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ABSTRACT 

Digital ecosystems are one of the most important strategic issues in the current 

digital economy. Digital ecosystems are dynamic and generative. They evolve as new 

firms join and as heterogeneous systems are integrated into other systems. These features 

digital ecosystems determine economic and technological success in the competition 

among digital platform systems. However, how these ecosystems evolve over time is not 

yet clearly known. I describe three empirical essays in order to understand the underlying 

mechanism of the evolution of a digital ecosystem: 1) the underlying architecture of a 

digital ecosystem, 2) the evolutionary pattern of a digital ecosystem, 3) and the co-

evolution of a digital ecosystem. To explore these topics, I focus on the underlying 

generative structure of the ecosystem and its evolutionary pattern of WordPress, which is 

the world largest blog platform system. I collected a comprehensive set of information 

about the WordPress ecosystem including over 23,000 plug-ins from January 2004 to 

December 2014. To analyze the data, I apply a network approach to capture the 

generative nature of digital technology that assumes a fractal-like structure in which 

digital components such as Application Programming Interfaces (API) cluster into groups 

that generate other groups over time. As such, I can effectively capture the hierarchical 

structure of a network by exploring the topological structure of sub-networks that 

represent the fractal-like evolutionary dynamic system mechanism. The network 

approach, together with the conventional statistical approach, allows me to understand 

the unique nature of a digital ecosystem that is different from the boundary of a 

decomposable system, as the generative nature of system-agnostic digital components 
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builds on a developmental combinable system. I also discuss underlying theory, 

methodology, data, result, and implications and conclude by highlighting the 

contributions of this study and the direction of future research to further explore the 

evolution of digital ecosystems.  
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CHAPTER 1 INTRODUCTION 

 

Digital technology changes the way firms offer innovative features of products 

and services. Digital platform companies such as Google and Apple deliberately create a 

software-based platform system whose inherent generative nature leads to unprecedented 

levels of innovation by lowering the system boundary to allow the participation of an 

uncoordinated audience (Arthur 2009; Yoo et al. 2012; Zittrain 2006). For example, 

many successful digital ecosystems such as iOS, Android, and WordPress critically 

depend on innovations by heterogeneous third-party developers who create new digital 

products such as software applications and plugin programs in pursuit of their own 

interests and unique ideas. This allows firms to focus elsewhere than on the integrated 

design and central control of their system architecture as they innovate to compete with 

other firms. In particular, the emergence of a digital ecosystem fundamentally shapes and 

re-shapes the existing innovation landscape in totally different and unanticipated ways. 

However, we have limited understanding of how digital innovation in a digital ecosystem 

takes place.  

Underlying Generative Mechanism of Digital Ecosystems 

To systematically understand the principal mechanism of current digital 

innovation in a digital ecosystem, this dissertation starts from the generative nature of a 

digital ecosystem that represents a reproductive capacity to produce unprompted and 

uncoordinated changes in its structure and behavior by utilizing existing digital 

components without the control of a central authority (Zittrain 2006). However, these 

generative actions by third-party developers are not entirely random, as they often rely on 
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existing digital components (or APIs) in building their own digital products. Thus, the 

core conceptualization of the generative nature of a digital ecosystem comes from a broad 

set of heterogeneous APIs that create a dynamically changing landscape as a functionally 

rich set of digital products is created from simultaneous interactions among existing APIs. 

Therefore, the generative nature of a digital ecosystem is an outcome of purposive re-

combination of existing heterogeneous APIs without design control from the digital 

platform owner (Chesbrough et al. 2006). In this sense, this dissertation mainly adopts the 

(re)combinatorial view of digital innovation, focusing on the recombination of existing 

APIs, to create new features of an ecosystem as they are implemented as complementary  

digital products, or plug-ins, developed by third-party developers. 

Digital products generated from the recombination of digital components display 

a topologically overlapped structure with neighbor digital products in a network (Ravasz 

et al. 2002). Highly topologically overlapped digital products form a hierarchical order 

with other digital products based on a set of commonly shared digital components in a 

cluster. Thus, the topological structure emphasizes the pattern of unexpected 

recombinatorial change in response to the change of existing components and the 

emergence of new components (Barabási and Oltvai 2004; Newman et al. 2006; Wagner 

1996). This study explores the evolution of a digital ecosystem based on the change of a 

network’s nested topological structure (or the evolution of clusters) over time depending 

on the change of combinatorial patterns of digital components. 

Introduction of Three Essays 

With this theoretical lens in mind, what this dissertation mainly explores is how 

such a digital ecosystem evolves over time as well as the drivers of digital innovation in a 
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digital ecosystem. In particular, this study focuses on the extent of architectural evolution 

of a digital ecosystem that mutates (or splits and merges) over time through the 

continuous emergence and introduction of new heterogeneous digital components into a 

digital ecosystem. Indeed, through exploring the underlying digital innovation 

mechanism, the ultimate goal of this research is to inform digital platform providers 

about how to formulate their firm strategy to effectively grow their platform and leverage 

other technologies to increase the degree of market share as we observed from the case of 

Google’s Android and Blackberry. At the same time, those questions about the effective 

growth will provide a chance for small API providers to build technological strategies to 

effectively implement their APIs into other platform systems to ensure their survival and 

sustainability.   

The first essay (chapter 2), which is cross-sectional, characterizes the structural 

nature of a digital ecosystem. Its main goal is to capture the dynamic and generative 

nature of digital innovations that we see in contemporary digital ecosystems, where 

innovation occurs through the arm’s-length interaction between the focal firm and third-

party developers. From the digital product co-expression network analysis (Horvath 

2011), this study finds an orderly hierarchical structure of plug-ins with clearly 

differentiated boundaries across them. The results show that the way APIs are used to 

form a complex and dynamic ecosystem follows a discernable pattern, even though there 

is no central designer who coordinates the design of all plug-ins and the overall growth of 

the entire ecosystem. Furthermore, this study finds that while the APIs created by a focal 

firm play a central role in shaping the architecture of the ecosystem, external APIs 
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developed by other players also have an important role in shaping the ecosystem, 

showing the distributed nature of the architecture of a digital ecosystem.  

The second study (chapter 3), which is longitudinal, characterizes the evolution of 

a digital ecosystem. The main goal of the second essay is to understand the evolutionary 

pattern of a digital ecosystem in a layered modular architecture that is not centrally 

controlled by a platform provider. Using time-series data from co-expression analysis, 

this study focuses on the evolution of the topological structure to explore the ever-

changing landscape of a digital ecosystem mainly driven by the continuous combination 

of digital components. The results show that a digital ecosystem may not make 

significant growth in size and functional diversity without the introduction of 

heterogeneous digital components because some external digital components are used as 

core components that form the foundation of distinct clusters. Without these, third-party 

developers are limited in their ability to diversify the size and heterogeneity of a digital 

ecosystem.  

The third essay (chapter 4) explores how much external digital components 

change the structure of a digital ecosystem. The main goal of this study is to specifically 

investigate the impact of digital components from other platforms on the extent of a focal 

ecosystem’s growth. Unlike the first and second essay, this study focuses on the influence 

of connection patterns of digital components on the structure of a digital ecosystem. 

Using the survival model, the results show that heterogeneous digital components act as 

if they were originally created by a focal platform system by actively shaping and re-

shaping the structure of the digital ecosystem. The extent of this change is greater than 

the extent of change from the internal digital components and is mainly influenced by the 
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functional attractiveness and usefulness of the component rather than other attributes 

such as providers’ size and reputation.    

This is the first empirical study that has identified the underlying evolutionary 

mechanism of a digital ecosystem and shown how and how much the infusion of new 

digital components affects the structural change of the ecosystem. The three essays in this 

study show striking examples of seemingly unbounded digital innovation driven by 

recombinant innovation with detailed information about how APIs generate a changing 

landscape in a digital ecosystem. The findings suggest a new way of innovating for 

platform providers to leverage the technology of others in effective ways to overcome 

their technological limitations and thus compete with others.  
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CHAPTER 2 ESSAY ONE – THE GENERATIVE ARCHITECTURE OF A 

DIGITAL ECOSYSTEM: A NETWORK PERSPECTIVE 

  

ABSTRACT 

Contemporary digital ecosystems are characterized by their generativity, by which 

third-party developers primarily drive unbounded and unanticipated innovations. 

However, the underlying architecture of such generative digital ecosystems is not well 

known. We draw on a network biology approach to explore the architectural pattern of 

how individual software modules in a digital ecosystem interact with one another to 

produce a seemingly ever-changing ecosystem. We conduct an empirical study using data 

from WordPress.org, the world’s largest blog service platform, using text mining and 

network analysis to extract the API (Application Programming Interface) components 

used in creating plug-ins developed by third-party developers. Specifically, we construct 

a co-expression network of APIs to examine the underlying generative structure of the 

WordPress ecosystem. We find 11 plug-in clusters based on the pattern by which share 

the same combination of APIs. We further discover that there are three distinct layers of 

APIs: a universal core, a cluster core, and a cluster periphery. The interplay of these APIs 

shapes the emergent structure of this digital ecosystem. WordPress controls the APIs in 

the universal core, shaping the overall architecture of the ecosystem. Finally, we show 

that the functional diversity across plug-in clusters is shaped by the APIs in the cluster 

core in each cluster, some of which are owned by external players. External APIs 

generally help to generate the diversity in function among clusters.  
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INTRODUCTION 

 

As products and services are becoming increasingly digitalized, firms can no 

longer simply focus on enhancing the features and quality of their products through their 

own innovation efforts (Yoo et al. 2010). Instead, many firms try to leverage the 

creativity of others by creating a digital ecosystem (Tiwana et al. 2010). A digital 

ecosystem consists of: (a) a platform which is designed and maintained by a focal firm 

and (b) a collection of third-party developed complementary and supporting products. A 

digital platform includes a set of boundary resources such as Application Programming 

Interfaces (APIs) and Software Development Kits (SDKs) that focal firms provide for 

third-party developers to facilitate their development efforts, together with a set of rules 

and norms that govern the behaviors of the participating firms (Ghazawneh and 

Henfridsson 2012a; Tiwana et al. 2010). In the process, third-party developers leverage 

APIs that are provided by the platform owner and other firms to create new products such 

as plug-ins (Eaton et al, 2015). 

Previous research on modularity has shown that firms use modules to enhance the 

flexibility of their products through a “mixing and matching” strategy without 

redesigning the entire system (Garud and Kumaraswamy 1993; Sanchez and Mahoney 

1996). However, emerging digital ecosystems with third-party developers challenge the 

traditional concept of modularity with a fixed system boundary and a fixed set of 

relationships among modules (Yoo et al. 2010). To the contrary, new digital ecosystems 

have unclear and emergent boundaries as they harness the distributed creativity among 

heterogeneous actors who bring diverse knowledge and technological resources in 
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creating new add-on products such as plug-ins or apps (Yoo et al. 2012). In such digital 

ecosystems, novel and unanticipated recombinations of existing software code modules 

such as APIs often serve as the source of generative and unbounded innovations (Arthur 

2009). Therefore, the generativity of a digital ecosystem is fundamentally different from 

the flexibility of a closed modular system. While the flexibility of a closed modular 

system derives from the variety of modules of the same kind (Baldwin and Clark 2000; 

Sanchez and Mahoney 1996), the generativity of an open ecosystem derives from the 

variety of plug-ins of different kinds (Yoo et al. 2012).  

In this study, we seek to understand the underlying architecture of such generative 

digital ecosystems. Generativity refers to “the capacity of technology to produce 

unprompted changes driven by large, varied, and uncoordinated participants” (Zittrain 

2006). The logic of generativity offers, therefore, an insight into how organizations such 

as Apple and Google offer a large array of innovations through their platforms by 

harnessing the creativity of third-party developers. In fact, generativity of digital 

innovation is driven by an ongoing recombination of heterogeneous technology artifacts, 

often in unanticipated and surprising ways. Such a recombination of digital technology 

can drive complex “wakes of innovations” as observed by Boland et al. (2007). Yet, 

despite its theoretical and practical importance, little attention has been paid to the 

underlying structure of generativity and how innovations by some actors can instigate 

complex wakes of innovations that traverse through the entire digital ecosystem.  

In order to fill this void in the literature, we build a model of generativity by 

drawing our theoretical and methodological inspirations from network biology. A 

network biology perspective focuses on the interactions among existing components (e.g., 
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genes and proteins) as a way to understand the dynamic structure of cells and organisms 

(Kauffman 1993; Kitano 2002). Specifically, the field of network biology is concerned 

with how interactions among genes produce functionally differentiated cell types in an 

organism; such interactive patterns among genes are captured through a co-expression 

network (Ravasz et al. 2002; Ruan et al. 2010; Stuart et al. 2003; Zhang and Horvath 

2005). Management scholars have used network biological models to explore how firms 

innovate through recombination (Fleming and Sorenson 2001; Fleming and Sorenson 

2004; Levinthal 1997). We extend this recombinant approach by studying the generative 

architecture of a digital ecosystem. 

A biological network has many similarities with a digital ecosystem in which 

components such as APIs, plug-ins, and apps evolve in a dynamic way, and interactions 

among these components drive the innovations in the ecosystem. Based on this insight, 

we explore the underlying structure of generativity in a digital ecosystem. In particular, 

we focus on how independent heterogeneous developers create new plug-ins by 

recombining different existing APIs. Further, we explore how such independent actions 

by heterogeneous actors lead to the emergence of an extremely large and complex digital 

ecosystem without a central design authority. We use a co-expression network to explore 

clusters of APIs that are repeatedly used together to generate plug-ins as a way of 

understanding the structure of the generativity of a digital ecosystem (Ravasz et al. 2002). 

Specifically, we ask:   

a) What is the underlying generative structure of a digital ecosystem? 

b) What is the role of the focal firm vis-à-vis third-party developers in 

influencing the generativity in a digital ecosystem? 
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c) Does the generative structure of a digital ecosystem explain the functional 

differentiations among digital products in the ecosystem? 

We answer these questions using a data set collected from WordPress.org, the 

world’s largest blog service platform. The WordPress ecosystem is known for its vibrant 

and diverse set of functions provided through a large number of plug-ins, most of which 

are designed and built by third-party developers. In this paper, we first review existing 

literature on modularity and generativity. Second, we introduce a network biology 

approach and the notion of co-expression networks and discuss how they can be used to 

explain generativity in a digital ecosystem. Third, we present the results of our empirical 

study. We then conclude the paper by discussing the theoretical and managerial 

implications of using the network biology perspective in understanding the generativity 

of a digital ecosystem.  

 

LITERATURE REVIEW 

Modularity 

Ever since Simon (1962) proposed the notion of modularity as a way of 

understanding a complex system, modularity has been one of the core constructs in 

management research (Schilling 2002). One can use a modular architecture to represent a 

complex system divided into a set of subsystems that perform specific functions and their 

relationships (Ulrich 1995). As such, modularity offers simplicity in dealing with a 

complex system as one can focus on the overall architectural scheme that defines the 

boundary of the system, the modules that make up the system, and interfaces among the 

modules, while leaving the detailed design of the modules to others. This allows an 
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effective division of labor among different actors during the design and production of a 

complex system (Sosa et al. 2004; Staudenmayer et al. 2005).  

Not only does modularity reduce the complexity in design and production of a 

product, it also increases its flexibility by allowing the “mixing-and-matching” of various 

modules (Sanchez and Mahoney 1996). Such a “mixing-and-matching” strategy is 

possible as one can replace one module with another as long as they both conform to the 

same standardized interface (Baldwin and Clark 2000). For example, with personal 

computers, users can use any video board or hard disk as long as they follow the standard 

interfaces. Firms can then increase product variations by leveraging modules in an 

increasingly “intermeshed” way (Sanchez 2004).  

