baskerville et al., 2020).

Every participant in a digital platform ecosystem can derive and appropriate data value
generated in the platform. For platform owners, participant data provides deep insights into the
networks of users and complementors. Product and service data helps identify emerging trends
and gaps in the market (Chen et al.,2012). Feeding activity data into machine learning models
improves platform functionality in optimizing user experiences, enhancing product
recommendations, and streamlining operations. Gregory et al. (2021) have identified data
network effects as another value proposition of data. Data network effects manifest when the
more the platform learns from the data collected on its participants, the more valuable it becomes
to each participant (Gregory et al., 2021). This development recognizes the increasingly central
role of data (generated from user activity on digital platforms) in generating value on digital
platforms. For example, Tesla engineered its cars to continuously collect accurate driving data.
The data are used to troubleshoot problems, improve car performance, train and calibrate its
artificial intelligence (Al) components, and send updates back to all cars (Niculescu et al., 2018).
It turns out that the more Tesla drivers there are on the road, the better the car performance
becomes, which benefits every driver (Niculescu et al., 2018).

Data is a unique type of platform resource compared to other resources such as
knowledge and technologies that have been well studied by prior open innovation research

(Teece, 2020). First, data are unstructured digital records generated from multiple sources and
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need to be processed and analyzed (through Al model training, as an example) in order to create
meaningful insights and generate value. In contrast, technologies are structured and well codified
tools and algorithms that are leveraged by actors in open innovation. Second, data are usually
raw, unprocessed digital records, while knowledge is interpreted as understanding, and is often in
the form of tacit, experiential and context-dependent expertise possessed by actors on platforms.
It is not as fluid and malleable as data. These differences make the value assessment of data
challenging and the control of data difficult. Although opening knowledge and technologies has
been studied extensively by existing open innovation research, data openness has not received as
much attention. Considering the potential value generated from analyzing data, especially in light
of the adoption of Al-related technologies, the strategic value of data has been increasingly
recognized by platforms and its actors.

To facilitate data value generation from various participants, platform owners can open
access to their data to encourage collaborations and amplify data network effects. In a subsequent
dialogue, Clough and Wu (2022) refine the theory of data network effects by introducing two
complementary insights. First, they argue that data serves as an internal asset of the platform,
creating a loosely coupled relationship between the quantity and quality of platform-owned data
with the installed base of users and complementors. We build on this by emphasizing that while
the platform owner maintains ownership of data, complementors are granted access to these data
assets. Additionally, our framework also echoes Clough and Wu’s (2022) second point that value
capture, alongside value creation, is an essential consideration in platform dynamics. This idea is
reflected in our framework as we explore the tensions between value creation and value capture,
highlighting them as central to the paradox of data openness. Furthermore, the growing role of Al
in value creation from data underscores the importance of managing diverse participant interests

to navigate these tensions (Gregory et al., 2021). In the next section, we discuss the role of Al in
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shaping data openness strategies, hence bringing data as a strategic resource into strategic
management research.
Al and Data Openness

As alluded to in the introduction, there appears to be a recognition of the value
proposition of data, and platform owners are increasingly looking to develop their own
proprietary Al models based on the data generated on their platforms to create value for platform
participants. This shift in focus indicates that an appreciation for how to approach the openness
of data assets has become a strategic imperative, as data now constitutes the raw material for
building dynamic capabilities and achieving competitive advantage in the era of Al. For instance,
Salesforce—a major customer relationship management platform—has developed and trained
Einstein GPT!, its own Al model (trained on data generated on the platform) that works in
conjunction with OpenAI’s ChatGPT to help complementors identify sales opportunities, build
client relationships, and deliver personalized customer experiences. In delivering this Al-enabled
value creation, Salesforce restricts complementors’ access to customer data through its Einstein
GPT Trust Layer, which is equipped with a number of data security guardrails such as data
masking, in-flight encryption, and Zero Data Retention for external LLMs. This makes it
possible for third parties to train their own models while retaining the data on the Salesforce
platform. Another example is Bloomberg, which owns a platform for financial trading data and
news and has developed and trained its own Al model—BloombergGPT. It has done so using a
combination of FinPile, its proprietary dataset of archived data (such as news, financial filings,
company press releases, social media, etc.), and data on the open internet (such as GitHub,

ArXiv, Wikipedia, etc.). This model has been shown to outperform other LLMs in its responses

1 See https://www.salesforce.com/products/einstein-ai-solutions/?d=cta-body-promo-8, accessed on Mar 29, 2024.
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to finance-related natural language prompts (Wu et al., 2023). Bloomberg allows users to interact
with the model through its terminals but restricts access to the training data as this is a highly
valuable asset.

These examples illustrate the evolving landscape of how platforms are adapting to the
emergence of platform-generated data and Al for value creation and appropriation as they
consider what this all means for their own competitive position. Unfortunately, as this is a recent
phenomenon and one that will likely evolve, there is not much by way of theoretical frameworks
to help make sense of these developments and what they potentially portend for platforms and
the participants of which they are comprised. As exemplified by the consequences of Reddit’s
decision to monetize access to its API, the ramifications can be wide-ranging, including
complementors shutting down operations—as in the example of Apollo, BeaconReader and
Sync—and complementors having to charge their users in ways that reduce their user base.

This research focuses on data openness as a strategic response to the challenges posed by
the massive data accumulation and Al-related advancements within platform ecosystems.
Specifically, we define granting data openness as the platform’s provision of interfaces to enable
external complementors to access and utilize the data assets while the platform retains full
ownership and control over the data, including the authority to establish and enforce protocols
governing the use of data. In the next section, we develop a framework that further discusses the
paradox of data openness, manifesting in tensions between value creation and value capture by
different participants.

