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Abstract: Data—as a specific form of digital resource distinct from software—has become 

strategically important for individual firms and for supply chains, ecosystems, and platforms. Data is 

by nature nonrival; it does not lose value when shared, and in technical terms, data can be infinitely 

disseminated, combined, and used. Indeed, a particular data set often gains in meaningfulness and 

value when combined and aggregated into actionable bundles such as “data objects” (e.g., user 

profiles, simulation models) or “information goods” (e.g., adverts)—a phenomenon we conceptualize 

as data complementarities. However, as data resources also entail competitive, legislative, and 

technical challenges—especially with regard to their mobility—the question of who captures value 

from data complementarities (and how) is a relevant concern. This chapter describes a multi-level 

model for capturing value from four types of data complementarity: internal (hierarchy), relational 

(bilateral contractual relationship), supermodular (platform ecosystem), and unbounded (data 

markets).  



1. Introduction 

For contemporary organizations, data are now the single most important strategic resource. Data are 

collected in almost all settings, ranging from individual users’ preferences in online marketplaces to 

continuous monitoring of industrial equipment performance through ubiquitous sensors. Importantly, 

given the huge volume of data collected from multiple sources, it becomes clear that “data seldom 

matter in [the] singular” (Alaimo & Kallinikos, 2021, 3) and that “data are seldom solely strategic 

resources that exist internal to the boundaries of any individual firm” (Gregory et al., 2021b). 

Increasingly, organizations combine different data sets into data objects of sufficient stability 

(Alaimo & Kallinikos, 2021), including credit scores, user profiles, employee profiles, viewability 

metrics, and digital twins (virtual versions of physical machinery). Furthermore, data resources are 

typically a by-product of a process or an intermediate good that is then combined and transformed 

into other information goods ranging from scientific reports to advertisements (Koutroumpis et al., 

2020). This in turn points to the existence and relevance of data complementarities, which we define 

here as the added value creation potential of combining different data sets into actionable and 

meaningful goods, objects, and artifacts. This chapter explores how firms can capture value from 

such data complementarities in different settings. 

The potential of data complementarities is increased with combinatorial breadth; indeed, data 

resources are often combined across organizational boundaries to make them more meaningful 

(Clough & Wu, 2021; Gregory et al., 2021b). For instance, an online service user profile typically 

combines behavioral data from service use (e.g., clicks, purchases, likes) with click-through data for 

different advertisers and usage data from other web services. Similarly, a contemporary car’s 

infotainment center includes sensor-based data on fuel consumption and other vehicle-specific 

metrics, as well as data from external services (e.g., traffic information, enriched location information 

such as location of the next charging station, music, and other entertainment services). Global supply 

chains are now also optimized by the use of demand and supply data, logistics information, and 

continuous real-time monitoring across multiple parties (Yan & Wang, 2012). Finally, digital 

platforms like TripAdvisor combine complementarities across multiple ecosystem actors, including 

hotel data, destination data, and user reviews (Alaimo et al., 2020). 

There are several reasons for the strategic centrality of data for modern organizations and the 

consequent extent of data collection and combination. Unlike knowledge, which tends to be sticky 

and costly to reproduce (Grant, 1996), data fundamentally resemble a public good that can be 

reproduced and used by multiple actors simultaneously at little or no cost. Relatedly, data are by 



nature nonrival (Jones & Tonetti, 2020) in that they are undiminished when used by multiple actors. 

Ideally, then, data can increase opportunities to create and capture value for multiple organizations 

and individuals, driving complementary and competitive innovation across different industries and 

ecosystems (Yoo et al., 2010).  

However, a number of significant barriers and tensions can restrict value capture from data 

complementarities. When viewed as a strategic resource, mobilizing data across organizational 

boundaries is often frowned upon because of competitive concerns (Cho & Jun, 2013; Ghoshal et al., 

2020; Jones & Tonetti, 2020) and the limited availability of relevant intellectual property regimes 

(Koutroumpis et al., 2020). Additionally, customer-specific data collection and analytics are subject 

to regulatory and contractual conditions (Leonard, 2014) that further restrict the mobility of data 

resources, even in the case of internal data sharing across organizational units and functions. In an 

ideal world, all of these hindrances can be overcome because “at a technological level, data is 

infinitely usable” (Jones & Tonetti, 2020, p. 2819). However, while this may be true in theory, in 

practice data sharing and resulting complementarities still fall short of their potential. 

While existing studies have discussed utilization of data complementarities in the context of digital 

platforms (Alaimo et al., 2020), there is yet no systematic account of how firms might capture value 

from complementarities across different data sets in different organizational contexts and at different 

levels of analysis. To bridge this gap, we describe a framework for capturing value from four distinct 

types of data complementarity across the classic continuum between hierarchy and markets 

(Williamson, 1985): intra-firm (hierarchy), bilateral contractual relationships, platform ecosystems, 

and data markets. In conclusion, we briefly illustrate the use of data complementarities in the health 

care sector and outline some implications for research and practice. 