In this context, scholars have focused on the role of a firm that controls the design 

of a product through its architectural knowledge (Clark 1985; Henderson and Clark 1990). 

Recently, however, scholars have begun to propose that heterogeneous firms can 

autonomously coordinate (either explicitly or implicitly) their designs and production of 

modules without the intervention of the architecture owner when the architecture is 

mature enough with a set of clearly articulated interfaces (Staudenmayer et al. 2005). In 

this sense, a product can be considered as a network of peer modules that share the same 

interfaces in order to function as a whole (Sosa et al. 2005). By leveraging such 

flexibility stemming from modularity, a firm that owns the architecture can dramatically 

increase variations in the product and the overall agility of the organization without 

incurring high transaction cost (Sambamurthy et al. 2003; Sosa et al. 2004). Recently, 

Baldwin et al. (2014) used a network graph method to reveal the “hidden structure” of 
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software systems. They showed that by using a network approach, one can detect core 

modules that are heavily connected to periphery modules.  

While such a network perspective of modular innovations helps us understand 

product architectures and innovations where the boundary of a product is fixed and 

clearly articulated a priori by a central authority (Nickerson and Zenger 2004), the 

flexibility of a product and its variations occur only within the confines of a given 

architectural scheme (Ulrich 1995). Here, modules are product-dependent, no matter how 

diverse they are. That is, the product is designed first and then modules are designed 

(Gulati et al. 2012; Yoo et al. 2010). For example, Baldwin et al. (2014) studied 1296 

different software projects to discover how different software modules within each 

project are interrelated. Here, the software modules within each project have relations of 

interiority, where modules “are constituted by the very relations they have to other parts 

in the whole” (DeLanda 2006, p. 9). An individual software module of an individual 

project “ceased to be what it is, since being this part is one of its constitutive properties” 

(DeLanda 2006, p. 9). Therefore, the linkages between individual software modules are 

“logically necessary” to make the whole project what it is. 

By contrast, in digital ecosystems in which modules are designed first without 

necessarily considering a particular product architecture, modules are product-agnostic. 

For example, when Google introduced its popular Google Maps APIs to the public, these 

API modules were not designed for specific products. Yet, in a short time, they were 

combined with a multitude of other modules available on the Internet (e.g., from 

Craigslist, Facebook, and private databases) to produce thousands of what is called in the 

vernacular “mash-ups.” Most of these mash-ups were not intended, designed, or approved 
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by Google. Now these Google Maps APIs are integrated with different types of hardware 

such as mobile phones, portable navigation devices, digital cameras, and automobiles, 

with new types of innovations that were not intended by Google being continually 

created. In digital ecosystems, modules have relations of exteriority by which a module 

may be detached from a digital product and plugged into a different product (DeLanda 

2006). There appears to be no explicit modular architecture that provides a fixed 

boundary of the system in this case. In a way, innovations in digital ecosystems are 

unbounded and emergent (Yoo et al. 2010). The linkages between individual software 

modules in products that are part of a dynamic digital ecosystem are what DeLanda refers 

to as contingently obligatory. For example, if a mash-up developer creates a website 

displaying the location of Twitter messages on a digital map by connecting Google Maps 

API with Twitter APIs, she could have used other APIs that offer similar functionality 

such as Bing or Yahoo Maps. Thus, the connection between Google Maps API and 

Twitter API is not logically necessary, but only contingently obligatory. Existing models 

of product innovation based on modularity with fixed boundaries and relations of 

interiority cannot effectively explain innovations in digital ecosystems with emergent 

boundaries and relations of exteriority. In this paper, we offer a new theoretical 

perspective on innovations in digital ecosystems that do not require a priori modular 

architectural knowledge to define the boundaries and interfaces of a system.  

 

Conceptualizing the Generative Architecture of a Digital Ecosystem 

 The idea of generativity is a useful concept to understand the dynamic, emergent 

and unbounded nature of digital innovations (Yoo et al. 2010). Zittrain (2006) focuses on 
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particular features of digital technology and the behavioral traits of actors in order to 

explain the generativity of digital artifacts. In this paper, we adopt a recombinant view of 

digital innovation, focusing on the recombination of existing software code modules, or 

APIs, to create new features of an ecosystem as they are implemented as complementary 

products, or plug-ins, developed by third-party developers (Chesbrough et al. 2006; 

Tiwana et al. 2010). Specifically, we define the generativity of a digital ecosystem as its 

reproductive capacity to produce unprompted and uncoordinated changes in its structure 

and behavior without the control of a central authority by utilizing existing software 

modules that can be recombined in novel ways. The term digital ecosystem refers to a set 

of a platform, APIs, and complementary products (Cusumano and Gawer 2002; Tiwana 

et al. 2010) together with a set of actors including the platform owner and third-party 

developers (Ghazawneh and Henfridsson 2012b). We conceptualize a digital ecosystem 

with a multi-layered emergent structure, where the boundary of the ecosystem is shaped 

by the evolution of software-based products (i.e., plug-ins) in the ecosystem (Eaton et al. 

2015). The products in the ecosystem are created by the recombination of existing APIs 

(Tiwana et al. 2010). Thus, the structure of a digital ecosystem is an emergent outcome of 

the co-evolutionary process of these layers. 

 At the core of our conceptualization of generative architecture of a digital 

ecosystem is a rich and evolving set of heterogeneous APIs, the recombination of which 

produces an ever-changing landscape of digital products in the ecosystem (Nickerson and 

Zenger 2004). Many successful digital ecosystems such as iOS, Facebook, and 

WordPress critically depend on innovations by heterogeneous third-party developers who 

create new digital artifacts (such as software plug-in programs or apps) in their pursuit of 
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self-interest and novel ideas. However, these generative actions by third-party developers 

are not entirely random, as they can be seen as a search process over the digital product 

landscape through recombination of new and existing APIs to pursue innovations 

(Fleming and Sorenson 2004; Nelson and Winter 1982). In contemporary digital 

ecosystems, APIs are developed not only by platform providers such as WordPress, 

Google, and Facebook, but also by firms that do not have their own platform services. 

Therefore, the generativity of a digital ecosystem is an outcome of the purposeful 

recombination of new and existing heterogeneous APIs (Chesbrough et al. 2006). A rich 

array of digital products in a digital ecosystem (namely, plug-ins) are derived from the 

simultaneous interactions of existing APIs. Following the tradition of an evolutionary 

perspective in the management literature (Arthur 2009; Fleming 2001; Fleming and 

Sorenson 2004; Nelson and Winter 1982; Schumpeter 1942; Simon 1996; Simon 2002), 

we draw upon a network biology perspective that describes the generative architecture of 

digital innovation through the recombination of genes (Kauffman 1993).  

 

THEORY DEVELOPMENT 

A Network Biology Approach 

 Drawing on the work by Kauffman (1993), one of the key goals of network 

biology is to systematically understand the nature of complex biological systems 

containing multiple cell types deriving from the same genetic informational code 

(Barabási and Oltvai 2004). These multiple cell types, exhibiting different functions, are 

primarily produced through selective, non-linear, and non-additive interactions among 

genes and the proteins they encode (Kitano 2002). While a gene sequence, that is, a string 
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of nucleotides or segment of DNA, represents the informational unit in any genome in 

terms of function, these nucleotides are eventually translated into amino acids and 

assembled as a three-dimensional protein, representing the basic structural unit of a cell, 

again in the context of function. Interactions between genes/proteins provide a structural 

backbone of intra- and intercellular networks and, ultimately, the complexity that we see 

in biological systems. Building a co-expression network is a powerful approach in 

biology that effectively captures how different genes are co-expressed in phenotypes 

through complex generative processes such as cell differentiation and morphogenesis 

(Zhang and Horvath 2005). Thus, a co-expression network and its underlying dynamic, 

combinatorial, and generative patterns of genetic interactions can help us to understand 

the generativity by which common genotypes give rise to different phenotypes, thereby 

explaining how different cells perform different functions within an organism even 

though they all share the same set of instructions (i.e., DNA; Barabási and Oltvai 2004; 

Ruan et al. 2010; Strogatz 2001; Stuart et al. 2003).  

 Although the pattern of interactions among genes is non-linear and selective, 

certain combinations of genes are repeatedly used across a diverse set of functions. Such 

recurring patterns of gene interactions form the genetic foundation of clusters of 

functionally similar cells or phenotypes with varying degrees. At the same time, modifier 

genes can play important roles in creating the degree of phenotypic varieties within each 

cluster by influencing the expression of these recurring sets of genes. A modifier gene 

refers to genes that have little quantitative effect on the functional expression of gene 

networks but cause subtly different levels of gene expression (Lobo 2008; Nadeau 2001).  
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 To capture the diversity of gene expression in cells, biologists explore the 

landscape of co-expression networks via topological overlaps (Ravasz et al. 2002; Stuart 

et al. 2003; Zhang and Horvath 2005). A network topology represents the hierarchical 

structure of a network, using a bottom-up approach to identify clusters of gene 

interactions that frequently occur together (Albert and Othmer 2003) and are useful in 

understanding the structure of large, complex networks (Jeong et al. 2000). Using a 

topological network model, one can explore and delineate the possible presence of 

recurring patterns of gene interactions in cells (Zhao et al. 2010). Most importantly, by 

focusing on topological overlaps, one does not need to focus on individual genes, but on 

the network of gene interactions, thus, representing phenotypes as an interactive network.  

 

A Network Model of Generative Architecture of Digital Ecosystems 

 An increasing number of modern digital products, such as plug-ins for web 

services or mobile apps, consist of existing software modules (APIs) and additional 

software codes that connect these modules together and add functionalities such as user 

interfaces. Therefore, if APIs are indeed used as genetic elements to build plug-ins, their 

interactions might influence the appearance of functionally different plug-ins, just as 

biologists can capture the functional differences among cell types or phenotypes through 

the co-expression of genes (Bullmore and Sporns 2009; Emilsson et al. 2008; Hawrylycz 

et al. 2012; Zhang and Horvath 2005). In other words, as biologists can construct a gene 

co-expression network based on gene interactions, we can construct a co-expression 

network of software modules to characterize the way different APIs are used to create 

these digital products. Further, as combinations of certain APIs are likely to be used more 
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frequently than others, we can identify core combinations of APIs in the same way 

biologists identify core genes involved in recurring genetic interactions. The patterns in 

which combined set of APIs are used for different plug-in software products in a digital 

ecosystem then forms the generative architecture of the ecosystem. Furthermore, this 

generative architecture can be simplified by identifying topological overlaps of 

combination. Finally, an emergent collection of these plug-ins comprises an ever-

changing landscape in a digital ecosystem. Thus, the emergence of new APIs and 

changes in existing APIs can drive the development of new forms of plug-ins with novel 

functions, that can in turn shape the boundaries of an ecosystem over time.  

 In this paper, we characterize a digital ecosystem as an emergent collection of 

plug-ins, each of which can be in turn characterized as a combination of APIs. For 

example, in Figure 1, we have a hypothetical ecosystem with two plug-ins with five 

different APIs (A0, A1, A2, B0, and B1). APIs labeled A are developed by one firm and 

APIs labeled as B are developed by another firm. These five APIs are used to produce 

two different plug-ins, represented by two rectangular boxes. Plug-in 1 (solid line) uses a 

set of APIs including A0, A1, B0 and B1; Plug-in 2 (dotted line) uses a set of APIs 

including A0, A1, A2, and B0. From this, we can identify a topological overlap between 

the two plug-ins that share A0, A1 and B0. From both this topological overlap and the co-

expression network of APIs, we can examine how different plug-ins are created through 

combinations of different APIs.  
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Figure 1. Topological overlaps between two hypothetical plug-ins  

 

Based on this framework, we model the WordPress ecosystem as a collection of a 

large number of plug-ins that provide a diversity of functionalities to users. These plug-

ins, in turn, are created by combining a large number of APIs, some of which are created 

by WordPress and others by third-party firms and individual developers. In this study, we 

explore the underlying generative architecture of the WordPress ecosystem by 

investigating the co-expression network of APIs and the topological overlap. We further 

explore the nature of control of an ecosystem by examining the ownership of individual 

APIs that belong to different plug-in types. By so doing, we hope to offer a new 

theoretical and empirical framework of generative architecture in a digital ecosystem. 

 

AN EMPIRICAL STUDY 

Data 

 We collect data from WordPress.org (WordPress from hereon). WordPress offers 

an excellent example of how generativity occurs through the participation of third-party 
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developers who develop plug-ins in a digital ecosystem. Plug-ins are composed of 

various APIs that extend the original functionality of the WordPress platform system. 

Here, we categorize APIs into two types: internal and external. Internal APIs refer to 

APIs developed in-house by WordPress. Internal APIs allow third-party developers to 

structure ideas onto the WordPress platform system. However, they offer a limited set of 

functions. On the other hand, external APIs are provided by web service providers such 

as Google, Facebook, and Twitter. External APIs offer various sets of functions that 

WordPress does not offer. Therefore, the interactions between internal APIs and external 

APIs form a rich network of plug-ins.  

 A total of 23,218 plug-ins are available to analyze the usage of APIs among more 

than 35,000 plug-ins listed on WordPress as of December 2014. We develop a text-

mining program in Java to analyze the source codes of all plug-ins to identify the usage 

of internal and external APIs in these plug-ins. We collect API information from two 

different websites through an automated data extraction process: the WordPress website 

for 103 internal APIs and www.programmableweb.com (a website that maintains a 

directory of more than 11,000 web APIs and mash-ups as of December 2014) for 340 

external APIs.  

 Using the data extracted through the text-mining process, we constructed a 23,218 

plug-ins x 443 APIs matrix. ‘0’ denotes that an API is not used in a plug-in, while ‘1’ 

implies that an API is used. Each of the 23,218 plug-ins includes at least one API. On 

average, each plug-in uses 6.66 functionally different APIs (with a standard deviation of 

4.98), with the minimum number of APIs used being 1 and the maximum number 92. 

Each API is used on average 349.16 times (with a standard deviation of 1737.98) with the 
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minimum number of API usage being 1 and the maximum number of API usage being 

21,756. 

 

Exploring the Emergent Structure of WordPress Ecosystem 

Analytical Approach: A Plug-in Co-Expression Network 

 Our first research question asks about the generative structure of a digital 

ecosystem. To address this question, we build a plug-in co-expression network from our 

data set. A plug-in co-expression network is an undirected network: each node represents 

a plug-in, and each edge indicates the connection strength of a pair of plug-ins in terms of 

the shared usage of APIs (Horvath and Dong 2008). Each edge indicates a weighted 

value depending on commonly used APIs. The weight of the edge is greater when a pair 

of plug-ins uses the same APIs more frequently. In particular, the weight of each edge is 

calculated through the topological overlap of the combination patterns of the APIs in 

each plug-in (Ravasz et al. 2002). Therefore, a co-expression network represents the 

unbiased metric in quantitatively estimating similar combinatorial patterns that 

essentially determine the underlying structure (Ruan et al. 2010; Stuart et al. 2003).  

 We construct a plug-in co-expression network according to the following 

procedure (Horvath 2011; Zhang and Horvath 2005). First, we build an adjacency matrix 

of plug-ins from the data set. An adjacency matrix maps a 23,218 x 23,218 plug-in matrix 

from the shared use of APIs between a pair of plug-ins. This matrix helps define the 

distance between plug-ins depending on how close they are based on the number of 

shared APIs. A connection of nodes includes indirect neighboring relationships among 

plug-ins. An adjacency matrix is measured between plug-ins, i and j, represented as a_ij. 
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The matrix shows weighted entries that range from 0 to 1. a_ij is equal to 1 when plug-ins 

i and j share the same set of APIs. If a plug-in does not use the same APIs, a_ij will be 0. 