A Framework of the Paradox of Data Openness

In light of our review of the literature on digital platform ecosystems, the promise and

risk of openness in such ecosystems, and value of data as a digital asset in such ecosystems, we

now develop a conceptual framework. The framework recognizes that digital platform
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ecosystems comprise multiple, loosely connected participants who have different motives but
engage on the digital platform to create and capture value. The framework positions the platform
owner as the entity who makes decisions that determine what participants can do within the
ecosystem. Our theorizing about the decisions of the platform owner is grounded in the paradox
of openness. The premise underlying the framework is that platform owners confront a paradox
of data openness whereby granting data openness is necessary to facilitate value creation and
capture by various participants in the ecosystem, while at the same time restricting data openness
is necessary to protect the platform owner’s data asset from appropriation that can erode its
competitive position.

The crux of our framework is that platform owners need to adopt the appropriate data
openness regime given the nature of the data involved, and these choices will evoke or alleviate
tensions for particular participants within the ecosystem. Before we elaborate on the framework,
we briefly introduce the nature of data—in terms of its temporality—that is essential to
understanding the value creation and capture tensions and how they might be alleviated. We
emphasize the implications of the accumulation and temporality of data because the training of
proprietary machine learning models that operate at scale on digital platforms relies on large
volumes of data (Agrawal et al., 2018). We first attend to the conceptualization of the temporality
of data. Having established this important conceptual foundation, we next surface tensions with
regard to key participants in a digital platform ecosystem—principally platform owners, users,
and complementors. These constitute the most commonly considered participants in digital
platform research (e.g., Boudreau & Jeppesen, 2015; Kretschmer et al., 2022). We develop our
framework of the paradox of data openness in light of the temporality of data and decisions to

restrict or open access.
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The Temporality of Data

As already noted, data network effects represent a highly consequential mechanism for
digital platforms to generate value from data (Gregory et al., 2021). However, we believe that the
nature of value inherent in the data produced from participant activities on digital platforms has
important implications for value creation and value capture. Of particular relevance for our
purposes is the temporality of data—the time dependent nature of its value. Data differ in their
temporality. Some data maintain the same value over time because their meaning is not tied to
temporally sensitive events. Other data are more time dependent and experience a decay in value
as time passes (similar to the notion of a half-life). We refer to the former as asympftotic and the
latter as non-asymptotic. Note that the temporal nature of data is distinct from the accumulation
of data. Accumulation is a matter of the quantity of data. The value implications of the
accumulation of data can be quite different depending on its asymptotic versus non-asymptotic
nature, as we will describe next. Table 1 summarizes the definitions.

Table 1. Definitions of the Nature of Data and its Value

Concept Definition

Data temporality The degree to which the value of data is time dependent.

Asymptotic data Data whose accumulation is subject to diminishing returns in value
over time.

Non-asymptotic data | Data whose accumulation consistently adds value over time

Asymptotic data are data for which incremental accumulation adds value at a
progressively decreasing rate (Currier, 2020). After large volumes of data have been
accumulated, every incremental amount of data accumulated asymptotically approaches a ceiling
in terms of additional value. One example of this is data used to identify medical conditions
through classification by machine learning models. The value of these data is not time dependent.

The accumulation of the first 1 million data points likely significantly improves the prediction
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accuracy of the machine learning model. However, the 1-million-and-1* additional data point
likely contributes less to improving accuracy and the 1-million-and-2"¢ additional data point even
less. In essence, the data are subject to diminishing returns with regard to cumulative value.

Non-asymptotic data are data for which accumulation adds value at a near-constant rate.
Every time new data accumulate, they add greater value in prediction accuracy than older data
points (Currier, 2020). This occurs in situations where the value of data is context or time
dependent. For instance, the algorithm on the Uber app better produces accurate pickup wait
times using data on current traffic conditions in a user’s location relative to using accumulated
data from three years ago in the same location. With such data, the ongoing accumulation of data
is less subject to diminishing returns because its value is dependent on its recency.

Consequently, the temporal nature of data has implications for data network effects
derived therefrom. It suggests that there may be differences in the time value of data

accumulation.
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Temporality of data
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Figure 1. Paradox of Data Openness Framework in Light of Data Temporality and Access



Restricted Access to Asymptotic Data

Accumulation of asymptotic data emphasizes the ongoing acquisition and storage of vast
quantities of data from participant activity on a digital platform. Here we emphasize the main
value proposition of such data as encompassing its volume. Digital platforms that facilitate
standardized, repeatable interactions (e.g., buying and selling of goods, consumption of a
service) are known to accumulate data on stable attributes such as order quantities and user
choices that occur with some regularity over time (Lei et al., 2023). Gregory et al. (2021) point
out that the accumulation of such data in large volumes is valuable for training machine learning
models. Specifically, they point out that having a larger number of past cases facilitates greater
accuracy in prediction by machine learning models. Indeed, a common feature of developing
robust machine learning models involves ensuring that they are trained on large volumes of data
(Agrawal et al., 2018). It is a large part of the reason why big data was an important precursor to
the re-emergence of Al (Agrawal et al., 2018). Further, machine learning models trained on large
volumes of past data can be fine-tuned over time through reinforcement learning using ongoing
participant feedback and activity on the platform. Consequently, volume of accumulated
asymptotic data is a useful attribute for evaluating potential tensions that can emerge when
access to such data is restricted by the platform owner. As discussed earlier, platforms are able to
control access to data generated on the platform through technology interfaces—primarily in the
form of APIs (Ghazawneh & Henfridsson, 2013).

Tensions in Value Creation. Restricting access to accumulated asymptotic data evokes
notable tensions across participants and for the digital platform ecosystem as a whole. First, it

skews value creation opportunities toward the platform owner at the expense of complementors.