 

2. Data resources and data complementarity 

Data resources are of value to organizations in three distinct ways. First, the variety in data, or in 

statistical terms variance, is the fundamental source for inferring information from the data using 

statistical means (all machine learning and AI-based methodologies are fundamentally based on 

statistical methods, even the very advanced ones). A second related factor is the sheer increase in data 

volume for similar cases in a given context; increasing N increases the statistical significance of the 

analysis and strengthens interpretation. Finally, data has potential for complementary value when 

different types of data sets are combined and recombined in different ways (Yoo et al., 2010; 

Kallinikos et al., 2013; Alaimo et al., 2020). We focus here on this third aspect as the foundation for 



data complementarities. Simply stated, data can be combined with other types of data to produce 

complementary value beyond that of the two data sets separately. This aligns with the definition of 

complementarities in the resource-based view of the firm (e.g., Adegbesan, 2009; Harrison et al., 

2001), but data’s distinctive features can produce complementarities of much greater scope and scale 

and for a larger number of actors than other resource types.  

Unlike knowledge resources, which are often heterogeneous in terms of expression, all data are 

composed of zeros and ones, leading to data homogenization (Yoo et al., 2010) allowing for easy 

dissemination and combination of data. Relatedly, Alaimo et al. (2020) highlighted data’s inherent 

editability, portability, and recontextualizability, noting that data can serve as a highly contextual 

carrier of meaning, so allowing different organizations working alone or together to create and capture 

value from data in multiple heterogeneous ways. While software and data share many affordances as 

digital resources, including easy transferability and editability, data differs from software in that it is 

not executable or reprogrammable alone. However, software and algorithms enable the value of data 

complementarities to be captured by transforming data as intermediate goods or by-product into 

information goods (Koutroumpis et al., 2020) or by aggregation into sufficiently stable and actionable 

data objects (Alaimo & Kallinikos, 2021).  

How, then, do firms differ in their ability to capture value from data complementarities? One relevant 

issue is the development of machine learning and analytics capabilities as a significant source of 

productivity differences in firms’ utilization of data (Gregory et al., 2021a; Clough & Wu, 2021). As 

data become a strategic resource, firms have moved from a value chain model to a logic of continuous 

improvement and learning based on data and analytics (Schildt, 2020). The classical way how value 

can be captured from data is to collect data about the business (e.g., products, users, and machines) 

and then use analytical capabilities (e.g., statistical analysis, visualization, and machine learning) to 

improve either the firm’s operations or the product itself. Improved analytical capabilities can also 

help to improve data-driven decision making (e.g., Brynjolfsson & McElheran, 2016), typically 

realized in the form of dashboards for monitoring production line status or as models for predictive 

maintenance (Porter & Heppelmann, 2014). Dashboards and predictive maintenance models are 

instances of data objects (Alaimo & Kallinikos, 2021)—sufficiently stable aggregates or bundles of 

complementary data sets. Other examples of products or services that benefit from data 

complementarities include smart connected products (Porter and Heppelmann, 2014) such as self-

driving cars (e.g., Tesla) or tractors that not only prepare the field but simultaneously collect vast 

amounts of data that help to optimize farming operations. Finally, data have inherent value as a 

saleable asset; for example, consumer behavior data are immensely valuable for other firms targeting 



a similar customer base or for advertising firms seeking to enhance targeting. Indeed, there is evidence 

of growing market-based exchange for customer data (Koutroumpis et al., 2020).  

While all forms of data complementarity are important, the potential to capture value becomes more 

scalable and generative (Thomas & Tee, 2021) when those complementarities cross organizational 

boundaries. As one obvious example, customer data become much more useful for targeted online 

advertising when combined across different sources and use patterns. In the same way, predictive 

maintenance solutions typically use sensor-based and other data from multiple industrial providers 

(Alaimo & Kallinikos, 2021); in the simplest case, the machinery is situated at the customer firm’s 

site, and the data are analyzed by the provider. However, different component providers may supply 

distinct modules that also collect data, facilitating complementarities in which a synchronized “digital 

twin” can be used to predict maintenance needs, process disruptions, and performance improvements 

on the basis of ongoing data collection. In such scenarios, data may cross organizational boundaries 

multiple times, but the complementarities are created at the level of a data object operated by the focal 

firm. Finally, the full nonrival potential of data is unlocked and potential societal benefits are 

maximized when shared and accessed in a broader market, ideally in a “many-to-many” setting 

(Koutroumpis et al., 2020; for discussion, see Jones & Tonetti, 2020).  