 Second, we use the topological overlap to estimate the relative inter-

connectedness (Doncheva et al. 2012; Ravasz et al. 2002). Entries of the topological 

overlap matrix represent the weighted similarity measure in a plug-in network based on 

the adjacency matrix (Zhao et al. 2010). The topological overlap measure aims to detect 

the centrality and the hierarchical architecture of a plug-in network. The number of direct  

neighbors of a plug-in i is 𝑘! =    𝑎!"! , where 𝑘! represents how a plug-in is similar with 

its neighboring plug-ins with respect to the usage of APIs, and the number of APIs shared 

by plug-ins i and j is 𝑎!"𝑎!"!  !!,! . From this process, we obtain the topological overlap 

matrix as follows:  

𝑻𝒐𝒑𝒐𝒍𝒐𝒈𝒊𝒄𝒂𝒍  𝒐𝒗𝒆𝒓𝒍𝒂𝒑  𝒎𝒆𝒂𝒔𝒖𝒓𝒆 =    𝒂𝒊𝒖𝒂𝒋𝒖!  𝒂𝒊𝒋𝒖  !𝒊,𝒋

𝐦𝐢𝐧 𝒌𝒊!  𝒌𝒋 !𝟏!  𝒂𝒊𝒋
, whose value is “0” if plug-ins i 

and j are not connected and do not share any APIs. The topological overlap measure 

offers quantitative robustness in understanding a complex network (Yip and Horvath 

2007). In particular, the topological overlap measure can segment the boundary of 

clusters in a network. Similar entry values of topologically overlapped measures are 

likely to form a cluster in a network (Ravasz et al. 2002). The hierarchical structure of a 

network can be represented by exploring the topological overlap measure, and sub-

clusters can be classified within a cluster. 

 Third, we draw a dendrogram, or a hierarchical clustering tree, using a 

hierarchical clustering analysis (Langfelder et al. 2008). Each entry in a topological 

overlap matrix represents the distance of network centrality between plug-ins. A cluster is 
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composed of a group of entries having similar entry values in a topological overall matrix 

(entry values can be represented by a specific range such as 0.90 to 0.92). A hierarchical 

cluster analysis allows us to build a hierarchy of given clusters by estimating the degree 

of dissimilarity among clusters (Hastie et al. 2009). We agglomerate the degree of 

dissimilarity by estimating the average distance among the entries of the topological 

overlap measure. In particular, a dendrogram visualizes the degree of dissimilarity in 

each cluster. The dissimilarity degree is proportional to the branch length in a 

dendrogram. Each branch indicates a specific cluster of plug-ins. Each leaf at the terminal 

end of a branch indicates a plug-in on a dendrogram. A branch length is represented by 

the height of a dendrogram that specifies a distance point where two plug-ins or clusters 

are merged into a single cluster. Thus, we can visually understand how each plug-in is 

connected with other plug-ins and how plug-ins can be clustered depending on the shared 

usage of APIs.  

 Fourth, we generate a topological overlap plot of the co-expression network in 

order to get a simplified view of a complex network to identify hierarchical structure 

(Bullmore and Sporns 2009; Stuart et al. 2003; Zhang and Horvath 2005). A topological 

overlap plot not only offers the structural pattern of plug-ins from the cluster of plug-ins 

but also allows us to understand the connections of plug-ins across different clusters. 

Thus, a topological overlap plot offers what a dendrogram cannot provide. In particular, 

the rows and columns are characterized from a dendrogram, so we can visually identify 

how plug-ins are connected with one another through shared APIs even though plug-ins 

belong to different clusters. The range colors in a topological overlap plot represent the 

different degrees of the measure.  
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 Finally, to gain a deeper understanding of the generative architecture of the 

WordPress ecosystem, we explore our mined network of 23,218 plug-ins and 443 APIs 

using a Circos plot (Krzywinski et al. 2009). The Circos plot applies a circular ideogram 

layout of API usages on the circular map where plug-ins are aligned to represent the 

connectivity between APIs and plug-ins. By applying Circos, we can systematically and 

comprehensively visualize each of the design patterns as well as the impact of internal 

and external APIs on the generation of plug-ins in the network of API and plug-in.  

Underlying Structure of Generativity of WordPress Ecosystem 

 We generate plug-in co-expression networks using the statistical package R 

(Horvath 2011). Based on the topological overlap measure, we generate a dendrogram of 

23,218 plug-ins to understand how plug-ins are clustered with one another. This 

dendrogram displays clusters of plug-ins that share similar sets of APIs (Figure 2). The 

height of each branch (vertical lines) ranges from 0 to 1 and indicates the degree of 

dissimilarity among plug-ins within each branch. Plug-ins with little distance between 

them (e.g., close to ‘0’ on the vertical axis) indicate that they include a set of APIs that 

are commonly shared with other plug-ins within a cluster, while plug-ins close to ‘1’ 

represent that plug-ins include less common APIs. 

 

Underlying Structure of Generativity of WordPress Ecosystem 

 We generate plug-in co-expression networks using the statistical package R 

(Horvath 2011). Based on the topological overlap measure, we generate a dendrogram of 

23,218 plug-ins to understand how plug-ins are clustered with one another. This 

dendrogram displays clusters of plug-ins that share similar sets of APIs (Figure 2). The 
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height of each branch (vertical lines) ranges from 0 to 1 and indicates the degree of 

dissimilarity among plug-ins within each branch. Plug-ins with little distance between 

them (e.g., close to ‘0’ on the vertical axis) indicate that they include a set of APIs that 

are commonly shared with other plug-ins within a cluster, while plug-ins close to ‘1’ 

represent that plug-ins include less common APIs. 

 

	  

Figure 2. Dendrogram and clustering of 23, 218 plug-ins 

 

A color bar below the dendrogram captures clusters of branches calculated by a 

hierarchical clustering method that detects clusters of adjacent neighbors via a pruning 

process (Emilsson et al. 2008; Hawrylycz et al. 2012). In particular, we adopt a “dynamic 

cut tree” method that automatically detects clusters through iteration of cluster 

decomposition and combination to find highly inter-connected branches from the 

elements (Langfelder et al. 2008). Thus, each cluster represents a group of plug-ins that 

share a similar set of API interactions that are distinct from other clusters. Colors are 

automatically assigned to each cluster depending on the size of each cluster. Eleven 

different colors are used to specify each cluster as Figure 2 and Table 1 indicate.  
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Table 1. Plug-in statistics for each cluster of APIs 

Color Grey Turquoise Blue Brown Yellow Green 
Number of Plug-ins 3, 080 3, 257 2, 651 2, 319 2, 161 2, 102 
Average API usage 9.58 4.29 9.17 6.21 3.34 8.48 
Standard Deviation 8.54 1.55 2.81 2.04 1.37 2.88 

Maximum API usage 92 12 27 16 12 23 
Minimum API usage 1 1 3 3 2 3 

Color Red Black Pink Magenta Purple _ 
Number of Plug-ins 1, 934 1, 808 1, 737 1, 272 897 _ 
Average API usage 13.02 1.47 3.94 7.01 4.23 _ 
Standard Deviation 4.44 0.82 1.85 2.06 1.81 _ 

Maximum API usage 34 6 13 14 12 _ 
Minimum API usage 3 1 1 3 2 _ 

 

In Figure 2, some colors in a color bar are interlaced with different colors due to 

the hierarchical relationship (Langfelder and Horvath 2007). For example, the pink 

cluster supersedes the Turquoise cluster. That is, while plug-ins in the pink cluster share 

the same set of APIs that are repeatedly used by plug-ins in the turquoise cluster, plug-ins 

in the pink cluster have a set of additional APIs that are repeatedly used together with the 

set of APIs that are heavily used in plug-ins in the Turquoise cluster (Emilsson et al. 2008; 

Ghazalpour et al. 2006).  

The nested hierarchy of clusters is more clearly delineated from a topological 

overlap plot as shown in Figure 3. A plug-in co-expression network allows us to visually 

understand the structural patterns of the WordPress ecosystem from the clusters of 23,218 

plug-ins and the hierarchical relationship among them. A color bar corresponding to the 

dendrogram in Figure 2 is plotted on the top and left side of the topological overlap plot. 
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Thus, the connectivity of plug-ins across clusters can be explored from the plot.1   The 

topological overlap represents the results of the collective search process of the actors 

involved in the WordPress ecosystems including both the platform owner and third-party 

developers. Each individual plug-in can be considered as an observed point on the digital 

product landscape of the ecosystem at the moment (Kauffman 1993). As new APIs 

continue to emerge and existing APIs evolve, third-party developers will continue to 

improve their plug-ins by exploring different combinations of APIs. This will result in 

changes in the underlying landscape and the observed topological overlap. 

The different degrees of topological overlap within a cluster are represented 

mainly by two different colors. The red color represents the dense topological overlap 

within a topological structure, or high similarity, while yellow indicates the sparse 

topological overlap, or low similarity. Red-colored plug-ins share more extensively the 

same set of APIs compared to other plug-ins denoted in yellow.  

On the diagonal of Figure 3, each cluster represents the delineated boundary, 

which is generated from the high interaction strength among plug-ins. The interaction 

strength of a network is represented by the topological overlap measure calculated from 

the correlation among plug-ins. A high topological overlap measure is possible when 

each plug-in has similar combinatorial patterns of APIs compared to other plug-ins in the 

cluster. Therefore, clusters on a diagonal region imply the existence of underlying 

structural patterns in a network. An off-diagonal region in the topological overlap plot 

also represents the interaction strength, as the interaction among plug-ins across different 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  Since Figure 3 contains 23,218 analyzed plug-ins, the name of each plug-in could not be 
specifically noted on the figure.	  
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clusters can be possible. The interaction can be seen as cross-breeding between different 

types of plug-ins. As one can expect, the interaction strength across clusters is not as 

strong as within a cluster. 

 

	  

Figure 3. A topology overlap matrix plot of 23,218 plug-ins 

 

We further explore how individual APIs are used in each plug-in to better 

understand the underlying emergent structure of different clusters. To do this, we build a 

Circos plot from the plug-ins and APIs network (Krzywinski et al. 2009). A Circos plot 

enables visualization of a large, complex network and, in our case, displays how plug-ins 
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in 11 clusters are connected with both internal and external APIs. Our Circos plot 

consists of distinct regions of APIs that form a circle, with lines that connect APIs across 

regions, and two sets of histograms on the outer diameter of the plot describing attributes 

of each API. In Figure 4, the two small regions at the top of the diagram represent 

internal (left) and external (right) APIs. The rest of the regions represent the 11 plug-in 

clusters identified in Figures 2 and 3: Grey, Turquoise, Blue, Brown, Yellow, Green, Red, 

Black, Pink, Magenta, and Purple in a clockwise direction. A blue line indicates a 

connection between a plug-in and an internal API, and a red line denotes a connection 

between a plug-in and an external API. The histograms outside the circular regions 

indicate how many internal APIs (color blue) and external APIs (color red) are used in 

each plug-in. The Circos plot provides a comprehensive and systematic blueprint 

enabling us to understand the role of both internal and external APIs on the generation of 

plug-ins, allowing us to identify the genetic architecture including modifier APIs for 

different clusters of plug-ins. 
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Figure 4. A Circos plot of a plugin-API network in Word Press Ecosystem 

 

Based on the data from the Circos plot, we produce descriptive statistics for each 

cluster based on internal and external APIs. Table 2 shows that while the use of internal 

APIs is somewhat consistent across the 11 clusters, showing 79.45 internal APIs on 

average (with 15.17 standard deviations), the use of external APIs varies more across 

different clusters, showing 79.91 external APIs on average (with 42.69 standard 

deviations) and indicating that the differences across these clusters are primarily 

produced through external APIs. The standard deviation in each cluster is larger than the 
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mean of each API usage in total API usages in Table 2, showing that certain APIs are 

clearly more frequently used than other APIs. 

 

Table 2. Internal and external API statistics for each cluster 

Color Grey Turquoise Blue Brown Yellow Green 
Total number of API 

usages 
278 179 204 174 124 164 

Average of each API 
usage 

106.16 78.12 119.15 82.84 58.14 108.75 

Standard Deviation 307.43 402.26 440.33 347.45 275.90 362.38 
Maximum API usage 2283 3241 2624 2319 2144 2097 
Minimum API usage 1 1 1 1 1 1 

Number of internal API 
usages 

99 79 89 92 85 85 

Average of each API 
usage 

285.24 171.85 266.15 152.27 83.15 205.6 

Standard Deviation 463.82 592.34 637.16 466.93 330.23 483.58 
Maximum API usage 2283 2341 2624 2319 2144 2097 
Minimum API usage 1 1 1 1 1 1 

Number of external API 
usages 

179 100 115 82 39 79 

Average of each API 
usage 

7.11 4.08 5.38 4.95 3.61 4.54 

Standard Deviation 16.16 6.05 9.80 8.86 4.27 7.19 
Maximum API usage 98 27 44 51 19 37 
Minimum API usage 1 1 1 1 1 1 

Color Red Black Pink Magent
a 

Purple _ 

Total number of API 
usages 

185 94 120 147 84 _ 

Average of each API 
usage 

136.12 28.33 57.08 60.72 45.18 _ 

Standard Deviation 390.41 185.96 242.17 222.96 154.26 _ 
Maximum API usage 1931 1807 1723 1272 895 _ 
Minimum API usage 1 1 1 1 1 _ 

Number of internal API 
usages 

92 57 68 77 51 _ 
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Average of each API 
usage 

269.92 45.40 98.54 113.30 72.94 _ 

Standard Deviation 520.43 237.24 315.47 298.47 192.95 _ 
Maximum API usage 1931 1807 1723 1272 895 _ 
Minimum API usage 1 1 1 1 1 _ 

Number of external API 
usages 

93 37 52 70 33 _ 

Average of each API 
usage 

3.76 2.02 2.85 2.89 2.27 _ 

Standard Deviation 6.06 1.65 3.64 4.20 2.08 _ 
Maximum API usage 32 7 22 29 9 _ 
Minimum API usage 1 1 1 1 1 _ 

 

Our analysis of the WordPress plug-in co-expression network and Circos plot 

provides an answer to our first research question. Specifically, we found a hierarchical 

structure of plug-ins with clearly differentiated boundaries across clusters. This 

hierarchical structure represents different groups of plug-ins based on a shared set of 

APIs, as clusters are differentiated based on shared sets of APIs that are common among 

plug-ins that belong in the same clusters. Furthermore, each cluster has a set of APIs with 

a high degree of topological overlap. Thus, it appears that certain APIs form a functional 

“core” of plug-in clusters, while the rest of the APIs play peripheral roles in those clusters. 

The cores in the hierarchical clusters of a complex network system control the interaction 

of other nodes to perform general functions, and the peripheries help generate the 

functional diversity combined with the cores within a cluster (Liu et al. 2011; Zhao et al. 

2006). Similarly, our Circos plot analysis suggests that it is a set of internal APIs that 

form the functional core across the whole ecosystem, while external APIs play important 

roles in creating diversity among plug-ins in the ecosystem.  
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Control of a Digital Ecosystem 

Our second research question concerns the control of a digital ecosystem. The 

issue of control is important in understanding where innovations in a digital ecosystem 

like WordPress are derived. More precisely, our analysis of the plug-in network shows 

that the dynamic and generative patterns of API interactions lead to innovations of plug-

ins in the ecosystem clusters in a digital ecosystem. Thus, understanding exactly who 

controls those core APIs that play crucial roles in the functional diversity within and 

across plug-in clusters will shed important light on the nature of innovations in digital 

ecosystems.  