18



By restricting access to asymptotic data, the platform owner positions itself to create value
through developing proprietary machine learning models. These large volumes of transaction
data enable the platform owner to develop machine learning models with high levels of accuracy
(Agrawal et al., 2018). Moreover, because they are trained on proprietary data, they have the
potential to enhance the platform owner’s value proposition to users. For instance, Amazon uses
trained models to aid sellers in its marketplace in setting their product prices to maximize sales
(Chen et al., 2016). Such data-enabled value creation facilitates data network effects—enhanced
platform-specific services make the digital platform attractive to users, and more users generate
additional data that can be used to fine-tune the algorithms and so on (Gregory et al., 2021). At
the same time, however, restricting data access impacts the ability of complementors in the
platform ecosystem to develop complementary products and services that contribute to value
creation in the ecosystem (Hukal et al., 2020). To be sure, complementors should still be able to
produce complements to the digital platform’s main offering under such a regime. However, their
restricted access to the digital platform’s large volume of asymptotic data will likely constrain
their ability to train robust machine learning models that are fine-tuned to the needs of the digital
platform’s users. Additionally, because of the asymptotic nature of the data and model training,
over time platform owners will realize lower marginal gains in value creation as more such data
contribute less to model performance. Consequently, at some point the value of restricting such
data for developing its own robust proprietary machine learning models will be outpaced by the
foregone potential value creation by complementors if access were granted (Parker & van
Alstyne, 2018).

Second, restricting access to asymptotic data enhances value creation locally while

potentially being suboptimal for the ecosystem as a whole. As noted above, restricted access
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enhances the platform owner’s ability to deliver better services to users of the digital platform,
enhancing direct network effects. However, the underlying tension of this arrangement is that it
constrains complementors’ ability to create value from those data. Complementors are generally
in a better position to organically identify and pursue value creation opportunities that are
complementary to the digital platform’s offerings (Hukal et al., 2020; Parker et al., 2016). Those
complementary offerings are responsible for generating indirect network effects that enable the
ecosystem as a whole to create greater value.

In sum, restricted access to asymptotic data evokes tensions in value creation by opening
up opportunities for the platform owner while constraining opportunities for complementors and
expanding value creation potential for the platform owner while constraining it for the ecosystem
as a whole.

Tensions in Value Capture. Noteworthy tensions emerge with respect to value capture
by participants and welfare distribution across the ecosystem when access to asymptotic data is
restricted. Among participants, users and platform owners are likely beneficiaries with regard to
value capture. Users are most poised to capture the value created by machine learning enabled
services on the digital platform (Huang et al., 2022). Parker et al. (2016) argue that algorithms
play an important role in ensuring that the right interactions that should happen, do happen.
Deployment of more accurate machine learning models can help ensure that users are aware of,
or directed to, on-platform interactions that will best meet their needs. Such precision can
potentially make their time on the digital platform a more valuable experience. The platform
owner is also poised to capture the value created by deploying models trained on proprietary data
generated on the digital platform. Specifically, they are in a position to capture value from direct

network effects. When users perceive the value from data network effects (Gregory et al., 2021),
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they are likely to engage in more interactions, which makes the platform more valuable to each
user and increases the volume of activity from which the platform owner can capture value (e.g.,
through charging for access or charging a transaction fee) (McIntyre & Srinivasan, 2017).

Conversely, complementors are least likely to capture the value created by the
deployment of machine learning models on the digital platform. Absent access to asymptotic
data, they may not be in a position to tailor their offerings to meet user needs with great
precision. For instance, when Apple Inc. implemented its app tracking transparency policy—
which limited the ability to track Apple device user data—Meta argued that it would result in
upwards of US$10 billion in lost sales in 2022 alone because advertisers on its Facebook
platform would not be able to target their ads to users as accurately (Leswing, 2022).
Consequently, the share of value that complementors are able to capture from users engaging
with their offerings on-platform may be limited. Interestingly, users may also inadvertently fail to
capture value from indirect network effects. Limitations in the value delivered by complementors
means that users do not get to enjoy the expanded set of offerings that they otherwise would.
Complementor offerings may not meet user needs with a desired degree of precision, hence
eroding the amount of value they derive.

From the perspective of the digital platform ecosystem, restriction of access to asymptotic
data 1s likely to skew the distribution of welfare toward users and the platform and away from
complementors. At first glance, this appears to be good for the ecosystem as a greater share of
the value is being captured by the users who generate the data through their activity streams on
the platform. However, a potential risk to the digital platform ecosystem is that if complementors

are not able to capture adequate value, they may leave or redirect their resources toward a
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competing digital platform (Cennamo & Santalo, 2013; Loh & Kretschmer, 2023), which in turn
can erode the platform’s value to users.

In sum, users and platform owners stand to capture value from restricted access to
asymptotic data, while complementors are less likely to capture that value. Further, at the
ecosystem level, the distribution of gains in value from data network effects accrues to users and
platform owners in ways that potentially threaten the value proposition for complementors. This
entails potential risk to the viability of the ecosystem.

Open Access to Asymptotic Data

The central proposition of asymptotic data is its value generation through accumulating a
large volume of activity data on the digital platform. As discussed earlier, the value of such data
does not grow exponentially with its volume. Instead, its marginal value asymptotes to a stable
level (Currier, 2020). Despite the nature of diminishing marginal value, platform owners may
consider opening these data to complementors in order to expand value creation opportunities.