3. Capturing value from data complementarities: A multi-level framework 

In developing a multi-level framework for capturing value from four types of data complementarity 

in distinct organizational contexts, we began from Williamson’s (1985) classic conception of the 

different organizing forms for economic activity, including hierarchies, markets, and the “hybrid 

organizations” that lie between these two extremes. In both the classical model and the framework 

proposed here, hierarchies are intra-organizational contexts, in which data ownership is clear, and 

internal complementarities are created from data owned and collected by the firm. At the other 

extreme, in data markets (e.g., Koutroumpis et al., 2020), data are freely bought and sold; in the case 

of “open data” markets, free mobility of data as a public resource. In this type of market, firms can 

capture what we call unbounded data complementarities that are not for the most part planned, 

designed, or restricted beforehand.  

 

While Koutroumpis et al. (2020) interpreted “data markets” as broadly including all kinds of 

transactional data sharing, we identify two distinct hybrid organizational forms between the extremes 

of hierarchy and market, following Shipilov and Gawer’s (2020) distinction between (bilateral) 

contractual networks and ecosystems. In our framework, bilateral contractual relationships refer to 

inter-organizational contexts in which data sharing, integration, and ownership are contractual and 



bilaterally negotiated by independent organizational entities to capture relational data 

complementarities. This differs from our second “hybrid” context, the platform ecosystem, in which 

the orchestrator of a digital platform establishes a governance model, architectural control 

mechanisms and rules, and related boundary resources (see for example Thomas et al., 2014; Karhu 

& Ritala, 2021) that determine how data are collected and used on the platform. As a platform can 

distribute economic activity and related data collection and generate network externalities among its 

users, the platform owner can capture supermodular data complementarities (cf. Jacobides et al., 

2018).  

 

The initial overview of the framework is provided in Table 1, where we briefly describe data 

complementarities and implications for value capture at each organizational context. In interpreting 

Table 1 and the discussion that follows, it is important to note that rather than proposing a tightly 

exclusive taxonomy, our framework advances a typology in which the four “layers” of data 

complementarities and related challenges may sometimes overlap and share features. To that extent, 

the proposed typology is more like a continuum from hierarchy to market, in which the nature of data 

complementarity and the associated value capture challenges change in moving between the two 

extremes. The four types are illustrated by examples from the public and private sectors. 

 

  



TABLE 1. Four types of data complementarity in distinct organizational contexts 

 Internal Relational Supermodular Unbounded 

Organizational 

context 

Hierarchy Bilateral Contractual 

Relationship 

Platform Ecosystem Data Market 

Role of focal 

firm 

Sole owner and 

curator of data 

resources 

Party to a bilateral 

agreement 

establishing 

conditions for 

combining data 

across organizational 

boundaries 

Orchestrator of a 

platform ecosystem 

collecting data 

resources from 

participants via a 

digital platform 

Participant in open 

market exchange of 

data resources 

Source of data 

complementarity 

Complementary 

organization-specific 

data resources 

combined from 

different data sets 

Complementary data 

resources from 

different 

organizations 

combined on the 

basis of bilateral 

agreements 

Complementary data 

resources collected 

from ecosystem 

actors via a 

centralized platform  

Data 

complementarities 

defined case-by-case 

in markets where 

providers and users 

are matched 

Realization of 

complementary 

value 

Improved firm 

performance; 

improved value 

proposition for 

products or services 

Improved firm 

performance; 

improved value 

proposition for 

products or services 

Improved platform 

value proposition; 

increased “data 

network effects” 

Value captured via 

market mechanism 

(for profit) or from 

open data by 

individual actors 

(non-profit) 

Key value 

capture 

challenges 

Setting up firm-

specific processes 

and developing 

capabilities to 

collect, integrate, 

analyze, and exploit 

data resources 

Legal, technical 

(interoperability), 

and competitive 

concerns regarding 

data sharing and 

negotiating value 

capture 

Power imbalance and 

privacy issues; 

developing boundary 

resources to 

coordinate ecosystem 

data 

complementarities at 

arm’s length 

Data curation, 

homogenization, and 

standardization of 

data sharing 

interfaces and 

frameworks  

Examples Internal data 

including customer 

order history, 

product search, and 

shopping cart activity 

used to optimize 

shipping at 

Amazon.com 

(Erevelles et al., 

2016)  

Supply chain data  

used to improve 

logistical efficiency 

(Yan & Wang, 2012) 

Predictive 

maintenance service 

improvement for 

equipment based on 

sensor data owned by 

the producer (Porter 

& Heppelman, 2014) 

Complementarities 

across hotel data, 

destination data, and 

user reviews on the 

TripAdvisor platform 

(Alaimo et al., 2020) 

Amazon AWS Data 

Exchange1: find, 

subscribe, and use 

third-party data in 

the cloud 

Open bioinformatic 

databases like 

EMBL-EBI (Cantelli 

et al., 2021); EU 

Data Spaces
2
 

 

Internal data complementarities in a hierarchy 

While analyses of data complementarities have to date focused mainly on inter-organizational settings 

(Alaimo et al., 2020), we believe that the same value creation mechanisms operate in intra-firm 

contexts. In practice, firms are essentially collectives characterized by bundles of internal 

complementarities—a defining feature of their idiosyncrasy (Alexy et al., 2018)—and this logic also 

 
1 https://aws.amazon.com/data-exchange/ 
2 https://digital-strategy.ec.europa.eu/en/policies/strategy-data 



extends to intangible resources (Grant, 1996). On that basis, it makes sense to begin our analysis by 

examining data complementarities in hierarchies—that is, within the boundaries of an organizational 

entity. 