To accomplish this, we first construct an undirected API interaction network from 

the same 23,218 plug-ins x 443 APIs matrix (Sorrentino et al. 2007; Wang and Chen 

2002; Zhao et al. 2006). In an API interaction network, a node is defined as an API, and 

its degree refers to the number of edges, i.e., its number of connected nodes in the 

network (Newman 2003). An edge between two nodes (APIs) means that they are used 

by the same plug-in. Thus, the degree of APIs in an API interaction network characterizes 

the overall level of all APIs’ co-expression for all plug-ins. Using the degree of nodes, we 

can understand how each internal and external API contributes to the generativity of a 

digital ecosystem. In this dataset, the API network contains 13,104 edges among 443 

nodes.   

Figure 5 presents the degree distribution of the API-API network and shows APIs 

that are heavily connected with other APIs in creating plug-ins in the head (left) region of 

the graph. To explore the control of the WordPress ecosystem, we further separate APIs 

into internal and external categories, marking them with different colors (blue for internal 
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and red for external APIs). The degree of internal APIs ranges from 26 to 436, while the 

degree of external APIs range from 1 to 169.  

 

 

Figure 5. API degree distribution in 2014 Word Press Ecosystem 

 

Our analysis shows that the majority of internal APIs occupies the left side of the 

distribution (i.e., they possess more interactions with other APIs), while the majority of 

external APIs from third-party developers occupy the right side and tail of the 

distribution. This striking pattern confirms our conjecture that there is a group of internal 

APIs that are densely connected with other APIs in creating most of the plug-ins, acting 
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as the genetic foundation of the ecosystem. We refer to these APIs as the universal core 

of the WordPress ecosystem. To identify the universal core, we perform a core/periphery 

analysis of the API network that covers the entire WordPress ecosystem (Borgatti and 

Everett 2000). The core of the network represents a set of nodes representing the highest 

degree (or highly connected with other nodes) that implies a general usage among plug-

ins; on the other hand, the network periphery represents a set of nodes with low degree 

(or loosely connected with the cores) suggesting that these APIs are mainly connected 

with high degree nodes for the functional diversity of plug-ins (Csermely et al. 2013). 

We use an unweighted value of edges to categorize APIs into different structural 

layers for the core/periphery analysis (Borgatti and Everett 2000; Žiberna 2007).2 

Following this approach, we identify 12 APIs as the universal cores of the WordPress 

ecosystem. As expected, all of them were internal APIs, with degree distributions ranging 

from 278 to 436. Table 3 shows the list of universal core APIs.  

Table 3. Internal APIs forming the universal core of WordPress 

Internal API Name Degree of Internal 
API 

Internal API Name Degree of Internal 
API 

add_action 436 delete_option 325 
get_option 414 add_shortcode 311 

update_option 398 add_option 302 
add_filter 376 register_setting 282 

register_activati-
on_hook 

345 setting_fields 279 

Apply_filters 332 register_deactivation
_hook 

278 

 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2	  We considered both the weighted and unweighted value of edges as a way to categorize APIs 
into different structural layers from the core/periphery analysis. The unweighted value of edges 
identifies the core foundations that include both the innermost and outer layer list of APIs, while 
the weighted value narrows down the list of cores into the innermost APIs (Garas et al. 2012). 
Therefore, we chose to use the unweighted value of edges. 
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A visual examination of Figure 5, however, suggests that there are some non-core 

APIs that are more heavily connected than others (middle range of the degree distribution 

in Figure 5). Further, it shows that the middle range of the degree distribution includes 

not only internal APIs, but also external APIs, albeit less frequently than internal ones. 

Based on this visual examination, we conjecture that there is another layer of APIs that 

play important roles in separating the plug-ins into 11 clusters. We refer to these APIs as 

cluster cores. Since the universal core overpowers the overall degree distribution, we 

cannot identify cluster cores directly from a core/periphery analysis of the entire API 

network. Therefore, we construct 11 separate API interaction networks, each representing 

an individual plug-in cluster, after removing the 12 universal core APIs. For each of these 

API interaction networks, we run core/periphery analyses separately for the 11 API 

interaction networks. This results in the identification of core and periphery for each of 

the 11 clusters. The distribution of internal and external APIs for core and periphery for 

each of the 11 clusters is shown in Table 4. There are 81 internal APIs and 38 external 

APIs throughout the cores of the 11 functional clusters.  
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Table 4. Distribution of cluster cores and periphery APIs 

Cluster Total 
API 

Cluster 
Core 
API 

Internal 
Core API 

External 
Core API 

Periphery 
API 

Internal 
Periphery 

API 

External 
Periphery 

API 
Grey 263 120 81 38 143 6 137 

Turquoise 135 27 20 7 108 44 64 
Blue 184 51 39 12 133 38 95 

Brown 153 41 34 7 112 47 65 
Yellow 106 15 15 0 91 57 34 
Green 145 25 22 3 120 51 69 
Red 173 21 21 0 152 59 93 

Black 71 10 10 0 61 34 27 
Pink 106 12 12 0 94 42 52 

Magenta 128 24 21 3 104 44 60 
Purple 72 1 1 0 71 38 33 

 

Taken together, we find that there are three layers of APIs. First, there are 12 

internal APIs that form the universal core of the WordPress ecosystem. WordPress 

controls all of these 12 APIs, thus shaping the overall ecosystem. Second, we have a 

mixed set of internal and external APIs that form cluster cores of 11 plug-in clusters. The 

cluster cores represent the core APIs that are spread in each of the 11 plug-in clusters. 

Those are also placed into the outer layers in the topology of the overall API interaction 

network. Third, we found periphery APIs that are placed primarily in the outer layer of 

the API interaction network. These are mostly external APIs that are sparsely used by 

developers to create plug-ins with specific functions.  

Our extended core/periphery analysis demonstrates that WordPress, as the focal 

platform owner, plays an unequivocally important role in shaping the overall structure of 

the ecosystem by exclusively controlling all 12 APIs in the universal core of the 

ecosystem. However, APIs in the cluster cores of the 11 plug-ins produce functional 
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diversity across 11 clusters. Here, we see that WordPress shares its dominant position 

with other web service providers whose external APIs are also part of the cluster cores. 

We identified 38 external APIs offered by 19 web service providers in Table 5.  

 

Table 5. External APIs forming the cluster cores in the degree distribution 

External API Name Degree External API Name Degree 
Akismet 96 Google Maps 132 

Amazon S3 128 Google Page Speed 
Online 

41 

Amazon SNS 45 Google Plus 57 
Bit.ly 59 Google Sites 66 
Blip.tv 89 Google Static Maps 64 

Bloglines 52 Gravatar 130 
Facebook 126 LinkedIn 105 

Facebook Ads 134 Moneybookers 45 
Facebook Real-Time 

Updates 
169 PayPal 54 

Flicker 143 SoundCloud 97 
Flicker Real-Time 77 Summize Twitter 

Search 
120 

Foursquare 88 Twitter 168 
GitHub 94 WalkScore 59 

Google Ajax Search 124 Yahoo Contacts  68 
Google Analytics 57 Yahoo Music Engine  68 

Google Chart 96 Yahoo Query 
Language  

75 

Google Documents 
List 

73 Yahoo Social 
Directory  

68 

Google Earth 124 YouTube  113 
Google Font 127 - - 

Google Geocoding 94 - - 
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Exploring the relationship between generative structure and functional 

differentiations in WordPress 

Our third question is: does the generative structure of WordPress explain the 

functional diversity among plug-ins? While our hierarchical network analysis reveals 11 

clusters of plug-ins based on their use of APIs, do they explain different functions that 

these plug-ins might share? In network biology, researchers explore the role of gene co-

expression among known cell types to understand the combinatorial nature of innovations. 

However, in the case of WordPress, in order to show that recombination of existing APIs 

is indeed the driving force of innovation, we must first show that the plug-ins within the 

same cluster share more similarities in their function than those in other clusters. Thus, 

we conjecture: 

The combinatorial pattern of APIs used in plug-ins is statistically associated with 

the functional differentiation among different plug-ins in WordPress. 

 

Since WordPress does not provide any a priori functional categorization of plug-

ins, we had to develop a strategy to create functional or ontological clusters of plug-ins 

and then compare it with the clusters of plug-ins created based the underlying generative 

structure. To test our conjecture, we conduct the following three-step process. First, we 

identify thematic keywords of plug-ins that are associated with their functions, as 

described by developers. We downloaded the descriptions of each of the 23,218 plug-ins 

from WordPress. Descriptions of 21,261 of these plug-ins were available for a topic 

modeling-based text-mining analysis to find thematic keywords (also known as 

controlled vocabularies), such as image, navigation, and search, that are repetitively used 
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with one another to describe the function of a plug-in. We use Latent Dirichet Allocation 

(LDA) to discover and annotate the thematic keywords of plug-ins (Blei 2012). LDA 

aims at exploring how categorized thematic topics are connected to each other through a 

distribution of repetitively used words. As such, LDA statistically analyzes the hidden 

structure of topics used in multiple plug-in descriptions, so it does not require any prior 

knowledge about an individual API’s function used in each plug-in. We do not use any 

information about API combinations and plug-in clusters from a plug-in co-expression 

network analysis. This ensures that the identification of functional clusters of plug-ins is 

performed completely independent of the combinatorial pattern of APIs among these 

plug-ins.  

Second, we apply a clustering technique to construct another set of 11 clusters of 

plug-ins based on thematic keywords, which is distinct from the 11 clusters from the 

combinatorial patterns of APIs. Specifically, we use a K-means clustering technique to 

cluster thematic keywords based on repetitive usage. The clustering method classifies the 

plug-ins into 11 clusters depending on the nearest mean distance and variance from a 

center keyword in each cluster (Murphy 2012). We used term frequency-inverse 

document frequency (tf-idf) for the weighted value of clusters to reflect the frequent 

usage of keywords and cosine similarity to measure the distance between a cluster center 

and each keyword ranging from 0.5 to 2.0. (Larose 2014).  

Finally, a chi-square test is applied to the two different sets of 11 clusters in order 

to understand if they are significantly different (or independent) from each other 

(Wackerly et al. 2007). The chi-square value is 0.0024 (d.f = 100), suggesting that the 

two distributions are not statistically independent at the p = 0.001 level. Thus, our 
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conjecture that the 11 clusters from the combination of APIs analyzed by a co-expression 

network and the 11 clusters from the functional description of plug-ins are statistically 

related with each other is supported. The result of our test suggests that the recombination 

patterns of APIs are the main driver of functional diversity among plug-ins. 

 

DISCUSSION 

Contemporary digital ecosystems can be characterized by their potential for 

unbounded innovations driven by the active participation of heterogeneous third-party 

developers (Baldwin 2008; Eaton et al. 2015; Tiwana et al. 2010; Yoo et al. 2010). In this 

paper, we build upon earlier works on digital ecosystem innovations and seek to discover 

what makes up the underlying generative architecture of a digital ecosystem. Specifically, 

we are interested in discovering what underlying structural features are responsible for 

such dynamic innovations in digital ecosystems. We also examine who controls the 

digital ecosystem. Finally, we test whether the underlying generative structure is a source 

of functional differences among plug-in products in a digital ecosystem. Noting the 

recombinant nature of digital innovation, we draw on methods developed in network 

biology to analyze the WordPress ecosystem. Below, we discuss our findings in detail. 

 

Recombinant Innovation and Generative Architecture of Digital Ecosystems 

The first and second questions deal with the underlying architecture of a highly 

generative digital ecosystem like WordPress and who controls it. We find a three-layered 

structure of the generative architecture of a digital ecosystem as summarized in Figure 6. 

Overall, the rich and diverse set of plug-in clusters emerges through complex 
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recombination of APIs that are offered by both the focal platform owner, WordPress, and 

a large number of external web service providers who offer their own APIs. Third-party 

developers freely recombine these resources to produce their plug-ins, which lead to the 

functional diversities that we observe in the WordPress ecosystem.  

 

Figure 6. Generative Structure of WordPress Ecosystem 

 

Our extended core/periphery test further discovers that there are three distinct 

layers of APIs. Not surprisingly, WordPress controls all 12 APIs in the universal core of 

the ecosystem. This suggests that WordPress, the focal platform owner, firmly controls 

the overall shape of the ecosystem. No plug-in can reside in the WordPress ecosystem 

without using some of these 12 universal core APIs. However, it is the 39 external APIs 

together with 81 internal APIs that are in the cluster core layer that produce the rich 

functional diversity of the plug-ins as represented by 11 different clusters of the 
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WordPress ecosystem. The majority of the external APIs, which belong to the periphery 

layer, seem to contribute to the variations within a cluster.  

One of the key assumptions in the literature is that the diversity in an ecosystem is 

an important factor determining its success (Baldwin and Clark 2000; Gawer and 

Cusumano 2008; Iansiti and Levien 2004; Tiwana et al. 2010). Scholars have been 

exploring how such variety can be increased. For example, Boudreau (2012) shows that 

attracting a large number of specialized third-party developers is a key to increase the 

diversity of an ecosystem. Eaton et al. (2015) notes that the focal platform owner of the 

ecosystem must exercise a dialectic balance between open generativity and closed control 

in order to sustain the growth of variety in an ecosystem. Our finding adds additional 

insights to these earlier studies. In order to attract a large number of specialized third-

party developers, the focal platform owner of the ecosystem must open up the middle 

layer of the cluster core to other web service providers. While the previous studies have 

focused on the relationship between the focal platform owner of an ecosystem and third-

party developers, our study highlights the importance of another group of actors, those 

who create software components used in building these plug-ins and apps that reside in 

an ecosystem. Given the recombinant nature of innovations in digital ecosystems, we 

must gain deeper insights into who creates these APIs, what motivates them, what makes 

them attractive to third-party developers, and how they evolve. The network-based 

method that we introduce in this study offers a fresh way to explore these important 

issues.  

The discovery of the middle layer of cluster cores is a significant departure from 

the extant literature on platforms. Past studies tend to conceptualize a digital ecosystem 
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as a simpler two-layer model (Baldwin and Clark 2000; Baldwin and Woodard 2009; 

Eaton et al. 2015; Eisenmann et al. 2006; Gawer and Cusumano 2014; Ghazawneh and 

Henfridsson 2012; Tiwana et al. 2010). In this two-layer model, an ecosystem is divided 

into the core and periphery. The core of the ecosystem is controlled by the focal platform 

owner, while the periphery is occupied by a range of third-party developers. Furthermore, 

in a two-layer model, the interface between the core and periphery is of the most strategic 

interest in the innovation of the overall ecosystem (Eaton et al. 2015; Ghazawneh and 

Henfridsson 2012). In contrast, our study shows that in a highly diversified ecosystem 

like WordPress, the universal core that is controlled by the focal platform owner does not 

play the key role in creating the diversity of plug-ins. Instead, it is the hybrid cluster core 

that promotes the much needed diversity in the ecosystem. Our study, thus, suggests that 

the focal platform owner must strategically relent and permit certain external APIs to be 

part of the platform. These external APIs in the cluster core layer contribute to 

diversifying the (re)combinatorial patterns of APIs in a plug-in network and lead to the 

change of a network structure by increasing the number of nested hierarchies.  