Tensions in Value Creation. Opening access to asymptotic data benefits both platform
owners and complementors. Platform owners can utilize asymptotic data as a reliable start to
train their proprietary algorithms and provide value to their users. However, the value that
platform owners acquire from the asymptotic data is limited due to the progressively decreasing
marginal value. On the one hand, machine learning models can be fed with a large accumulation
of data, leading to a sharp increase in prediction accuracy. On the other hand, as such data cannot
offer constant value over time (Currier, 2020), platform owners may find themselves unable to
maintain the value-add for their users, thus weakening the platform’s competitiveness.

Providing access to complementors creates opportunities to develop their products on the

basis of the platform’s value. With the platform’s support, in the form of function libraries and
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APIs, complementors can combine their products with the platform’s core value proposition
(Niculescu et al., 2018). In this way, complementors and platform owners collaborate to expand
the value they can offer to platform users (Karhu et al., 2018). These collaborations also slow
down data aging and delay the point at which value hits diminishing returns.

However, opening access to asymptotic data has natural limits to value creation. As these
data are relatively static, opening asymptotic data access may filter out complementors needing
real-time data. For complementors who build their products on asymptotic data, the constrained
growth of marginal value becomes a long-term concern. Additionally, opening access to such
data means that competing platforms can access the data to train their machine learning models
and offer their own competing machine learning-enabled services.

In sum, opening access to asymptotic data triggers tensions in value creation by opening
up opportunities for the platform owner and complementors to seek value-adding collaborations
while also constraining long-term growth opportunities for both the platform owner and
complementors.

Tensions in Value Capture. The value associated with asymptotic data can be captured
by platform owners, users, and complementors. Platform owners can capture the value
complementors create in their continuous contribution and enrichment to the platform (Gregory
et al., 2021). Users consume the value by enjoying the core products and services offered by the
platform owner and the complementary products provided by complementors. Through
collaborating with the digital platform, complementors can save costs on growing the user base
and capture value when platform users consume their products (Niculescu et al., 2018). Taken
together, all participants can enjoy part of the value created on the platform, which promotes a

healthy and sustainable ecosystem.
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Despite the benefits, platform owners and complementors may find it difficult to scale up
their business even when asymptotic data are made accessible. Due to the nature of asymptotic
data, most of the valuable insights are gleaned and offered to users at an early stage. The
accumulation of data may confirm the insights while offering little additional value (Currier,
2020). Moreover, data ownership continues to be a critical concern for users. They may disagree
with platform owners using or sharing their personal information or activity logs.

In sum, platform owners, users, and complementors are likely to capture value from
opening access to asymptotic data, contributing to the value proposition of the whole platform
ecosystem. However, there are constraints for both the platform owner and complementors in
growing their business if their products and services largely depend on asymptotic data.
Restricted Access to Non-Asymptotic Data

Accumulation of non-asymptotic data emphasizes the acquisition of timely data regarding
participants’ activities on a digital platform. The main value proposition here is the timeliness of
the data. As part of their conceptualization of data quality, Gregory et al. (2021) highlight
timeliness—the speed with which data are updated as events occur—as a key attribute. As
discussed earlier, timeliness is a meaningful attribute here because the accumulation of current
data adds greater value to machine learning model improvement than do older data. Predictions
are made based on present conditions rather than on past conditions. Hence, machine learning
models trained and fine-tuned on such data have a high potential to add meaningful value to the
participant experience on digital platforms. Uber and Waze are good examples of digital
platforms that make use of non-asymptotic data to generate data network effects. Waze
incorporates user data on current traffic conditions to fine-tune its predictive model and provide

timely and accurate driving directions; this enables the Waze platform to create more value for its
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users and attracts other users to the platform (who themselves generate current data that can be
used to fine-tune the machine learning model and so on).

Tensions in Value Creation. As with the case of restricting access to asymptotic data,
restricting access to non-asymptotic data evokes tensions across participants as opportunities to
create value through machine learning models trained on those data accrue exclusively to the
platform owner. In contrast to the case of restricted access to asymptotic data, the value creation
gains from non-asymptotic data do not erode with the ongoing accumulation of data from user
activity. As such, the platform owner is in a position to perpetually create value through
proprietary machine learning models trained on such data. Although complementors are still in a
position to create value on the digital platform, they are not afforded the opportunity to create
value through the use of non-asymptotic data for their own machine learning model
development. A drawback of such restriction is that while it expands opportunities for value
creation for users on the digital platform, it creates natural bottlenecks as that value creation
occurs exclusively within the platform owner. This foregoes the opportunity of scaling machine
learning model innovations based on such data externally, which is known to be more efficacious
(Parker et al., 2017) and complementary to internal innovation efforts (Cassiman & Veugelers,
20006).

There are benefits to a platform ecosystem when access to non-asymptotic data is
restricted. First, the platform owner is able to exert greater control over what machine learning-
enabled services are developed and deployed on the digital platform. From a platform
governance perspective, this can be beneficial in fostering a coherent image and experience for
the platform (Chen et al., 2022). For instance, Google Maps restricts access to its data by

charging its API on a pay-as-you-go basis. With the proprietary data, Google Maps is able to
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train its own Al models to add exclusive features (e.g., Immersive View, which offers a 3D view
and tidbits of information of locations) to enhance the usability of its existing features (e.g.,
search for available EV charging stations for drivers), which improves user stickiness (Hawkins,
2023). Second, restricting access prevents complementors from multthoming with a value
proposition based on data generated on the digital platform. Any value created on the basis of
such data stays within the platform ecosystem. Third, restricting access to such data prevents
rival platforms from accessing that data to develop their own competing machine learning
models. From the perspective of the platform ecosystem, restricting access to non-asymptotic
data constrains value creation opportunities for specific participants. While the ecosystem can
realize gains in value creation under such a regime, for reasons discussed earlier, the scope of
that value creation within the ecosystem will be constrained. One possible consequence of this is
that it could make the platform ecosystem less competitive relative to rival digital platforms,
hence attracting fewer users and complementors to the platform than might otherwise be the
case.