 

We contend that internal data complementarities occur when different sets of organizational data are 

combined and recombined in ways that create value beyond that created by those data sets alone. For 

instance, marketing and customer service teams might provide the production and logistics teams 

with data about which types of offerings generate most attention. In leading data-oriented companies 

like Amazon.com, combinations of different customer data types (e.g., product search and order 

history) are integrated seamlessly and augmented by algorithms that optimize utilization of these 

different data sets (see for example Erevelles et al., 2016).  

These firm-specific combinations of data can be seen to produce intra-organizational relational rents; 

as in the original conceptualization of relational rents (Dyer & Singh, 1998), intra-organizational 

relational rents are produced when idiosyncratic resources are combined, exchanged, and co-

developed. To produce such rents by exploiting data resources, the organization must overcome data 

integration challenges, as well as any organizational barriers to data sharing, by developing enhanced 

capabilities and frameworks for utilizing and integrating data. One important element of 

organizational analytics capability is “combinatory capability” (see also Kogut & Zander, 1992): the 

capacity to integrate, harmonize, and process data sets to capture the available complementarities. In 

this regard, big data analytics (Gupta & George, 2016; De Mauro et al., 2018; Mikalef et al, 2019) 

and artificial intelligence (Gregory et al., 2021a) are key organizational capabilities, that are required 

in sync with other organizational arrangements to enable the collection, integration, and aggregation 

of data resources. The key issue here is to clarify the role of such capabilities in extracting firm-

specific internal rents from data (Clough & Wu, 2021) while potentially creating value for the user 

base and other stakeholders (Gregory et al., 2021b). 

 

Intra-organizational data sharing and integration is not without its challenges. Like organizational 

knowledge, organizational data often end up in silos as a consequence of specialization and local 

optimization. For instance, the marketing department, the accounting department, and the R&D team 

may all have completely different sets of data, often in different formats or databases. This means 

that organizational actors are likely to encounter significant difficulties in accessing the different 

interfaces and information systems that deal with internal processes. Indeed, unlike inter-

organizational contexts, the challenges of intra-organizational data sharing rarely relate to contractual 

issues or competitive concerns but rather to how data can be integrated across organizational 



stakeholders to create value. Data siloing is especially apparent in large incumbent organizations, all 

the more so in the public sector, where the multiple independent units and functions of vast and 

complex entities like city authorities are supported by disparate information systems (e.g., Bundred, 

2006). Another challenge for organizations of every kind is how to deal with personal data. In Europe, 

GDPR limits how personal data can be processed by public and private sector actors, and specific 

user consent is needed before sharing or processing personal data.3 For public sector organizations in 

particular, other challenges include laws that prohibit analysis of social and health care data together, 

and these must be kept entirely separate.  

 

Relational data complementarities in bilateral contractual relationships 

As in intra-organizational contexts, relational data complementarities in bilateral contractual 

relationships between firms have significant potential to create value and generate relational rents 

(Dyer & Singh, 1998) when combining data sets generates value beyond that produced by individual 

data sets alone. This potential is as huge as it is obvious, and data sharing is often a key requirement 

for relationship building and achieving the goals of an alliance or network (Biggemann, 2012). In 

B2B settings, for instance, sharing of logistics or quality data across supply chains is crucial for 

supply chain safety and operational efficiency.  

 

In principle, given the unlimited reprogrammability (with the use of software) and the inherent 

homogenization of data (Yoo et al., 2010), relational data complementarities have huge potential. 

Additionally, the nonrival features of data mean that there “are potentially large gains to data being 

used broadly” (Jones & Tonetti, 2020, p. 2819). For instance, Ciccullo et al. (2021) demonstrated 

how data sharing in the agri-food supply chain reduced food loss and waste for all of the actors 

involved, and Shaw et al. (2017) have discussed the potential of data sharing for port resilience and 

disaster planning. These cases highlight the available inter-organizational relational rents (Dyer & 

Singh, 1998; Lavie, 2006) when firms establish infrastructures, mechanisms, and practices for data 

sharing. In essence, these relational rents depend on the ability to harness relational data 

complementarities across organizational boundaries. 