Finally, it is important to note that our study takes a network view. That is, the 

emergence of the diversity of the ecosystem is not the function of individual APIs, but 

rather their interactions. Thus, the relationship between APIs and plug-ins is not a linear, 

additive one, but a non-linear, complex one. A network biology perspective offers a 

powerful lens to understand the non-linear, ever-changing landscape of plug-ins in an 

ecosystem. Kauffman (1993) characterizes rugged regions such as different clusters of 

plug-ins. The topologically overlapped APIs are understood as local optima, often 

defined as “basins of attractors,” that can lead to the generation of many new plug-ins 



 

45 
 

(Levinthal 1997). These basins of attractors decide the degree of development of a 

particular functional class. Therefore, highly topologically overlapped areas in the 

dendrogram can be understood as basins of attractors from a network biology perspective, 

and it is in those regions where new plug-ins will likely emerge. The combinations of 

APIs that are used in the basins of attractors form the genetic foundations of the clusters 

of plug-ins. Such genetic foundations of basins of attractors then provide a basic set of 

APIs that third-party developers can use to experiment with new APIs and new functions 

that lead to the emergence of new types of plug-ins in the ecosystem.  

 

Digital Innovation and the Evolutionary Sciences of the Artificial 

Our study shows that seemingly “unbounded digital innovation” (Yoo et al. 2010) 

and its “infinite variety property” (Caves 2000) is a result of the recombination of a finite 

number of existing components. As our chi-square test shows, the observed functional 

diversity is at least in part driven by the generative diversity, represented by a rich set of 

heterogeneous APIs that cannot be directly observed by users. Our study offers several 

important theoretical insights into the nature of generativity as observed in digital 

ecosystems.  

First, it suggests that while innovations in digital ecosystems are certainly less 

bounded compared to their counterparts in the physical products, they are not unbounded 

or infinite. While there are more than 23,000 different plug-ins in the WordPress 

ecosystem, there are only 11 clusters overall. Although one can observe varying degrees 

of diversity within each cluster, our finding suggests that the degree of diversity that we 

can observe in a digital ecosystem might be smaller than some scholars in the past might 
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have expected. At the same time, based on our study, one can speculate that the 

emergence of certain external APIs into the cluster core layer is likely to be critically 

related to the expansion of the current known boundary. Thus, one can argue that as long 

as there is a continuing infusion of novel APIs into the cluster core layer, the functional 

diversification of the ecosystem might continue. At this point, we can speculate that the 

nature of digital innovation is more unbounded than the innovation of physical products, 

but less than infinite.  

Second, our study provides a striking example of recombinant innovation (Arthur 

2009) with detailed interaction patterns among individual components that produces a 

rich landscape across the ecosystem. It offers a view that design actions by third-party 

developers can be represented as an abstract pattern of discrete choices that make a finite 

set of available design components available to them. In fact, this is how many software 

developers now operate when they design new apps: they start with key APIs that can be 

used to delivered the requirements and add their own lines of code to connect these APIs 

with a layer of UI components. Seldom do developers write new software entirely from 

the ground up with their own code. Simon (1996) proposes the notion of “the sciences of 

the artificial” to distinguish it from the natural sciences. He further notes that the goal of 

the former is different from that of the latter that seeks to understand and to describe 

natural science and to “discover” hidden rules in nature. To the contrary, Simon argues 

that the goal of the sciences of the artificial is to “design” man-made artifacts. He further 

articulates design as a search process in a problem space. Our finding about innovations 

in a digital ecosystem is consistent with his view. At the same time, the interaction of 

existing components, as well as the continuing introduction of new components and the 
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evolution of these components, make the evolutionary aspect of these man-made artifacts 

extremely complex as Simon predicted in the final chapter of his book. However, until 

recently, empirical investigations of how man-made artifacts evolve in a complex 

recombination of existing components have not been conducted due to the lack of 

available empirical data . As a result, most scholars use computer-based simulation 

models, primarily using Kauffman’s (1993) NK-landscape as the conceptual foundation 

(Levinthal 1997; Levinthal and Marino 2015; Mitchell 2009; Page 2010). Increasingly 

available digital traces of how certain artifacts are created, such as open-source software, 

provide an exciting opportunity to investigate the evolutionary sciences of the artificial. 

In doing so, we find the tools and methods from evolutionary and systems biology quite 

instructive and useful. We believe careful interdisciplinary collaboration between 

computational geneticists and management scholars to leverage the swath of new digital 

trace data will open up a fresh vista of research on digital innovations.  

Finally, ours is the first empirical study of digital innovations following layered 

modularity architecture (Yoo et al. 2010). Specifically, using a network-based empirical 

approach, we show how one can empirically study the dynamic emergence of the whole 

through the recombination of autonomous components (DeLanda 2006). We can further 

note the emergence of clusters of plug-ins, which Delanda refers to as segmentation. To 

Delanda, segmentation is a dynamic by which the block of interacting components 

emerges as a meaningful unit of analysis in the investigation of dynamic and complex 

socio-technical systems. Thus, an analysis of a digital ecosystem calls for a multi-layered 

approach that covers both the observable product (plug-ins in this study) and ecosystem 

levels as well as the unobservable genetic components level such as APIs. The 
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hierarchical network view of digital ecosystems that we use in this study is both 

fundamentally different from and quite similar to a network-based analysis of individual 

software products. For example, in their analysis of software products, Baldwin et al. 

(2014) analyzed the network structures among peer components in individual software 

projects. Our study pushes such a network-based analysis further by pulling various 

software components used in individual projects across the entire ecosystem, thus 

creating a single large hierarchical network for the whole ecosystem.  

 

LIMITATIONS 

There are a number of limitations in this study. First, we study only a single 

ecosystem, WordPress, which follows open-source principles. It is not clear if one would 

find a similar three-layered structure of APIs by examining a closed ecosystem such as 

Apple’s iOS ecosystem. On the other hand, the nature of a closed system makes it 

difficult to explore how different APIs are used for different software products in an 

ecosystem. Second, since we only look at data from December 2014, we cannot see the 

unfolding dynamic pattern of the evolution of the WordPress ecosystem. However, as the 

first step in our study in investigating the evolution of a large, complex digital ecosystem, 

we feel it is necessary to take a “structural snapshot” of the extant ecosystem to establish 

basic vocabulary and an analytical framework before we can conduct a more advanced 

and dynamic analysis of its evolution. Third, WordPress does not exist in a vacuum, but 

exists in a larger digital ecosystem that includes other web service providers like Google, 

Facebook, and Twitter, as well as mobile platforms like Android and iOS. The relative 

power and importance of such other ecosystems are likely to influence the internal 
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interaction patterns among APIs. Based on our study, we can speculate that the cluster 

cores are in fact created through interactions among these exogenous digital ecosystems. 

Finally, our study looks at only the supplier side (i.e., developers) of the ecosystem. 

However, no digital ecosystems can exist without users, who act as the primary source of 

natural selection as opposed to the complex interaction patterns among APIs created by 

developers, which serve as the primary mutational force in creating variation. By 

including users in the analysis, one can fully understand the full evolutionary cycle of 

inherited mutations > variation > selection. However, since the goal of this study is to 

understand how the generative architecture underpins the variation, we feel it was 

necessary to focus on the co-evolutionary pattern between the platform and its 

complementary products as suggested by Tiwana et al. (2010). Future studies must 

incorporate users in the model and explore how user selection can influence a developer’s 

decision to choose to mix certain sets of APIs, thus changing the evolutionary dynamics 

of the ecosystem over time.  

 

FUTURE RESEARCH 

Despite these limitations, our study offers exciting avenues for future research. 

First and foremost, one must look at how the changes in the available APIs affect the 

evolution of plug-in clusters. Since its inception, WordPress has steadily added new APIs. 

Available external APIs have skyrocketed in number during the same period. We do not 

know yet how such changes in the software components affect the ecosystem. We are 

generating a complete archive of the evolution of APIs and plug-ins in the WordPress 

ecosystem starting from its inception in 2004 until 2014. Using the dataset, we hope to 
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explore how different clusters emerged in the ecosystem over time. We can also explore 

how the size and internal diversity of clusters affects the evolution of the ecosystem. 

Second, from our study, it is quite clear that not all APIs are created equal. Future 

researchers must investigate which attributes of APIs affect their generative impact in an 

ecosystem. Third, it is vital to investigate the role of the user base in the architecture of 

digital ecosystems. One way to look at the role of users is by investigating the impact of 

the number of plug-in downloads on the evolution of plug-in clusters, using the number 

of downloads as a measure of fitness. Fourth, we can use our empirical data to build and 

calibrate a computer-based simulation model to explore different evolutionary patterns of 

a digital ecosystem under varying conditions. Given the difficulties of collecting 

empirical data from closed ecosystems such as Apple or from multiple interacting 

ecosystems, a simulation model can complement empirical studies like ours.  

 

CONCLUSION 

Recently, an editorial in Nature quoted the nineteenth-century poet, Ralph Waldo 

Emerson: “Nature is an endless combination and repetition of very few laws… She hums 

the old well-known air through innumerable variations” (Nature, September 30, 2015). 

The editorial, however, cautions that seemingly innumerable variations are in fact not so 

innumerable: “They are, after all, innumerable.” We find a similar parallel in the digital 

ecosystem that we studied. Seemingly infinite and unbounded innovations in digital 

ecosystems, after all, are not so unbounded and infinite. Yet, it is precisely this 

uncertainty of the exact nature of the innovations in digital ecosystems that make them 

such a fertile and exciting ground to study innovations. Discovery of finite genetic 
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materials in DNA and the invention of powerful computers led to numerous discoveries 

and inventions in modern biology. We hope that the availability of large pools of digital 

trace data from man-made digital artifacts and the availability of powerful computer-

based analytical tools as used in our study will usher in a new era of innovations both in 

scholarship and practice of digital innovations.  
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APPENDIX  

Functional Objective 

Table 6. The Functional Objective of Core APIs in the degree distribution 

Name of Internal API Functional Objective of Internal API 
add_action Hooking a function of plug-in to be activated  
add_filter Hooking a function to a specific filter action. 
add_option Adding a named option/value to the options database table 
add_shortcode Hooking a simple set of functions to use code in post content 
apply_filter Calling the functions added to a filter hook 
delete_option Safely removing a named option/value pair from the database of 

Wordpress. 
get_option Safely offering a way to get values from the database of Wordpress.  
register_activation_hook  Registering a plugin function to be operated on Wordpress. 
register_deactivation_ho
ok  

Registering a plugin function to be run when a plugin is deactivated. 

register_setting Registering a setting of plug-in and sanitizes callback.  
setting_fields Setting a page with action and option page 
update_option Updating a named option/value pair to the options database of 

Wordpress.  
* www. wordpress.org provides the WordPress API information. 

Table 7. The Functional Objective of External APIs in Cluster Core Section in the 
degree distribution 

Name of External API Functional Objective of External API 
Akismet Offering anti-spam service from analyzing the pattern of 

data from sites  
Amazon S3 Offering secure and durable storage service for any size of 

data 
Amazon SNS Sending notification messages from cloud to applications 
Bit.ly Reducing the length of URL for easily sharing and 

integrating  
Blip.tv Offering a tool for file management and distribution  
Bloglines Offering functions to manage web contents such as news 

feeds 
Facebook Allowing automatically update Facebook. 
Facebook Ads Offering methods to manage advertisement running within 

Facebook 
Facebook 
Real_Time_Updates 

Enabling any webpage to subscribe and change data in 
Facebook 

Flicker Enabling to access on photos stored in Flicker  
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Flicker Real-Time Offering functions for real time photo access  
Foursquare Enabling to access foursquare database and interact with 

users 
GitHub Enabling to fork projects, send pull request, and monitor 

development 
Google Ajax Search Embeding Google Search service. 
Google Analytics Helping collect and analyze online contents  
Google Chart Allowing to display data on any web page 
Google Document List Allowing to collaborate with other users 
Google Earth Allowing developers to add Google Earth plug-in objects to 

a site. 
Google Font Adding web fonts to any web page 
Google Geocoding A kind of Google Maps to offer a direct way to access an 

HTTP request 
Google Maps Allowing to embed Google Maps onto web pages of outside 

developers 
Google Page Speed Online Measuring the speed of webpage to increase the 

performance 
Google Plus Enabling to integrate webpage with Google+ 
Google Sites Enabling apps to change contents within Google 
Google Static Maps Displaying maps on web pages and apps   
Gravatar Allowing to create profiles and avatars on a web page 
LinkedIn Allowing registered users to access on LinkedIn webpage 
Moneybookers Enabling monetary transactions on the web 
PayPal Offering online payment on the web 
SoundCloud Allowing to upload, record, and share users audio from the 

webpage 
Summize Twitter search Enabling to create profiles and avatars.  
Twitter Allowing to access core Twitter data. 
WalkScore Displaying distance based travel time 
Yahoo Contacts Allowing apps to use contact information in Yahoo address 

book 
Yahoo Music Engine Enabling set music playlists on the desktop   
Yahoo Query Language Allowing filter and combine data across different sources 
Yahoo Social Directory Increasing the engagement of user ID across different on 

Yahoo apps 
YouTube Allowing to perform any operations on YouTube 

* www.programmableweb.com  and each platform service webpage offer the external 

API information. 
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CHAPTER 3 ESSAY TWO – THE EVOLUTION OF A DIGITAL 

ECOSYSTEM: A CASE OF WORDPRESS FROM 2004 TO 2014 

 

ABSTRACT 

Digital ecosystems are dynamic. They grow and evolve as new firms join the 

ecosystem. Yet, the way they evolve over time is not clearly understood. We draw on an 

evolutionary network approach to explore the evolutionary pattern of a digital ecosystem. 

In particular, we discover that the changing combinations of existing digital components, 

whose interaction forms a complex bipartite network, drive the changes in the topological 

structure of a digital ecosystem over time. To formally test our ideas, we hypothesize the 

impact of network properties on the evolution of a digital ecosystem and test them using 

a data set collected from WordPress.org. We used text mining of the source code data of 

WordPress plug-ins created from 2004 to 2014 and extracted the list of all APIs 

(Application Programming Interface) used in these plug-ins. We then explore how the 

changes in the pattern of combinations of APIs drive the generativity of the platform as 

new plug-ins continue to emerge in the ecosystem over time. Our findings suggest that 

the evolution of a digital ecosystem represents a distinct structural interaction derived 

from the generative nature of APIs. A structural analysis shows that the rate of innovation 

does not necessarily increase though the number of APIs in a digital ecosystem increases, 

as the role of third-party developers is limited to diversify the heterogeneity of a digital 

ecosystem on their own. Instead, platform providers need to consider the time point when 

they are going to open their core technologies and introduce heterogeneous technology of 

others. 
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INTRODUCTION 

We are witnessing the rapid growth of software-based digital open systems that 

are highly generative (Boudreau 2012; Yoo et al. 2012). Companies like Apple, Google 

and Facebook compete not only based on the features of their products, but also on the 

size and heterogeneity of their respective ecosystems. Digital ecosystems are dynamic as 

new firms continue to join them. An ecosystem’s ability to attract new firms and continue 

to evolve is of strategic importance for those who create and own the ecosystem as well 

as those who are deciding which ecosystems to join (Ceccagnoli et al. 2012; Eaton et al. 

2015). With increasing digitization, digital ecosystems are moving beyond traditional 

software products such as web services or mobile services and integrating into physical 

products such as automobiles, watches, and televisions. Therefore, understanding how 

such ecosystems evolve over time and what drives innovations of and in such ecosystems 

is becoming critically important for most firms. 

Although these digital ecosystems are based on modularity (Baldwin and Clark 

2000; Langlois 2002; Schilling 2002) and thus the way they evolve is in part influenced 

by the logic of modularity (Tiwana 2015), they differ from traditional physical products 

that follow modular architecture in some important ways. Even though some firms have 

opened up their product design architectures to enable innovations by third-party 

developers (Chesbrough 2003), the product is designed first by the focal firm, which 

controls the design rules (Baldwin and Clark 2000; Henderson and Clark 1990; Simon 

1962). In this scenario, therefore, the role of third-party developers is limited to 

incremental innovations within a design hierarchy through mixing and matching 

(Baldwin and Von Hippel 2010). This produces a typical punctuated pattern of product 
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innovations in which a radical change of the fundamental product architecture is followed 

by a long stretch of incremental changes in modules (Anderson and Tushman 1990; 

Henderson and Clark 1990).  