Tensions in Value Capture. Restricting access to non-asymptotic data facilitates value
capture for platform owners, users and complementors. Users directly capture value from very
high-accuracy services based on up-to-date data that makes it easier to engage in value adding-
interactions on the digital platform (Gregory et al., 2021; Parker et al., 2016). This enhanced
value capture will both entice more activity from existing users and attract new users to the
platform. Platform owners are able to capture the value from stronger direct network effects that
are generated from a greater volume of high-quality interactions between users on the digital
platform. This promotes a virtuous cycle in which increased user activity generates more timely

non-asymptotic data that are used to further enhance machine learning model performance
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(Currier, 2020). Complementors also capture some of the value that is created by platform
owners’ proprietary machine learning-enabled services. One way they capture this value is from
the increased number of users and interactions on the digital platform. Another way they
potentially benefit is when these services direct users to their complementary offerings on the
digital platform.

There are several potential drawbacks to value capture in this arrangement. For users,
while they clearly capture value from the platform owner’s proprietary machine learning models,
restricted access means that they forego similarly attuned machine learning-enabled services
from complementors. This constitutes a consumer deadweight loss in economic terms because of
the market's inefficiency in meeting users’ needs when the capacity to meet those needs is
available but unutilized (Hausman, 1981). That is, users are still able to capture value from
indirect network effects generated by complementors, but that value is less than what would be
realized if complementors are able to deploy their own proprietary models to cater to the unique
needs of users. Complementors are able to capture value on the platform as already noted.
However, they experience a producer deadweight loss because they are not able to capitalize on
opportunities for user value due to data access restrictions (Hausman, 1981). Overall, under a
regime of restricted access to non-asymptotic data, the platform ecosystem experiences
deadweight loss—i.e., value that remains uncaptured.

In sum, restricting access to non-asymptotic data benefits platform owners, users and
complementors but also constrains the magnitude of value captured by each of these participants

on the digital platform.
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Open Access to Non-Asymptotic Data

Tensions in Value Creation. Platform owners and complementors are likely to be
beneficiaries of open access to non-asymptotic data. Platform owners benefit by being able to
develop and train their own proprietary machine learning model to create value for their users.
Non-asymptotic data enable platform owners to deploy machine learning models that deliver
highly tailored services to users. Those models continue to be fine-tuned and improved as newer
non-asymptotic data are accumulated from activity on the digital platform. By opening up access
to such data, complementors also benefit in their value creation efforts. Such timely, high-quality
data enables them to develop their own complementary machine learning-enabled services that
are highly tailored to user needs, thus generating indirect network effects. Taken together,
opening up access to non-asymptotic data increases opportunities for value creation on the digital
platform.

Opening up access to non-asymptotic data can benefit the ecosystem as a whole. By
distributing the opportunity to develop machine learning models that serve user needs, the
prospects for scaling innovation for value creation increase. This is consistent with the
observation by Parker et al. (2017) that innovation scales more effectively outside the boundaries
of a firm than it does inside the firm. The variety and utility of machine learning-enabled services
available in the digital platform ecosystem is likely to be more robust when multiple participants
have an opportunity to innovate. This is consistent with Enkel et al.’s (2009) observation that
inside-out approaches to innovation expand technological advancement by transferring ideas
outside the firm. Indeed, Parker and van Alstyne (2018) argue that opening up access to

intellectual property for innovation enhances the profitability of a platform ecosystem.
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Specifically, the value of openness “rises with developer value-add and with resource
reusability” (Parker & van Alstyne, 2018, p. 3025).

There are potential drawbacks to opening up access to non-asymptotic data. First,
complementors with access to an ongoing stream of timely data may have an incentive to
multihome. Once they have developed and trained their own proprietary machine learning
models, they can deploy them to create value on competing platforms (Tian et al., 2022).
Consequently, some value creation can end up accruing off platform. Second, opening up recent
activity data for use by complementors can raise data ownership concerns by users. There is a
growing chorus of concerns regarding the fairness of letting data harvester profit from users’ data
(Zuboft, 2019). Third, opening up access to non-asymptotic data renders the platform ecosystem
vulnerable to rivals who can access the data to develop their own competing services
(Kretschmer et al., 2022).

In sum, there are considerable benefits for platform owners, complementors, and the
ecosystem as a whole when opening up access to non-asymptotic data. It enables greater value
creation through machine learning-enabled services that are highly tailored and sensitive to
contextual user needs. At the same time, there are also drawbacks, including incentives for
complementors to multithome, concerns from users about data stewardship, and opportunities for
imitation by rival platforms who can also access the data.

Tensions in Value Capture. Platform owners, users and complementors are likely to
benefit from capturing the value associated with non-asymptotic data. Platform owners capture
the value from increased user activity that stems from context-specific services enabled by
machine learning models. As these tailored services make for a more pleasurable interaction

experience for users, the volume of interactions is likely to increase in the form of more
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interactions from existing users or more new users being drawn to the platform. Users, in turn,
benefit directly from these machine learning-enabled services that provide highly contextualized
guidance for their platform experience. Such personalization enhances the overall value users
derive from their time on the platform. Complementors also benefit from non-asymptotic data
when users make use of their machine learning-enabled services on the platform. Collectively, an
open, vibrant, innovative ecosystem where all participants are capturing some value enhances the
sustainability of that ecosystem. The non-asymptotic nature of data ensures that value continues
to accrue over time, thus supporting the long-term sustainability of the digital platform
ecosystem.