 

In our view, the potential for relational data complementarities is seriously underutilized, which 

would explain the rarity of known cases of data sharing (especially “horizontally” among peers) 

beyond supply chain contexts, where data sharing is more common. One reason for this lack of 

 
3 https://gdprinfo.eu/ 



utilization relates to competitive concerns, as data are difficult to protect using IP mechanisms 

(Koutroumpis et al., 2020) and are therefore often seen as a firm-specific asset, leading to non-

disclosure (Cho & Jun, 2013; Ghoshal et al., 2020), with potentially suboptimal results (Jones & 

Tonetti, 2020). Firms also encounter a range of technical and organizational barriers to data sharing, 

again leading to organizational data silos and suboptimization (Shaw et al., 2017). As a related issue, 

privacy concerns mean that personal data cannot always be moved across organizational boundaries, 

especially when a customer does not give their consent. However, that barrier is removed if consent 

is granted, as for instance in third-party targeted ads based on customer consent. It is also worth noting 

that GDPR imposes further restrictions on the public sector; as there is typically an inherent power 

imbalance between the data subject and the public sector actor, consent cannot be so freely utilized.  

 

Supermodular data complementarities in platform ecosystems 

In platform markets (also known as two-sided or multi-sided markets), platform users join a digital 

infrastructure that connects them to other users (Cennamo, 2021). The dominant model is the 

centralized platform market, in which a central organization (often called the platform or ecosystem 

orchestrator; see Thomas & Ritala, 2021) coordinates an ecosystem of users and complements (as in 

Google Android), users and producers (as in Uber) or users who are peers (as in Facebook). The 

platform orchestrator—typically a for-profit firm—often owns customer access and related customer 

and usage data and is therefore best placed to both create and capture value from the platform market 

(Clough et al., 2021). Platform users benefit from the network effects generated by the platform; the 

more users there are on one side of the platform, the more valuable the platform will be to users on 

the same side (as in the case of Facebook) or on the other side (as in the case of buyers and suppliers 

on a marketplace platform). Gregory et al. (2021a; 2021b) have recently argued that these regular 

network effects are boosted by “data network effects” that accumulate when platform-specific AI-

capabilities are used to improve the offering for all platform users.  

 

Platforms are typically built as modular structures, where a platform orchestrator builds a platform 

core, and actors at the periphery join by means of boundary resources such as user interfaces or 

application programming interfaces (Karhu & Ritala, 2021). What, then, is the source of the platform 

ecosystem’s data advantage? We argue that it lies in the ecosystem’s complements—the “modules” 

(Jacobides et al., 2018) that provide a continuous stream of data to the platform orchestrator. For 

instance, Netflix integrates usage data from different content items (i.e., modules) on the platform for 

continuous learning and service improvement (Verganti et al., 2020). In such cases, even if the 

module providers (in Netflix’s case, content providers) create those modules, the data flowing from 



their use are owned by the platform owner (Netflix). The modular platform structure and related 

complementarities can be characterized as “supermodularity” (Jacobides et al., 2018); on that basis, 

we refer to data complementarities in platform ecosystem contexts as supermodular data 

complementarities. Here, providers of complements (e.g., content, applications, products) control 

their own economic production, promoting significant innovation at the periphery, even if the data 

flow toward the core.  

 

The centralized platform model produces data complementarities within the boundaries of a platform 

ecosystem and under the control of the platform orchestrator. The platform orchestrator collects and 

governs a “data lake,”, takes ownership of user data, and supplies platform participants with 

complementarities in the form of same-side or cross-side network effects, creating additional value 

by constant improvement of platform offerings through data network effects (Gregory et al., 2021a). 

The key benefit of this model is its scalability; through efficient matching of supply and demand and 

curation of user interactions, a platform can potentially create a virtuous cycle of increasing network 

effects and user value on all sides of a multi-sided market (Cennamo, 2021). In a centralized model, 

then, data complementarities rely heavily on the platform orchestrator’s ability to collect, combine, 

and productize data from different platform actors to increase user value for different stakeholders, 

ultimately capturing value for the platform owner while at the same time incentivizing complementors 

to remain on the platform (Clough et al., 2021). The online advertising market is a good example of 

how data are used to create and capture value in a platform ecosystem. Customer data are collected 

by the platform owner from different sources (e.g., users of Google search) and bundled together for 

sale to organizations that can enhance ad targeting. In such cases, the platform owner collects data 

using the “many-to-one” model before reselling those data to advertisers using the “one-to-many” 

model (Koutroumpis et al., 2020). 