Unlike traditional modular architecture, software-based ecosystems are based on 

layered modular architecture in which the architecture is not given by a focal firm, but 

rather emerges through on-going uncoordinated actions by heterogeneous third-party 

developers (Yoo et al. 2010). A software-based digital ecosystem refers to the 

combination of a digital platform -- an extensible software code base that provides a 

limited number of digital components such as Application Programming Interface (API) -

- and a collection of heterogeneous add-on digital products built by third-party developers 

using provided digital components (Tiwana et al. 2010).  Yoo et al. (2010) argue that 

layered modular architecture enables digital products to be highly generative. At the same 

time, it can potentially lead to an increase in complexity in the pattern of digital evolution 

as third-party developers do not have a fixed set of design rules to follow (Yoo et al. 

2010). However, despite the lack of central control and a fixed set of design rules, 

innovation in a digital ecosystem shows a remarkably ordered underlying structural 

pattern (Um et al. 2013). To further our understanding of this issue, we explore how this 

structural pattern emerges and evolves over time (Tiwana et al. 2010). 

In the context of a digital ecosystem, add-on digital products (“digital products” 

hereafter) are generated from the combination of digital components, which are combined 

to deliver a set of coherent functions (Yoo et al. 2012). Seemingly unrelated digital 

products form a network over time based on the digital components that they share. 

Furthermore, we can discover clusters of digital products based on how these digital 
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products share different digital components. Thus, such a network can be seen as an 

underlying architecture that gives birth to the generativity we observe in a digital 

ecosystem. An evolutionary network perspective provides a systematic theoretical lens to 

understand how structural patterns in a network evolve over time (Ravasz et al. 2002; 

Stuart et al. 2003).   

Specifically, we explore how digital products in a digital ecosystem form a 

dynamic bipartite network by looking at how they share common digital components and 

how that sharing pattern changes over time (Dhar et al. 2014). From this network, we 

create a topological overlap to identify clusters of digital products that share similar sets 

of digital components. Given the open nature of a digital ecosystem, new digital 

components continue to emerge and the existing digital components mutate over time. 

Such changes in the digital components then cause changes in the way they are combined 

to produce digital products, causing changes in the clusters of these products.  As a result, 

some clusters split, while others expand or mutate. Thus, the way clusters of digital 

products in a digital ecosystem form and evolve through changes in the underlying digital 

components represents the fundamental architecture of the generativity of a digital 

ecosystem. Therefore, we explore how the changes in digital components affect the 

evolution of the structure of clusters of digital products in a digital ecosystem.  

The evolutionary logic of digital innovation is still under-developed, as previous studies 

have mainly focused on the static nature of digital innovation (Boland et al. 2007; Yoo et 

al. 2012; Yoo et al. 2010). This paper focuses on the evolution of digital products in a 

digital ecosystem to understand the evolutionary logic of digital innovation. Specifically, 

this paper asks: 
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1) What is the evolutionary pattern of digital innovation in a digital software-

based ecosystem? 

2) What are the roles of different digital components in the growth of the 

heterogeneity and size of a digital ecosystem? 

 

We answer these questions with a data set collected from the source code of plug-

ins from WordPress.org (“WordPress” hereafter). WordPress offers the world’s largest 

blogging service. It is structured as a digital ecosystem where third-party developers can 

combine APIs offered from WordPress and other web service providers (such as Google 

or Facebook) to create plug-ins. In this empirical context, an ecosystem consists of a 

digital platform (WordPress), digital components (APIs) and digital products (plug-ins). 

These plug-ins form an ever-changing landscape of clusters through changing 

combinatorial patterns of APIs. The remainder of the paper proceeds as follows: we first 

review existing literature on the evolution of combinatorial innovation and generativity. 

Second, we introduce a biological evolutionary network approach to explore the 

evolution of generativity. Third, we describe the empirical model and highlight its main 

results. Finally, we discuss the theoretical and methodological implications of this study.  

 

LITERATURE REVIEW 

Digital innovation in a layered modular architecture 

Innovation evolves from the combination of existing components that give a 

product new features or uses (Fleming and Sorenson 2004; Nelson and Winter 1982). A 

platform is modularized into decomposable components for innovation (Simon 1962). A 
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platform owner can create a digital ecosystem to achieve innovation beyond the owner’s 

ability by opening the interface of a product to third-party developers. The increased size 

of a digital ecosystem increases the possible number of combinations for innovation 

(Fleming 2001; Kauffman 1993). A platform owner expects to improve the functional 

flexibility of the platform through the larger number of digital products developed by 

third-party developers (Sanchez and Mahoney 1996), but also wants to control product 

design and its evolution through the architectural structure (Baldwin and Woodard 2009).  

Innovations in a software-based digital ecosystem represent a unique design pattern that 

challenges the evolutionary pattern of innovation in a modular architecture. With a 

layered modular architecture, a digital platform does not have a given fixed design 

boundary for the design of digital products so that any digital components in a digital 

ecosystem can be combined in a new way (Yoo et al. 2010). Therefore, the combination 

of digital components in the layered modular architecture represents a complex and 

generative innovation pattern, as innovation occurs in different layers at the same time in 

often unexpected ways (Adomavicius et al. 2008; Benkler 2006). 

Innovations in a layered modular architecture take place through the generation of 

digital products by third-party developers who participate in a digital ecosystem 

(Boudreau 2012; Ceccagnoli et al. 2012). A digital product or an add-on to a layered 

modular architecture is not designed based on a fixed standardized interface. Instead, 

digital components from different design hierarchies can be used in building digital 

products, as they can co-exist in a platform due to the product’s agonistic nature (Yoo et 

al. 2010).  This means that a digital product features a combined set of digital 

components whose interaction is differently defined by third-party developers with 
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respect to an intended coherent function. Thus, the recombinatorial nature of digital 

innovation in a digital ecosystem forms the genetic foundation of generativity defined as 

the reproductive capacity of digital components for unprompted and uncoordinated 

changes by a large, varied, and uncoordinated audience (Benkler 2006; Fleming et al. 

2007b; Zittrain 2006).  

 

An evolutionary network perspective on digital innovation 

An evolutionary perspective has been a useful theoretical framework in exploring 

the evolution of technology (Fleming and Sorenson 2001; Levinthal 1997; Tiwana 2015). 

The basic notion is based on the holistic view that any technological innovation takes 

place with respect to existing design components (Fleming 2001). Innovation as the 

combination of new or existing design components has been compared to the adaptive 

process of genetic recombination in an organism (Kauffman 1993). In particular, the 

number of design components and their interactions have been mainly used as the critical 

underlying properties to explain how combinatorial innovations take place. The number 

of available design components represents the diversity in an ecosystem. The interaction 

among design components indicates how each design component is inter-connected in the 

combination.  

However, the existing evolutionary theoretical lens on innovation (Fleming and 

Sorenson 2001; Kauffman 1993; Levinthal 1997) does not consider the unique feature of 

digital innovation because the boundary of a digital ecosystem is often unspecified a 

priori (Boudreau and Jeppesen 2014). Unlike a traditional physical system whose system 

boundary is pre-specified, digital ecosystems allow new components to shape and re-
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shape the existing boundary of the ecosystems as they split, merge and mutate over time. 

Particularly, a combined set of components used across different cluster boundaries needs 

to be considered in order to reflect the generative feature of digital components 

(Goldberg et al. 1993; Simon 1962).  

To fill this gap, this paper adopts an evolutionary network perspective (Dhar et al. 

2014; Ravasz and Barabási 2003). In particular, this paper focuses on the evolution of 

topological structure in a network to complement the understanding of a system from a 

decomposable system based on architectural knowledge (Baldwin and Clark 2000) to a 

developmental combinable system (Holland 1975; Wagner and Altenberg 1996) derived 

from the generative nature of system-agnostic digital components (DeLanda 2013; Yoo et 

al. 2010).  

An evolutionary network perspective explains the topological change of clusters 

in a network, as a network represents the hierarchical order of sub-divided networks 

depending on the interaction of nodes (Strogatz 2001). A node represents an object such 

as an organism or a cell including various components. For example, an organism with a 

single cell shows structural and functional heterogeneity that can be separated into a set 

of networked genes which work together so that the basic gene components produce 

different cell types over time (Wagner et al. 2007). The variation of organisms resulting 

from genetic variations represents hierarchical sub-function boundaries, or clusters, based 

on a topological overlap structure, which is constructed by the interactions of commonly 

shared genes (Wagner and Altenberg 1996). Thus, highly topologically overlapped 

objects are positioned in the center of nested hierarchies in a cluster, and other objects 

that share the same components combine with other components in a cluster. 
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Applied in the context of digital innovation, the topological overlap generates a 

nested-hierarchy among digital products developed by various digital components in a 

digital ecosystem. Seemingly unrelated digital products are networked together based on 

the common usage of digital components and form clusters. As such, digital products 

display a topologically overlapped structure with neighbor digital products in a network 

(Ravasz et al. 2002). Highly topologically overlapped digital products form a hierarchical 

order with other digital products based on a set of commonly shared digital components 

in a cluster. The topological structure in the study of evolutionary networks emphasizes 

the pattern of unexpected combinatorial change in response to the changes of existing 

components and the emergence of new components (Wagner and Altenberg 1996). 

Therefore, the evolution of digital innovation can be understood based on the change of a 

network’s nested hierarchical structure (or the evolution of clusters) over time depending 

on the combinatorial pattern of digital components over time.  

 

THEORY DEVELOPMENT 

The basic mechanism of evolutionary pattern 

Non-linear interaction breaks the inherent combinatorial patterns taking place 

among given digital components. Each digital component has a unique functional feature 

distinct from others. In addition, the generative nature of digital components emphasizes 

the equal importance of each digital component. However, digital components are not 

equally used in digital products in non-linear interaction (Tushman and Rosenkopf 1992). 

Some components are repetitively used for the generation of new products, while others 

are used infrequently.  
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A digital ecosystem consists of both internal digital components that are provided 

by a focal platform owner and external digital components that are not provided by the 

owner. Furthermore, in a digital ecosystem, a certain set of individual digital components 

is frequently used together, forming a tightly coupled building block for the entire 

ecosystem or for a specific cluster. To specifically understand the dynamic combinatorial 

pattern, we categorize digital components based on their degree of usage (Um et al. 2013). 

Based on this, the entire array of digital components in a digital ecosystem can be divided 

into universal core components, sub-cluster core components, and periphery components 

depending on the usage (Borgatti and Everett 2000; Csermely et al. 2013; Rombach et al. 

2014) 

Some of these tightly coupled building blocks are entirely made of internal digital 

components and used most frequently throughout the ecosystem. Thus, we refer to these 

as universal core digital components. Universal core components define the basic 

building blocks of any digital products in a platform. Universal core components are 

highly connected with other components throughout the entire ecosystem. Other building 

blocks of digital components that are often combinations of internal and external 

components are not used as frequently and universally as universal cores in a platform, 

but independently form their own structure as a foundation of individual clusters. Thus, 

we refer to them as sub-cluster core digital components. Sub-cluster core components are 

highly connected with other components within each cluster, creating heterogeneity 

among clusters. The rest of the digital components are often used to modify the universal 

core components and sub-cluster core components in order to diversify the function of 

digital products within a cluster. These are referred to as periphery digital components. 
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Periphery digital components produce variety within a cluster. Periphery components are 

loosely connected mainly with sub-cluster cores and create structural and functional 

variability within each cluster. 

Characterized in this way, there are two different options for evolution in a digital 

ecosystem. If the combinatorial pattern of digital components from the selection process 

does not change over time, the evolutionary trajectory of the clusters will remain the 

same under the existing hierarchy. However, if the combinatorial pattern changes, the 

network has a change of topological structure with different evolutionary trajectories. 

With this view of the combinatorial interaction of digital components and the topological 

structure of clusters, this paper takes an evolutionary network perspective to focus on the 

breadth and depth of a network as a way to explore how the rate of evolution of digital 

innovation changes in a digital ecosystem (Barabási and Oltvai 2004; Ravasz et al. 2002; 

Wagner et al. 2007). In this paper, the breadth of a network implies the size of a network 

that shows the increased number of digital products, while the depth of a network 

represents the heterogeneity of a network that is explained by the degree of nested 

hierarchy among digital products understood by the topological overlap measure 

(Horvath 2011; Langfelder et al. 2008).   

To understand the structural evolution of a digital ecosystem, this study focuses 

on the changes in clusters formed by groups of digital products in a digital ecosystem. A 

node is a digital product whose function is expressed from the combined usage of digital 

components. Nodes are connected and clustered with one another owing to the shared 

digital components in a digital product network.  Figure 7 offers a simple illustration of 

the evolutionary pattern of a digital ecosystem. 
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Figure 7. The Basic mechanism of evolutionary pattern 

 

Five different digital components (represented by the numbers 1 to 5) exist at the 

initial stage of a network at time t. Two different digital products (shown as circles) are 

developed from the two different combinations of the five digital components. The box at 

the bottom in Figure 7 represents a cluster that is grouped from the connection of a 

commonly shared digital component (digital component 1) in the initial time period. The 

cluster (A') including the two sub-clusters in the middle (at time t+1) represents the 

second generation of cluster as a result of evolution that takes place by the introduction of 

new digital components (digital component 6 and 7). Two new digital products that are 

generated from the combination of new digital components form the two sub-clusters A'1 
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and A'2 that are topologically categorized depending on the same usage of digital 

components: digital component 1 and 2 for A'1 and digital component 1 and 4 for A'2. 

The topological overlap from the commonly shared digital component (digital component 

1) enables the two sub-clusters to be grouped in the same cluster A' at time t+1.  

The two clusters at the top represent the third generation of clusters as a result of another 

evolution process derived from 1) the introduction of new digital components (digital 

component 8 and 9) which are acquired from a digital ecosystem and 2) the existing 

digital components that are recombined with new digital products to create more new 

digital products. The cumulative number of digital products in the sub-cluster A'1 and 

A'2 makes the cluster A' evolve with different topological overlaps. Cluster A' is split: 

one part of the split forms a new cluster B based on the digital components 1 and 2. In 

particular, cluster A'1 is split into B1 and B2 where B1 forms a sub-cluster depending on 

the shared digital components 1 and 2, while B2 makes a sub-cluster that constructs the 

topological overlap from digital components 1, 2, and 6. Thus, sub-clusters B1 and B2 

are topologically linked with each other based on digital components 1 and 2 that form 

the nested hierarchy of cluster B. Another part of the split takes place in cluster C. Here, 

cluster C is generated from digital products from sub-cluster A'2 and the combination of 

digital products with new digital component 9 and existing digital component 6 that 

migrated from sub-cluster A'1. All digital products are strongly connected with digital 

components 1 and 4 that form a distinct topological overlap pattern compared to digital 

products in cluster B.  

The hypothetical example in Figure 7 gives an insight into how the evolutionary 

pattern can be understood from the topological recombination derived from new digital 
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products in clusters in a digital product network. In particular, from the example, we can 

learn the characteristic of digital components in a network. At time t+2, digital 

component 1 is used in two clusters, B and C. As such, digital component 1 is considered 

a universal core component. In cluster B, digital component 2 is used in two different 

sub-clusters, B1 and B2, while digital component 4 is commonly used in all digital 

products in cluster C. Thus, digital components 2 and 4 are treated as sub-cluster core 

components. The rest of the digital components used in each cluster are understood as 

periphery digital components. Based on this conceptual notion, this paper focuses on the 

evolutionary pattern across clusters and the combinatorial pattern of digital components 

in clusters in a network in order to explain the mechanism of how the evolution of digital 

innovation takes place. 