Despite its benefits, opening access to non-asymptotic data also entails drawbacks. First,
platform owners may lose out on capturing some of the value if complementors decide to
multihome their own machine learning-enabled services derived from these data. That may make
other competing digital platforms attractive venues for users rather than joining the platform
owner’s digital platform. Second, users may raise data ownership concerns regarding who
benefits from their data—particularly if the platform owner charges them for services derived
from those data. For example, when GitHub released its paid subscription to Copilot—its
machine learning-enabled service for generating software code based on natural language
prompts—developers (users) on the platform filed a lawsuit arguing that the machine learning
model was trained on code that millions of users had written (Roth, 2023). Third, the platform
ecosystem could see its share of value capture erode if competing digital platforms use the
openly accessible data to develop competing services.

In sum, opening access to non-asymptotic data enables platform owners, users and

complementors to capture the aggregate value of such data. The digital platform ecosystem, as a
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whole, captures this value by drawing more participants to engage in its value proposition.
However, this openness also introduces drawbacks. Platform owners may risk value erosion if
complementors create services outside the platform or if users raise concerns regarding data
ownership. At the ecosystem level, risks arise when rivals access and leverage these data to
develop their own competing offerings, thereby threatening the ecosystem’s competitive position.
Navigating Tensions in Value Creation and Value Capture

Our paradox of data openness framework highlights how platform owners’ decisions
regarding opening versus restricting the flow of data evoke tensions depending on the nature of
the data at question. This raises a critical question: how can platform owners navigate these
tensions? We attend to this question by first broadly articulating the nature of the underlying
tensions that emerge from our framework. These tensions are best understood by decomposing
the levels of analysis at which they are evoked. Specifically, tensions emerge both at the platform
level and at the ecosystem level, for which we outline potential navigation strategies through a
coopetition lens. Notably, we do not intend to provide an exhaustive list of strategies but rather to
encourage future studies to explore more strategies for alleviating these tensions.
Navigating Platform-level Tensions

Within a platform—which comprises the platform owner, complementors and users—the
fundamental tensions relate to the platform owner’s need to safeguard the data asset from
expropriation versus fully unlocking value from participant activity (Parker & Van Alstyne,
2018). In essence, platform owners are faced with navigating between enabling complementors
to maximize value creation for users on the platform on the one hand—which is accomplished
with greater openness in the flow of data—and ensuring that the value capture from such data

flows accrues to all participants on the other. The extent to which these tensions are intensified or
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mitigated depends on platform owners’ strategic orientation—whether leaning toward a more
cooperative or a more preventative stance.

Cooperative strategies. Cooperative approaches to navigating the tensions entail
prioritizing collaboration with complementors and distributing value more equitably among
participants. Platform owners can adopt strategies that expand access to data while still
safeguarding critical value. Cooperative strategies can involve monetary or policy levers for
enactment. One such strategy is priced access to data assets. By offering tiered or usage-based
pricing models, such as pay-per-use or subscription plans, platform owners can tailor access to
complementors’ needs, thus encouraging innovation while ensuring that the platform captures a
fair share of the value created. It allows complementors to gain the data necessary to enhance
user experience, while platform owners maintain control over how data is protected and
monetized. This approach is particularly suitable for non-asymptotic data, as it encourages
collaborative innovation on critical data assets while limiting the extent or frequency of access.
This approach does not eliminate the possibility of expropriation, as complementors may still be
able to use the data to create value off platform. However, it does ensure that the platform owner
is capturing value in a monetary form.

A policy-focused cooperative strategy at the platform level is opening access to
preprocessed data. In navigating the tensions between protecting proprietary data and fostering
innovation, platform owners can preprocess raw data and open the “semi-finished” data product
to complementors as a value-added service. Such an approach leaves data access open for value
creation by complementors while safeguarding the integrity of the raw data. It preserves
exclusivity over the most critical data while reducing deadweight loss caused by foregoing

contributions from complementors. Such an approach does not completely eliminate deadweight
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loss, as complementors may be limited in the kind of value they can create with preprocessed
data. However, it also limits expropriation as those same limitations to value creation apply
outside the platform.

Preventative strategies. When platform owners adopt a more conservative stance—
prioritizing the protection of their data and restricting complementors' ability to capture value at
expense of other participants, they may employ selective exposure as a preventative hybrid
measure. This strategy allows platform owners to determine what data are made accessible and to
which complementors. In practice, most platforms manage a mix of data assets with both
asymptotic and non-asymptotic properties. Selective exposure allows platform owners to align
data access with the platform's value proposition. For example, open APIs can be configured to
include only function calls to asymptotic data and paid access can be required for non-asymptotic
data requests. In doing so, platform owners balance data openness with control, supporting
complementor innovation while safeguarding their own competitive advantage. Such an
approach provides platform owners with flexibility in how the tensions are navigated as it
encompasses a configuration of monetary and policy measures.

Navigating Ecosystem-level Tensions

In contrast to the platform-level tensions, ecosystem-level tensions center on balancing
the maximization of participation welfare within the ecosystem against the risk of value leakage
to rival platforms. Two principal vectors for value leakage are of particular concern at this level:
multihoming by complementors and direct access by rivals. Because complementors commonly
participate across multiple platforms, value generated from data on one platform may ultimately
benefit users on competing platforms, circumventing the ability of the focal platform's ability to

capture that value. Similarly, rival platforms may directly access a platform owner’s data asset to
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create their own value to attract complementors and users. To address these tensions, platform
owners can adopt two strategies, depending on their strategic orientation: a cooperative approach
which emphasizes collaboration to expand the overall value created, or a preventative strategy
which prioritizes restricting access to protect competitive advantage—even at the cost of limiting
ecosystem growth.