 

In addition to the challenges discussed above for internal and relational data complementarities, the 

platform model involves data collection on a massive scale and at arm’s length, requiring strategic 

deployment of various legal and technical boundary resources (Karhu et al., 2018). To control for 

data usage and ownership, platforms must make careful choices regarding the openness of their 

governance model (Thomas et al., 2014; Cennamo, 2021; Ritala & Karhu, 2021). From a societal 

perspective, platforms’ massive data use may also create power asymmetries (Cutolo and Kenney, 

2021) or, in the worst case, surveillance capitalism (Zuboff, 2019). Giga platforms like Amazon, 

Google, and Facebook have essentially become “data monopolies” that policy makers struggle to deal 

with.  



 

Unbounded data complementarities in data markets 

In data markets, participants exchange data resources on the open market for compensation (see e.g., 

Koutroumpis et al., 2020) or free of charge in the case of open data (Kitchin, 2014). In the former 

case, data are bought and sold by firms that can see value in a given set of data—for example, 

consulting and research firms selling customer preference data and user profiles for a particular 

industry. In the latter case, the data become a public good and fully realize their potential as a nonrival 

resource (Jones & Tonetti, 2020) providing potential use cases for any aspiring user of such data. For 

instance, open data is increasingly provided by public actors and aggregated in projects, such as 

OpenStreetMap4, and various open bioinformatic databases, such as EMBL-EBI5.  

 

In the data markets described above, firms can capture unbounded data complementarities. By 

unbounded we mean wide-ranging complementarities that can be achieved through open market 

exchange, which are not typically planned, designed, or restricted beforehand by the data providers, 

and where use cases are not often or necessarily known ex ante. Instead, data complementarities are 

defined and realized case-by-case after a data has been transacted (in case of for-profit data markets) 

or acquired (in case of open data markets). 

 

However, aggregating third-party data incurs the cost of adaptation and ensuring quality for the new 

context. For that reason, data governance and quality become an issue in the (open) market model 

and require some means of data curation (see for example Cavanillas et al., 2016). To avoid or 

automate this process, unbounded data complementarities in data markets are facilitated by 

homogenization of data resources and standardization of data-sharing interfaces (see for example 

Kovacs et al., 2016). Another challenge is that sellers may not truthfully reveal the origin and overall 

quality of the data, and buyers may disregard the terms for use, so degrading the data’s value 

(Koutroumpis et al., 2020).  

 

For the above reasons, Koutroumpis et al. (2020, p. 654) noted that “no ‘eBay for data’ has emerged” 

other than the dark web’s illegal data markets for credit card information and the like. However, this 

environment is changing rapidly; among notable recent developments, Amazon AWS has launched 

a Data Exchange that “makes it easy to find, subscribe to, and use third-party data in the cloud.” As 

of the end of 2021, this market was offering thousands of data products from hundreds of providers. 

 
4 https://www.openstreetmap.org/ 
5 https://www.ebi.ac.uk/ 



As another example, the European startup Datarade6 offers commercial data from 2,000+ providers 

in 300+ categories. In addition to these emerging commercial data markets, there are established open 

data markets based on cities, such as Helsinki Region Infoshare (Jaakola et al., 2015) and London 

Datastore, with close to 1,000 datasets in each. Finally, bioinformatics is a leader in the utilization of 

open data; for example, EMBL-EBI has a massive 390 petabytes of data and an estimated use value 

of £5.5 billion per annum (Cantelli et al., 2021), illustrating the massive value potential of unbounded 

data complementarities in open market settings. 

 

At government level, as part of the European strategy for data, the EU is aiming to create a digital 

single market for data, including common European data spaces for health, agriculture, and finance. 

The ultimate goal is to make more data available for use in the economy while allowing the companies 

and individuals who generate the data to retain control. Various communities and collectives are also 

working to standardize broadly shared governance principles and technological infrastructures for 

data transactions and sharing in true many-to-many fashion. These include the MyData.Org7 

movement, the International Data Spaces Association,8 and the Gaia-X project.9 All of these projects 

and communities aspire to resolve the challenges of data privacy and ownership and to develop 

mechanisms that will enable data owners to capture value while facilitating wider data dissemination. 

 

4. An illustration: Data complementarities in the health care sector 

An aging population will increase health care demand and organizing costs, posing a major future 

challenge for the public sector. One way of making services more effective and efficient is to improve 

how healthcare data are used. The following examples of the four types of data complementarity in 

this sector serve to illustrate the utility of our multi-level framework. 

 

Increased data sharing is expected to be a key feature of future health care provision, both for private 

sector providers and for public-private collaboration (see for example Casey et al., 2016; Tortorella 

et al., 2021). Collaboration will require data sharing across intra- and inter-organizational silos and 

boundaries. This affords significant opportunities but is also likely to highlight significant barriers in 

ensuring data security, privacy, and interoperability. At present, regulatory barriers in the health care 

sector limit the potential for unlocking complementary value from the available data; for example, 

 
6 https://datarade.ai/ 
7 https://mydata.org/ 
8 https://internationaldataspaces.org/ 
9 https://www.data-infrastructure.eu/GAIAX/Navigation/EN/Home/home.html 



health care data can generally be analyzed only for the purpose for which they were originally 

collected. The examples presented here portray the potential of data sharing in the health care sector, 

especially in relation to data complementarities. 