From Figure 7, we focus on a reciprocal set of three interactions that have mutual 

effects on one another as shown in Figure 7: 1) digital components, 2) the size of cluster, 

and 3) the size of sub-cluster. First, the number of digital components changes as new 

ones are continuously introduced in a digital ecosystem. As such, the size of digital 

components increases over time. In addition, the functional heterogeneity of digital 

components increases as various functions emerge over time. The degree of digital 

component usages determines the different structural layers of digital components. The 

generative nature of digital components can be categorized into a different layer over 

time. Some popular digital components can move from the periphery to the sub-cluster 

section. Thus, the ratio of external digital components in the sub-cluster section is 

dynamic in nature.  



 

68 
 

Second, size of cluster indicates the total number of digital products in each cluster. A 

cluster groups digital products in terms of the common usage of digital components in a 

network. As such, a cluster represents the distinct common combinatorial pattern among 

digital products that essentially shows the functional heterogeneity of digital products. 

However, the size of cluster in this paper simply represents the total number of  digital 

products in clusters. The sum of digital products across all clusters is the same of the total 

number of digital products in a digital ecosystem. We expect to control the functional 

heterogeneity which comes from the usage of digital components among digital products.  

Third, the size of sub-clusters represents the degree of functional heterogeneity. A cluster 

includes multiple different patterns in terms of digital component usages, and digital 

products can be grouped into various clusters. Thus, a sub-cluster is a nested cluster in a 

cluster grouped by the combination pattern of digital components. Sub-clusters show the 

nested hierarchy, as the commonly used digital components form the boundary of 

topological overlap that leads to hierarchical order among sub-clusters. Specifically, a 

few popular digital components have unique functional heterogeneity compared to other 

digital components that mostly combine with the popular ones. Thus, digital products 

typically include a few popular digital components positioned in the upper layer in a 

cluster, and the other digital products using various other digital components will be 

topologically located in the lower layer in the nested hierarchical structure. Therefore, the 

degree of nested hierarchy implies the degree of functionally heterogeneous digital 

component usages in digital products.  
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HYPOTHESES 

We set up a null hypothesis that a digital ecosystem evolves without a specifically 

designed structural pattern over time from continuous non-linear interactions among 

existing digital components and newly emerged digital components. The connection 

patterns of digital products based on the shared usage of digital components form clusters 

that construct the structural pattern. These dynamics of continuously generated new 

structural patterns are distinct from the patterns in the past time period, as the size and 

heterogeneity of digital components in a digital ecosystem change over time. The non-

linear interaction among digital components mainly takes place within the boundary of 

clusters in a network (Watts and Strogatz 1998). Some digital components can be 

universally adopted across different clusters, while others are mainly used within a 

cluster. The shared digital components in each cluster construct a hierarchical structure 

based on topological overlap (Ravasz et al. 2002). This overlap can be characterized as a 

nested hierarchy in which each cluster is derived from complex non-linear interactions 

depending on the type of digital components. As such, digital products that are composed 

of highly overlapped groups of digital components are positioned in the topologically 

upper layer in a digital product network structure, while the less overlapped ones are 

located in the lower hierarchical layer.  

In order to find the impact of combinatorial patterns on the evolutionary trajectory, 

we focus on the interaction dynamics specifically between the internal and external sub-

cluster core components and the periphery components. In particular, we do not consider 

the role of universal core components, as universal core components represent high 

density in the whole network that does not significantly change the nested hierarchical 
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structure and diversity of digital components (Rombach et al. 2014). Furthermore, the 

number of universal core components is stable over time for all clusters and the 

topological structure of a cluster is constructed and changed mainly based on sub-cluster 

core components, as they are frequently in clusters in a network (Ravasz et al. 2002). We 

focus on the topological overlap structure of clusters (or nested hierarchy) in a network as 

a way to capture the change of the size and heterogeneity of a digital ecosystem. This 

paper explores the role of diverse digital components categorized into sub-cluster core 

and periphery on the structural change of a digital ecosystem. We do not significantly 

consider the functional role of each digital component. Instead, we consider the ratio of 

external digital components to sub-cluster sections in order to understand the impact of 

heterogeneous digital components on the structural change.  

Sub-cluster core components are not as densely connected as universal core 

components. Unlike the universal cores, sub-cluster core components are functionally 

heterogeneous and diverse, as their functionalities do not need to be tightly related with a 

focal platform system. They can be used in various ways, and any digital component can 

become a sub-cluster core component. As such, several different combinations of the sub-

cluster core components contribute to the generation of a new cluster of digital products. 

Each sub-cluster core component in a digital product represents a different degree of 

topological overlap in each cluster. Thus, sub-cluster core digital components have 

multiple sub-groups with respect to the number of individual digital components. The 

degree of topological overlap changes continuously when digital components combine 

with each other. Therefore, the increased number of sub-cluster core components 

influences the change of topological structure in a cluster. Specifically, a cluster with a 
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large number of sub-cluster core components is likely to attract more digital products to 

the cluster in the future. Similarly, a cluster with a large number of sub-cluster core 

components is more likely to be divided into a number of sub-clusters within the cluster 

in the future. Thus, we hypothesize: 

H1a: The number of sub-cluster core digital components of a cluster positively affects the 

size of clusters.  

 

Though digital components represent the agnostic to specific digital product 

design, the generative feature of a digital component does not mean that it can be used for 

anything. Each sub-cluster core component has specific uses depending on its functional 

fitness with other components for a coherent function. As such, the influx of new digital 

components into a cluster does not ensure the continuous increase of combinatorial 

patterns. Therefore, each sub-cluster core component has a different degree of topological 

overlap. If the new components have a functional fit with existing components, they will 

represent functional applicability, and new topological structures will also be constructed. 

However, if they do not fit functionally, they will not change the topological structure, 

and the rate of change will not always increase. The following is posited: 

H1b: The impact of sub-cluster core digital components on the size of clusters follows a 

curvilinear (inverted u-shaped) pattern.  

 

There are numerous functional types of periphery components in a digital 

ecosystem. The continuous generation of new digital products is possible in part because 

periphery components can be combined with other digital components to produce 
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functionally unique digital products. Even though each digital product has a unique 

function, digital products can have a functional similarity if they share a periphery digital 

component belonging to the same functional type of external digital component. For 

example, if digital products include the Google Map API, they will commonly have a 

map function. Periphery digital components can be combined with both core and other 

periphery digital components. Specifically, universal core and sub-cluster core 

components can be combined with any functional types of periphery components. A 

digital product can include several periphery components if they are functionally fit with 

one another for the functional coherence of a digital product. For example, a digital 

product can be developed with universal core and sub-cluster core digital components 

with the combination of the Yahoo! Map Image API and the Google Map API to match 

image files on a map. As such, various combinations of periphery components are 

possible. Thus, repeatedly used periphery components can change the topological 

structure in clusters in a network. Periphery components can increase the size of a cluster 

in a network based on numerous possible combinations. At the same time, repeated 

usages in a cluster change the topological overlap and influence the density of topological 

structure in a cluster in a network. For this reason, periphery components will contribute 

to the change of evolutionary pattern over time.  Thus, we hypothesize: 

H2a: The number of periphery digital components of a cluster positively affects the size 

of clusters.  

 

There are a huge number of digital components in a digital ecosystem. For 

example, the website www.programmableweb.com listed more than 14,000 digital 
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components registered as of December 2015. Each digital component listed on the 

website has its own unique function. However, the generation of a totally new functional 

type is limited although similar but slightly different functions are frequently generated. 

Thus, the creation of new digital products through recombination can be limited. For 

example, third-party developers can use the Google Maps service for their digital 

products. Other platform services such as Yahoo! and Amazon provide similar map API 

services to third-party developers. As such, even though the number of digital 

components increases, functional diversity does not necessarily increase at the same time. 

Furthermore, functionally similar periphery digital components will not be equally used 

because developers have different preferences for various brands (Newman et al. 2002). 

A few map APIs in a digital ecosystem will be highly used, while the others will have 

low usage. Thus, the different number of usages of each periphery digital components 

does not influence the change of the evolutionary trajectory in a particular pattern.  Thus, 

we hypothesize: 

H2b: The impact of periphery digital components on the size of cluster follows a 

curvilinear (inverted U-shaped) pattern.  

 

The role of digital components is not fixed in the introduction stage of digital 

components. The continuous usage of digital components changes their categorized role. 

Some popular external digital components are placed in different layers by the degree of 

usages, as the usage of external digital components instigates more usages because their 

functional usefulness in digital products ultimately leads to continuous combinations of 

the other digital components over time. Thus, the ratio of external digital components 



 

74 
 

depends on the number of combined other digital components that can be limited within a 

cluster. Some popular external digital components are highly connected with other digital 

components, so they show high topological centrality compared to other combined digital 

components in a cluster. Their high centrality implies that the external digital components 

have enough of their own functional uniqueness to have their own group in a cluster. 

Thus, an increased ratio of external sub-cluster digital components indicates increased 

functional heterogeneity in a cluster. Thus, we hypothesize: 

H3a: The ratio of external sub-cluster core digital components positively affects the size 

of sub-clusters of a cluster.  

 

The popularity of external digital components in sub-clusters implies that they are 

densely connected with other components not only in the sub-cluster section but also in 

the periphery section. Each external digital component has its own nested hierarchy in 

terms of its connection with other digital components. At the same time, the highly 

connected digital components in a sub-cluster section are also connected with other 

external digital components in a sub-cluster section. As such, the external digital 

components having nested hierarchies represent their hierarchical orders depending on 

their degree of influence on connection with others. Only a few external digital 

components that have more functional universality have more influence in a sub-cluster 

section. Therefore, the external digital components in a sub-cluster section do not have 

the same impact on the generation of digital products. Only a few have more influence 

than others to build a larger size of sub-cluster section. Therefore, the functional 

heterogeneity of sub-clusters will be highly related with a few highly connected external 
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digital components that highly affect the increased number of digital products in clusters. 

Thus, we hypothesize:  

H3b: The impact of external sub-cluster core digital components on the size of sub-

clusters is negatively moderated by the size of the cluster.  

 

 

Figure 8. The model for the evolutionary pattern 

 

ANALYTICAL APPROACH 

Co-expression network 

We analyzed our data in a number of different steps. First, we capture the cluster 

dynamics in a network to specifically explore the evolution. Clusters are the result of the 

combination of digital components that construct the underlying structure of digital 

innovation. A cluster can be dependent on another cluster, as the same digital 

components can be used in different clusters. In particular, nodes of a network need to be 

fully connected to explore the dynamics of clusters (Watts and Strogatz 1998). We built a 
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co-expression network of digital products to represent the expression of digital 

components (Stuart et al. 2003). A co-expression network is a weighted and undirected 

network (Zhang and Horvath 2005). It is effective in capturing the correlation derived 

from digital components used in each digital product. In particular, a co-expression 

network represents the typology of a network depending on the frequency of digital 

components. Hierarchical interactions from the topological overlap of the usage of digital 

components can be considered to explore network dynamics by using a co-expression 

network (Ravasz et al. 2002).  

Clusters in a co-expression network are segmented based on the topological 

overlap measure of each digital product. Topological overlap indicates the degree of 

interconnectedness among digital products (Ravasz et al. 2002) in terms of the direct 

network of digital products and the number of shared digital components. It can be 

measured in the following way. The number of direct neighbors of two digital product i 

and j is defined by 𝒌𝒊 =    𝒂𝒊𝒋. 𝒌𝒊 represents the correlation between a digital product 

and its neighbors depending on commonly used digital components. The number of 

digital components commonly used by digital products i and j is 𝒂𝒊𝒖𝒂𝒋𝒖𝒖  !𝒊,𝒋 . From the 

two, the topological overlap of each digital product is calculated as the following:  

𝑇𝑜𝑝𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙  𝑜𝑣𝑒𝑟𝑙𝑎𝑝  𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =   
𝑎!"𝑎!" +   𝑎!"!  !!,!

min 𝑘! +   𝑘! + 1 −   𝑎!"
	  

 

Statistical Model Specification 

In this study, the basic unit of analysis is a specified cluster in a network where 

new digital products change the topological structure characterized by the pairwise 
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connection of APIs. This study focuses on the change of connection pattern as new plug-

ins are generated to capture the structural change (split and merge) of a network in terms 

of clusters. We can statistically identify the role of internal and external APIs in terms of 

the ratio of external APIs in the generation of plug-ins by extracting the information from 

the network analysis.  

We use the two different types of variables to capture the evolution of digital 

innovation. First, we use the number of digital products in each cluster to measure the 

size of cluster. It directly captures the combinatorial dynamics of digital components in a 

digital ecosystem. Second, we used the number of nested hierarchies in a cluster to 

measure the size of sub-cluster. We can understand the change of topological structure in 

a cluster in terms of the functional heterogeneity of digital products in groups. We expect 

to explain the impact of combinatorial dynamics on the structural change in a cluster 

which represents an evolutionary pattern based on topological overlaps.  

We use the number of sub-cluster core and periphery digital components as key 

independent variables in this study. The number of universal core digital components 

rarely changes, as it allows digital products to be adopted on the platform system. Thus, 

each model does not include a quadratic term for the universal core API. The square 

values of sub-cluster core and periphery components are used to explore the non-linear 

pattern of the evolution of combinatorial innovation in a digital ecosystem over time. We 

mainly use a panel OLS regression for model 1 to understand the evolutionary dynamics 

of digital products. Cluster and time fixed effects are used to control unobserved 

variables based on the Hausman test.   
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AN EMPIRICAL STUDY 

Data 

We collected data from WordPress, focusing on plug-ins as an example to explore 

the evolutionary pattern of generativity in a digital ecosystem. The digital components on 

WordPress are APIs. One or more APIs are used to form a plug-in (digital product). We 

downloaded more than 100GB of source code data in text files from WordPress. To 

effectively capture API data, we developed a text-mining program written in Java that 

captured internal and external APIs used in all different versions of 23,895 plug-ins from 

January 2004 to December 2014. We constructed plug-in by API monthly matrixes to 

explore the interaction of APIs in plug-ins. The entries of each matrix are composed of 

binary values to represent which APIs were used for the expression of plug-ins. The two 

numeric values followed the NK landscape model (Kauffman 1993). ‘1’ means the API is 

used in the plug-in, while ‘0’ means it is not. All versions of the source code in each 

plug-in were analyzed. In January 2004, there were 86 plug-ins using 44 APIs. In 

December 2014, there were 23,985 plug-ins using 443 APIs, 113 of which were provided 

by WordPress, with the remaining 330 APIs offered by other platform providers such as 

Google, Yahoo, and Facebook.  

We extracted available data about the age and the number of functional updates of 

each plug-in from the log files. The age of plug-ins was determined based on when the 

plug-ins were created as recorded in the source code history. Each plug-in is updated over 

time to resolve bugs and add new functions that are recorded in each log file. We 

extracted the information about when the update took place using binary values. ‘1’ 

indicates the time of update, while ‘0’ shows that a plug-in is not updated. We also 
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extracted developer data shown in each plug-in page in WordPress. The developer 

information tells us how many developers are involved in each plug-in. We also 

examined another digital ecosystem (www.programmableweb.com) to understand if the 

WordPress ecosystem represents a unique growth pattern. We collected the number of 

mash-up APIs that result when third-party developers freely create new APIs by 

combining heterogeneous functional types of APIs in the ProgrammableWeb ecosystem 

on a monthly basis from October 2005 to December 2014. These collected data can be 

used for an instrument variable that can control the independent variables such as plug-in 

age, the number of updates, and developer information.  