Cooperative strategies. A cooperation-oriented strategy seeks to “grow the pie” by
fostering complementarities rather than competition. As noted at the platform level, opening
access to preprocessed data is also a suitable strategy at the ecosystem level, which enables
broader innovation while safeguarding core assets. In addition, platform owners can also adopt
the strategy of differentiating data targets. This approach directs complementors to focus on
distinct aspects of data in building their competitive advantages, while platform owners retain
control over data that are most critical to their core business. By steering complementors toward
adjacent areas, platforms enhance collaborative innovation across the ecosystem while reducing
direct competition arising from market overlap or resource similarity. Differentiating data targets
thus fosters cooperation, expands the ecosystem's scope of value creation and secures value
capture through clearly delineated domains of data demand.

Preventative strategies. As noted at the platform level, selective exposure can also serve
as an effective preventative strategy at the ecosystem level. When the overarching goal is to
prevent rival platforms from appropriating value from proprietary data assets, the focal platform
owner may adopt a strategic deferral strategy. Rather than framing openness and restriction as a
binary choice, platform owners can stagger access over time: initially restricting newer data
while gradually opening older data. This approach can work particularly well for non-asymptotic

data because recent data is key to machine learning model accuracy. Platform owners can retain
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exclusivity over newly generated data to strengthen their own models, while also giving
complementors access to older data so that they can develop proprietary models to complement
the digital platform’s overall value proposition. Similarly, platform owners can make asymptotic
data accessible to complementors once they have reached diminishing returns from fine-tuning
models with accumulated data. Such deferral ensures that complementors are not locked out of
opportunities to engage in value creation and value capture, thereby balancing competitive
advantage with ecosystem health.

Another preventative strategy for navigating the tension is selective encagement. This
policy measure entails encrypting high value data (such as data with asymptotic properties) so
that it is only usable by complementors on-platform. Such data can be encrypted at-rest—i.e.,
when stored on platform servers. With such an approach, complementor products and services
that rely on such data can only be realized within the platform—effectively engaging value
creation and capture. Further, only authorized participants can decrypt such data using a
platform-provided encryption key. A potential tradeoft with such an approach is that encryption
slows down transaction performance on the platform due to additional computation necessary for
encryption and decryption. This has potential to erode the consumption experience for users.
Thus, efforts to lock in value capture on-platform, may come at the expense of value capture by
users.

Discussion

This research set out to make sense of the evolving landscape for digital platform
ecosystems where data have become a core aspect of delivering their value proposition. We
observed that the emergence of intelligent algorithms has demonstrated the value of the data

assets that digital platforms have amassed and that opportunities for value creation and capture
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would accrue to those that develop and deploy proprietary models that offer a distinctive value
proposition. This development has prompted a rethinking of the virtues of openness that have
guided platform thinking for the past decade. To make sense of this evolving landscape, this
research developed a framework that theorizes the tensions that are likely to emerge when
platform owners make the decision to restrict or open access to the data that are generated on
their digital platforms. The framework identified the temporality of data and openness of data
access as two axes along which to understand the tensions that are likely to emerge for specific
participants and for the platform ecosystem as a whole.
Research Contributions

The framework developed herein contributes to the literature in several notable ways.
First, our study contributes to research at the intersection of open innovation and strategy by
reframing openness through the lens of data flows. Open innovation research has traditionally
examined the inflows and outflows of knowledge and technology (Chesbrough 2003; Laursen &
Salter, 2014; Shah & Nagle, 2019; Teece 2020). Data and its value have only recently begun to
take center stage in open collaboration (Clough & Wu, 2022; Gregory et al., 2021).
Consequently, it is little wonder that the literature lacks robust theoretical frameworks to make
sense of this emergent turn of events. In this regard, this research contributes to strategy research
by drawing attention to data assets as a strategic imperative and developing a theoretical
framework to engage with the nexus of the nature of data and decisions to restrict or open access
to it in digital platforms.

Second, this research advances our understanding of data network effects in digital
platforms. Gregory et al. (2021) introduced the concept of data network effects and the role of Al

capabilities built on data generated on digital platforms. However, their monolithic treatment of
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the nature of data risks masking the value creation and capture implications of data access
decisions. We further refine the consideration of data network effects by drawing attention to the
temporality of the data generated on digital platforms in the form of its asymptotic versus non-
asymptotic nature. This nuanced view of the nature of data enables deeper theorizing about how
digital platform owners can strategically manage data access to gain competitive advantages
against others. Our differentiation regarding the temporal nature of data suggests that not all data
network effects are created equal and should, therefore, not be theorized as such.

Third, our research contributes to the strategy literature by introducing the paradox of
data openness as a novel lens for unraveling tensions in value creation and value capture in
digital platforms. While Ryan-Charleton & Gnyawali (2025) draw attention to tensions between
value creation at the firm level versus joint value creation, our framework moves beyond this
focus by theorizing how openness of data flows and the temporal nature of data intensify or
mitigate these tensions (Vasudeva et al., 2020). This expanded perspective highlights the
multifaceted trade-offs that arise when platform owners restrict or open access to data: they can
advantage some actors while disadvantaging others, and what appears beneficial locally may
prove globally suboptimal for the overall platform ecosystem.

Fourth, our study contributes to coopetition research by shifting the focus from
coopetition among complementors to coopetition between complementors and platform owners.
Prior strategy research has largely examined coopetition among firms or among complementors
in platform ecosystems, emphasizing how they simultaneously compete and cooperate in critical
activities or markets (Chiambaretto et al., 2025; Vasudeva et al., 2020). Our work advances this
line of work by demonstrating that coopetition also occurs between platform owners and

complementors, especially as data emerges as a critical asset for which they strive (Mina &
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Dagnino, 2025). On the one hand, both platform owners and complementors compete to train
machine learning models using data generated on the platform, creating resource similarities and
market overlap (Mina & Dagnino, 2025). On the other hand, they must cooperate to deliver
valuable products and services for users. By foregrounding this paradoxical relationship, our
research identifies a distinct form of coopetition that becomes especially salient in emerging
phenomena, such as digital platforms, ecosystems, and Al.