 

Health care is a particularly appropriate context in which to analyze data complementarities. We, 

human beings, the objects of health care services, are biochemical organisms, in which all distinct 

organisms are often dependent from each other providing a natural source for complementarities (i.e., 

rather than treating individual health one aspect at a time, healthcare benefits from understanding the 

whole biochemical system). In bioinformatics, a biochemical pathway is an example of a data 

object—a digital twin of a human being—to which we can attach measurement data in much the same 

way as sensor data are attached to a machine’s digital twin. Figure 1 shows one small part of such a 

pathway, illustrating the potential of data complementarities for health solutions related to sensory 

perception. 

 

 

Figure 1. Biochemical pathway for sensory perception as an example of data complementarity10  

 

Regarding internal data complementarities, public and private sector health care providers typically 

offer distinct health care services involving highly specialized healthcare professionals (e.g., 

gastroenterologists, endocrinologists). Individual health care records and service history of earlier 

 
10 "Sensory Perception" by Reactome is licensed under CC BY 4.0: https://reactome.org/content/detail/R-HSA-
9709957 

https://reactome.org/content/detail/R-HSA-9709957
https://reactome.org/content/detail/R-HSA-9709957


visits are often useful when deciding how to treat the patient’s current condition. However, while 

specialized healthcare is important and often effective, many diseases benefit from a more holistic 

approach, and the various treatments offered by different units can benefit from data sharing within 

the organization to produce additional complementary value and support more patient-centric models 

of care. Another source of internal data complementarities in health care is the use of relevant data in 

distinct but complementary contexts. For example, as social problems and health issues are often 

interlinked, social care data (e.g., employment services) and other types of social data (e.g., social 

media) can complement health care data (Spagnoletti et al., 2015).  

 

In the private sector, one example of relational data complementarity is how pharmaceutical 

companies collaborate during drug development. Different companies specialize in specific 

development phases or specific technologies, and they gain more value by collaborating with others 

in selected areas than by trying to do everything in-house. One recent and timely example is the 

development of COVID-19 vaccines, where highly specialized small firms like BioNtech 

collaborated with more established firms like Pfizer to produce vaccines in super-fast time through 

in-depth data sharing. 

 

Public-private partnership has been offered as one solution to address the public sector sustainability 

gap in the health care sector. In such a setting, the overall treatment of a patient consists of various 

services offered by public and distinct private sector organizations. To unleash data 

complementarities in this context, there must be a means of sharing data across organizations. In 

Finland, for example, a centralized national health care data repository and platform called My 

Kanta11 enables data sharing between public and private sector actors, including pharmacies, private 

health clinics, and occupational health care providers. This shared data resource allows patients to 

make flexible use of public and private health providers without any need for cross-consultation or 

repeated blood samples or doctor visits. This may ultimately lead to a platform market based on an 

open multi-sided platform model with supermodular data complementarities, where private and 

public sector providers could offer complementary services. 

 

Another example of supermodular data complementarities in the health care sector is the various 

health tracking solutions and smart watches offered by companies, such as Apple and Suunto, or other 

wearable devices, such as the Oura ring. These devices enable users to collect health data and track 

 
11 https://www.kanta.fi/en/my-kanta-pages 



their outdoor activities; users benefit from sharing this data with their peers, and platform owners can 

collect massive amounts of data that can be used to improve their devices’ accuracy—for example, 

how well the Oura ring measures sleep quality. Sometimes, completely new and unexpected features 

emerge from data collection, such as the ability to recognize the early signs of COVID-19 from body 

temperature data.12 Furthermore, providers of smart watches can enable third-party complementors 

to develop applications based for example on heart rate and training regime data.  

 

An example of unbounded data complementarities in the health care sector are various bioinformatic 

platforms, such as the EMBL-EBI and Reactome pathway knowledge base mentioned above (Croft 

et al., 2014). Reactome data, which consists of hundreds of thousands of proteins, complexes, and 

reactions between them forming more than 20000 biochemical pathways, are annotated and curated 

in decentralized fashion, and the open license makes them freely available for anyone to use for any 

purpose. To illustrate the potential for data complementarities in this data market context, consider 

again the example (Figure 1) of pathways for human sensory perception, which demonstrates how 

data from one sensory system can complement data from another. For instance, if one lab conducts 

experiments on visual phototransduction (top left, Figure 1) and another focuses on sound processing 

(bottom right, Figure 1), the two labs can unleash complementarities from their data by referring to 

the Reactome database to identify reactions connecting these pathways. 

 

5. Conclusion  

In this chapter, we have described a multi-level framework for capturing value from data 

complementarities. For managers and firms involved in developing and implementing digital 

strategies, the relevance of data complementarities is clear. As firms collect ever more data from 

customers, processes, and the ubiquitous sensors now embedded in machines and products, 

developing the requisite capabilities to aggregate, compile, and make sense of those data should be a 

key priority. As well as showing how firms can reap data complementarities internally, we have 

demonstrated the importance of data acquisition across organizational boundaries. The key decision 

is no longer whether to collect data but how and from where, and how to put it to productive use. We 

believe our chapter offers a useful point of departure for conducting such decisions. 

 

The chapter also serves as a point of departure for future research. Conceptualizing data 

complementarities as the added value creation potential of combining different data sets into 

 
12 https://ouraring.com/blog/early-covid-symptoms/ 



actionable and meaningful goods, objects, and artifacts, we argue that data complementarity is a 

scale-free concept that spans a continuum ranging from the intra-firm hierarchy to the open data 

market. As data complementarities have previously been examined mainly in platform contexts 

(Alaimo et al., 2020), we sought to extend the concept to different levels of analysis, arguing that data 

complementarities differ qualitatively at different levels and present different opportunities and 

challenges. Accordingly, we elaborated a multi-level model for capturing value from four types of 

data complementarity: internal (hierarchy), relational (bilateral contractual relationship), 

supermodular (platform ecosystem), and unbounded (data market). 

 

In the intra-firm context, data complementarities begin to accumulate when different organizational 

data sets (e.g., sales, manufacturing) are combined. Based on the logic of the resource-based view 

(Schmidt & Keil, 2013), this complementarity refers to the higher returns that accrue when one 

resource is combined with another. The idiosyncratic combinations created by these resource bundles 

in turn form the basis for firm differentiation (Alexy et al., 2018). These resources include 

organization-specific data sets and, in particular, the organization’s capacity to interpret, analyze, and 

learn from those data (Gregory et al., 2021a).  

 

In inter-organizational settings, combining data sets across different silos and boundaries can provide 

data complementarities unique to a particular supply chain or a network, as for example in the case 

of logistics optimization. However, relational data complementarities in bilateral relationships or 

broader contractual networks remain rare because of the competitive, technical, and legal challenges 

associated with data exchange across organizational boundaries. 

 

We also showed how platform ecosystems as a form of organizing (Kretschmer et al., 2020) resolve 

many of the challenges restricting the realization of data complementarities in contractual 

relationships and networks. In this context, data complementarities can be scaled up significantly if 

different data sources are effectively collected and curated, as for example in the case of TripAdvisor 

(Alaimo et al., 2020). Platforms based on centralized governance models provide a clear framework 

for data ownership (often to the benefit of the platform owner) and facilitate value creation for 

platform users and complementors, resulting optimally in a virtuous growth cycle.  

 

Finally, we demonstrated how for-profit and open data markets afford opportunities for unbounded 

data complementarities. While data markets involving true market-based exchange remain nascent 

(see Koutroumpis et al., 2020), we note a number of emergent frameworks and initiatives that show 



potential for more extensive and broader-based data sale and exchange. Importantly, in open data 

markets, data providers do not typically restrict how data are used, so creating the conditions for truly 

nonrival value creation (Jones & Tonetti, 2020). 

 

We also explained how firms can capture value from data. At the most basic level, firms can profit 

from collecting and analyzing data (such as customer data) and deploying appropriate analytics 

(Gregory et al., 2021a) to enhance their ability to capture value (Clough & Wu, 2021). That improved 

ability is reflected in better targeting of customer advertising or profit maximization by selecting the 

optimal revenue model (Huotari & Ritala, 2021). Given the nonrival nature of data (Jones & Tonetti, 

2020), value capture is likely to improve significantly when data are shared and combined across 

organizational boundaries. However, in these broader contexts, new challenges also emerge, which 

we have elaborated throughout this chapter (see Table 1). Inter-organizational bilateral relationships 

often involve contractual and competitive challenges, leading to underutilization of data 

complementarities and fewer opportunities for value capture. While centralized platform markets are 

one well-known solution, setting up a platform necessarily involves other governance challenges 

(Cennamo, 2021). Furthermore, while data markets ideally lead to wide-ranging or unbounded data 

complementarities, the challenge is to ensure value capture for both providers and acquirers of those 

data. 

 

Future research should further investigate the interplay between data complementarities and value 

capture. Wide-ranging data complementarities have significant potential for value creation and 

capture, but this may be hindered by technical difficulties, competitive concerns (Jones & Tonetti, 

2020), or customer data privacy issues. How data complementarities are created and organized and 

who captures that value are topics that remain underexplored. Additionally, while we have outlined 

four archetypal organizational contexts for data complementarities, future research should further 

explore the potential of different data markets (Koutroumpis et al., 2020) and of both centralized and 

decentralized platform models (e.g., Vergne, 2020).  
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