Last but not least, our research deepens understanding of how paradoxical tensions in
coopetition can be managed (Dagnino & Ritala, 2025). Platform owners can be conceptualized as
a form of platform-level top management team (TMT) that mitigates competitive pressures and
fosters cooperation by designing governance mechanisms for data access (Bengtsson & Raza-
Ullah, 2025). In doing so, our framework complements strategy research emphasizing that
openness is not entirely free. Instead, it generates the greatest benefits when pursued in a guided
and targeted manner (Felin & Zenger, 2020). To this end, our study suggests several strategic
approaches that platform owners can adopt to alleviate tensions.

Future Research Directions

Our framework points to several promising directions for future research, offering
opportunities to advance understanding of the paradox of data openness and its implications.

First, while our theoretical framework provides the conceptual scaffolding to theorize the
implications of data access decisions and the temporality of data for participant value creation
and capture, it does not theorize the precise mechanisms that underlie these anticipated
outcomes. Future research should seek to advance and empirically test research models that
uncover what impact these data-related decisions have on participants and how those effects

unfold in more specific contexts. For example, given that data is often a shared resource
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generated by multiple parties on a platform, one way to understand the cooptative tensions in
value creation and capture is to investigate the ownership of digital assets. Blockchain
technologies provide a potential remedy by providing immutable, transparent and verifiable
records of data provenance and transactions (Lumineau et al., 2021; Lumineau et al., 2025).
Through smart contracts, blockchain can codify rules for clarifying the ownership and usage
rights of data assets. Future studies could explore, in the context of blockchain-enabled
platforms, how rules governing data ownership alleviate or intensify tensions in value creation
and capture among different actors within a digital platform ecosystem.

Second, future research can further investigate how tensions around data openness
manifest at multiple levels (Ranganathan & Chen, 2025). Our study suggests that greater
openness on one platform may inadvertently enhance the attractiveness of competing platforms.
For example, rival platforms could leverage openly available data to train their own LLMs and
improve services, thereby drawing users and complementors away. As such, tensions in value
creation and capture may unfold not only between actors within a single platform, but also
between multiple platforms.

Third, future research could adopt the perspective of complementors to examine how they
engage in value creation and capture activities with varying degrees of data openness. While our
theoretical framework describes how complementors may be affected by decisions regarding data
access and the temporal nature of data, it does not provide insight into how they are likely to
behave in the face of such situations. For example, when a platform imposes more restrictive
data policies, complementors may respond by migrating to a more open platform or by multi-
homing across several platforms. Research would benefit from efforts to theorize and empirically

examine complementor decision making and competitive behavior within the context of digital
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platform ecosystems that are subject to the data-related decisions our framework articulates. For
instance, it would be useful to learn how complementors incorporate these considerations into
their decisions regarding the digital platforms on which to participate. It would also be useful to
understand which complementor-related attributes might shape the impact of the framework’s
data-related decisions. In short, a theoretical and empirical understanding of complementors’
behavioral responses is critical for advancing knowledge on value creation and capture in data-
driven platform ecosystems.

Fourth, future research should explore how coopetition for data assets intersects with
established strategy theories, such as dynamic capabilities, resource-based view, transaction cost
economics, and stakeholder governance. For example, examining data openness through the lens
of dynamic capabilities can illuminate how firms sense and seize opportunities and reconfigure
their competence in rapidly evolving digital ecosystems. A resource-based view may highlight
how data as a strategic asset underpins sustained competitive advantages and shapes firms'
positioning in platform ecosystems. Transaction cost economics may shed light on how different
governance arrangements for data access affect relationship-specific investments, value
exchanges and opportunism. Stakeholder governance perspective may provide lens through
which future research investigates the governance form that platform owners should take to
navigate these tensions. In sum, exploring data openness tensions through these theoretical
perspectives would enrich understanding of data-related coopetition and extend core strategy
theories into the domain of open innovation on digital platforms.

Finally, we suggest future studies identify optimal solutions for resolving complex
tensions (i.e., a combination of multiple tensions) in platform ecosystems. Notably, we do not

presume that platform owners manage only one type of data (e.g., asymptotic data) or adhere to a

40



single data openness strategy (e.g., open access to data). In reality, platform owners often have
both asymptotic data and non-asymptotic data. A critical challenge, therefore, becomes how
platform owners should configure their strategies. This may include balancing open and
restricted access to data and navigating trade-offs between value creation and value capture for
participants. Developing such optimal configurations becomes a challenge not only for platform
owners but also a worthwhile research question.
Conclusion
New attention to the value of data has invited a reconsideration of key pillars of open
collaboration. Data, and the intelligent algorithms that are trained on them, have become a
prominent consideration for digital platforms as they pursue the value creation and value capture
that sustains their existence. This new focus on the value of data has platform owners thinking
through decisions as to whether to restrict access to the data that are generated from participant
activity on their digital platforms or whether to open access to other parties. In this research, we
addressed this evolving landscape by developing a framework that considers the paradox of data
openness. We surface key tensions that arise in light of data-related decisions, both at the level of
participants and at the level of the digital platform ecosystem. This offers one lens for strategic
management scholarship to make sense of developments that will unfold regarding how
platforms integrate data and proprietary algorithm-enabled services into their value proposition.
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