 

RESULTS 

A Co-expression network 

We used R to analyze a plug-in co-expression network and visually explore how 

the underlying structural pattern changed from 2004 to 2014 (Horvath 2011). We 

extracted the plug-in data for each cluster from 2004 to 2014 for further statistical 

analysis. The analyzed results of a network in three different years are provided in Figure 

9.  
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143 plug-ins in Dec 2006 4,770 plug-ins in Dec 2010 23, 985 plug-ins in Dec 2014 

Figure 9. The evolution of a plug-in network 

 

First, each analysis includes a tree diagram above a network analysis in order to 

illustrate the hierarchical order of plug-ins with respect to the combinatorial pattern of 

APIs. The height of the tree diagram represents the degree of similar combinatorial 

patterns among plug-ins. The bottom of a tree indicates low similarity, while the top 

represents high similarity (e.g., sharing commonly used APIs). Plug-ins that include 

commonly used APIs are positioned on the top on each branch, while plug-ins with low 

interaction frequency APIs can be found at the bottom of a tree. A color bar below a tree 

diagram indicates the segment of clusters, which is calculated by a hierarchical clustering 

method (Langfelder et al. 2008). Each color in a color bar specifies clusters depending on 

combinatorial difference. 

Second, a color-coded network below a color bar indicates a co-expression 

network analysis. Red color represents high similarity, while yellow shows low similarity. 

Thus, red color indicates densely connected regions, and yellow color represents sparsely 

connected areas. X-axis and Y-axis indicate plug-ins. We did not include the specific 

name of each plug-in, as more than 20,000 plug-ins were visually analyzed. A co-
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expression network analysis of different time periods represents how the structural 

pattern evolves over time through the change of the size and density of clusters.  We can 

detect how many new plug-ins were generated through the change in the tree diagram.  

Third, to understand how the structural change has taken place, we can check two 

different regions in each analysis. One is the diagonal region along a diagonal line, and 

the other is the off-diagonal region. A cluster that is specified by a color bar can include 

sub-clusters which represent a nested hierarchy. Several clusters on a diagonal line show 

1) that there are certain structural patterns with respect to the combination of APIs, and 2) 

how plug-ins are connected within each cluster. Even within the boundary of a cluster 

specified by a color bar, some plug-ins are highly connected with one another. The 

different density of colors represents the degree of connectivity among plug-ins in each 

cluster. Connectedness in the off-diagonal region shows how plug-ins belonging to 

different clusters interact with each other across different clusters specified by a color bar, 

indicating interdependency across clusters.  

Figure 9 illustrates the plug-in network in 2006, 2010 and 2014 to compare the 

size and structure of each network. Each plug-in is a node in the network. A plug-in co-

expression network shows a 0.39 cluster coefficient on average with 0.022 standard 

deviation from 2004 to 2014. The graphics show how the structure of a plug-in network 

evolves over time. First, from each tree diagram, we can understand the hierarchical 

relationship among plug-ins structured from the combinatorial pattern of APIs. In 

particular, seemingly unrelated plug-ins can be categorized depending on their usage of 

APIs, and some plug-ins became the parents of other plug-ins. We can detect that new 
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branches are continuously generated over time, as new APIs in a digital ecosystem are 

used for new combinatorial patterns.  

Second, as shown in the color bar below each tree diagram, the number of clusters 

increases from 1 to 11. Though the number of plug-ins is drastically increased, we can 

understand that the combinatorial patterns can be largely categorized within 11 clusters in 

2014. In particular, we can see undetected relationships among different branches in the 

tree diagram in the interlaced colors in the segment of the color bar. For example, in 2010, 

dark blue color bars are interlaced with a light blue color, as they ultimately have a nested 

hierarchical relationship. They share the same APIs including both internal and external 

APIs.  

Third, from the color-coded landscape map, we can visually understand that 

numerous plug-ins were generated in a short period of time. The landscape map can be 

understood from two different regions. In the diagonal line region, we can see how many 

different clusters are generated with different structural patterns. Each cluster in a 

diagonal line represents an underlying structure generated without a central designer. 

Thus, the analyzed results show that clusters are not generated in a uniform way. The 

organized generation of clusters indicates how many different types of plug-ins were 

generated without the control of a platform owner. However, this analysis provides an 

insight that the generation of plug-ins has a certain structure based on combinatorial 

patterns from the hierarchical order. The off-diagonal region shows the interdependency 

of each cluster specified by a color bar. There are red color-coded regions in the off-

diagonal region which change over time. The change implies that clusters are 

interconnected with each other in terms of the usage of APIs. The degree of interaction 
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across clusters increases in a network over time. We cannot detect any uniform pattern 

over time, which suggests that the interdependency has an arbitrary relationship.  

From the analysis, we can visually and statistically detect that a digital ecosystem 

does not have a certain structure but changes over time. Even though the analysis of a co-

expression network offers an insight to understand how digital innovation evolves over 

time, some limitations exist to specifically understand the impact of combinatorial 

patterns on plug-in generation. Thus, we extract the plug-in information and API 

information with respect to a specified color bar over time and run a statistical analysis 

based on a negative binomial regression model.  

 

Econometric Analysis 

After the network analysis from 2004 to 2014, we extracted monthly data from 

2004 to 2014 for the variable of statistical models in each cluster in the analyzed co-

expression network. Table 8 presents the descriptive statistics. The two main variables 

(the size of clusters and the size of sub-clusters) are extracted from the network analysis. 

The control variables include the age of plug-ins, the number of developers per plug-in to 

understand the role of third-party developers, and the number of plug-in updates to see 

the role of improved plug-in quality on the evolution of a digital ecosystem. In particular, 

for the list of sub-cluster core and periphery APIs, we used the core/periphery technique 

(Borgatti and Everett 2000) to categorize APIs into three different types: universal core, 

sub-cluster, and periphery.  
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Table 8. Descriptive Statistics 

Variables Obs Mean Std.Dev Min Max 
Number of nested hierarchies (t) 433 8.665 4.73 2 29 

Number of plug-ins (t-1) 422 1462.436 844.5282 86 3758 
Sub-cluster APIs (t-2) 411 27.836 24.554 1 118 
Periphery APIs (t-2)  411 80.082 37.005 9 148 

External API ratio in sub-cluster 
APIs (t-1) 422 5.597 7.651 0 37.5 

Version Upgrade (t-1) 422 .038 .026 0 .187 
Plug-in/Developer 422 1.796 .16 1.373 2.244 

Plug-in Age 422 59.551 28.591 14.049 133.093 
 

First, we transformed the plug-in by API format to the edge-list format that shows 

the source and target node in a network. We considered the weighted value of source and 

target API connections by counting how many times the connection of two APIs is 

repetitively used in all plug-ins in each month. To categorize the universal core APIs, we 

considered the weighted value which represents how strongly the two APIs are connected 

in a network in the core/periphery analysis to capture the functional significance of APIs. 

We applied the core/periphery analysis in all edge-lists from January 2004 to December 

2014. In January 2004, there were 4 universal core APIs. In December 2014, 12 APIs 

were used as universal core APIs.  

Second, we did another core/periphery analysis for sub-cluster and periphery 

APIs depending on each cluster extracted from the network analysis. We used the plug-in 

list of clusters from the co-expression analysis after extracting the list of universal core 

APIs in the edge-list in each cluster in each month. We could get the broader range of 

sub-cluster APIs without considering the weighted value. This is to reduce the 
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emphasized role of internal APIs whose functions are required to be included in plug-ins 

that are uploaded in the WordPress system. In January 2004, there were 10 sub-cluster 

APIs including 3 external APIs in a cluster. In December 2014, there were 120 sub-

cluster APIs that included 39 external APIs in total. Finally, the APIs that remained after 

the sub-cluster APIs were extracted were considered to be periphery APIs.  

Table 9. OLS with Cluster and Time Fixed Effect Model 

 
Model 1 

(DV: Plug-ins (t-1)) 
Model 2 

(DV: Hierarchy (t)) 

Model 3 
(DV: Hierarchy 

(t)) 
Plug-ins (t-1) - .007(.0006)*** .004(.0006)*** 

External API ratio (t-1) - .239(.05)*** .039(.054) 
Plug-ins x External API 

ratio (t-1) - -.0001 (.0001)*** -.0001(.0001)** 

Plug-in/Developer (t-1) - -2.739 (1.415)* -1.417(1.585) 

Plug-in Age (t-1) - -.114(.039)*** -.029(.035) 

Version Upgrade (t-1) - 0.004 (.006) -.007(.006) 

Sub-cluster API (t-2) -3.938(2.614) - .026(.026) 

Periphery API (t-2) 12.252(3.83)*** - .322(.036)*** 
Sub− Cluster  API  (t

− 2)! .103(.021) - .0001(.0002) 

Periphery  API  (t− 2)! -.06(.02)*** - -.002(.0002)*** 

Plug-in/Developer (t-2) 628.998(163.393)**
* - - 

Plug-in Age (t-2) 8.944(3.806)** - - 

Version Upgrade (t-2) 1.449(.722)** - - 

Constant 
-

2486.297(703.322)*
** 

17.865 (7.162)*** .246(6.772) 

N 411 422 411 

R! .696 .52 .575 

* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 9 presents the results of the model in Figure 8. Model 1 shows the role of 

APIs in sub-cluster and periphery sections on the generation of plug-ins. The increased 

number of APIs in the sub-cluster section does not significantly affect the new generation 

of plug-ins. This result implies that APIs in the sub-cluster section play a limited role in 

actively increasing the number of plug-ins. In addition, the square value does not show 

significance  which means that APIs in the sub-cluster section do not continuously 

increase from the periphery section over time. Thus, H1a and H1b are not supported. 

However, APIs in the periphery section show a positive trajectory and non-linear shape 

of growth of the number of plug-ins over time. The increased number of APIs in the 

periphery section positively affects the growing number of plug-ins. Thus, H2a is 

supported. The square values of periphery APIs represent negative coefficients with 

significance at the 0.01 level. The negative sign implies that the rate of change decreases 

as the number of APIs increases. Thus, H2b is supported. 

In model 2, we tested the role of external APIs in sub-cluster sections on the 

change of the size of sub-clusters that represent increased functional heterogeneity. The 

model shows a positive role of previous plug-ins in forming sub-clusters (or nested 

hierarchy) at the 0.01 level, as the increased number of plug-ins shows diverse functions. 

The role of external APIs in a sub-cluster section positively affects the growth in the 

nested hierarchy at the 0.05 level. Thus, H3a is supported. The magnitude of coefficients 

indicates that external APIs in the sub-cluster section contribute more to the generation of 

nested hierarchy than the increased number of plug-ins. In order to understand the 

specific role of external APIs in the sub-cluster section, we built an interaction term that 

shows negative signs at the 0.01 level and is quite precisely estimated with a standard 
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error of 0.0003. The negative sign represents that not all external APIs largely 

contributed to the increase of nested hierarchy. Only a few external APIs contributed 

most of the increased size.  

Model 3 predicts the overall impact of variables in different time periods on the 

growth of sub-clusters over time. From the model, we can specifically explore the role of 

external APIs in the sub-cluster section to estimate and predict the evolution pattern over 

input variables. The increased ratio of external APIs does not show significance. Thus, 

the result shows the limited role of external APIs in the sub-cluster section once the 

network structure is constructed. Thus, H3a is not supported in model 3. However, the 

interaction term still shows significance at the 0.05 level. The negative coefficient 

represents that 1) the role of external APIs is limited in forming the skeleton of a network 

and 2) a few external APIs have a high impact on the size of sub-clusters. The functional 

uniqueness of external APIs can contribute to the structural pattern of change over time. 

Thus, H3b is supported in model 3. Periphery APIs represent external APIs most of the 

time. From the result, periphery APIs can have their own topological structure over time 

depending on their diverse functions. Thus, the increased number of periphery APIs 

affects the topological structure. However, the negative coefficient of the square value of 

periphery APIs implies that the influx of new external APIs does not guarantee that the 

rate of forming new topological structures would always increase over time. Thus, H2a 

and H2b are still supported in model 3.   

One interesting finding is the limited role of developers. We only included the 

other input variables at time t-1. In model 2, developers who are actively making plug-ins 

help to change the evolution pattern. The negative sign implies that some developers 
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actively contribute to generate new plug-ins, while the others create limited numbers of 

plug-ins. The input variable shows significance at the 0.1 level. However, in model 3, the 

result shows insignificance when we test the role of APIs in the change at the same time. 

Thus, the result indicates that the role of APIs is stronger than the role of developers in 

the evolution pattern. The developers’ role on the generation of new plug-ins depends on 

the various functional types of APIs.  

 

DISCUSSION 

This paper explores the evolutionary pattern of digital innovation in a digital 

ecosystem that does not have centralized control by a platform owner. Such a digital 

platform is highly dynamic and generative as it often invites third-party developers to 

create digital products that go beyond the original design intent of the platform owner. To 

capture the evolution of the structure of the platform, we adopt an evolutionary network 

perspective by focusing on the evolution of the topological structures of a bipartite 

network derived from the combination of digital components. Our results complement 

previous studies on system design and innovation (Baldwin and Clark 2000) in a modular 

architecture. In particular, the analysis of a combinable developmental process based on 

generativity explains how digital components interact with other components across 

different functional groups to create new digital products. The unique structural patterns 

in a digital ecosystem are different from the structure of decomposable systems in a 

modular architecture.  

An evolutionary network perspective provides a theoretical and methodological 

lens to explore the dynamic pattern of the ever-changing landscape of a digital ecosystem. 



 

89 
 

 First, the model allows us to think of two different roles of components on local 

optimum in an ecosystem characterized as a “landscape” (Kauffman 1993). Components 

working as “basins of attractors” determine the degree and pattern of changes, while 

other components follow the change led by basins of attractors for local optimum in a 

landscape (Levinthal 1997). To understand the structural impact of basins of attractors on 

evolutionary patterns, we consider the topological structure of clusters in a network based 

on genetic “modularity” (Wagner et al. 2007).  

Ours is the first empirical study to identify the basic evolutionary pattern of a 

digital ecosystem and how the infusion of new digital components affects the structural 

change of the ecosystem.  We were able to demonstrate how new clusters of digital 

products in a digital ecosystem emerge and divide over time.  Specifically, we found that 

the universal core – the APIs that are most frequently used by all plug-ins – actually do 

not contribute to the growth of the ecosystem. This is surprising as the platform owner 

controls all of those APIs in the universal core. In our findings, the number of cluster core 

components and the number of periphery components influence both the growth of a 

cluster as well as the sub-division of a cluster. While the cluster core components include 

some external APIs, the periphery components are all external. Furthermore, the external 

cluster core components have a relatively greater impact on the sub-division of clusters 

compared to internal cluster core components. Taken together, while platform owners 

certainly play an important role in building vibrant digital ecosystems, they alone cannot 

make the ecosystems grow. Without significant infusions of foreign elements that reside 

outside the boundary of the platform owner’s control, the ecosystem may not grow as 

dynamically as it does with them. Particularly interesting to observe is the role of external 
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APIs as part of the cluster core components. These cluster core components create the 

functional diversities across clusters.  In the WordPress ecosystem, one can conclude that 

external APIs played a significant role in the growth of the ecosystem both in size and 

diversity over time.  

Generativity (Zittrain 2006) is a unique concept to explain digital ecosystems with 

a layered modular architecture (Yoo et al. 2010a). This paper contributes to the 

understanding of the generativity of a digital ecosystem by focusing on the topological 

structure in a network to capture the evolutionary pattern that occurs without the central 

control of a platform owner. This paper explores the dynamic mechanism of digital 

innovation, asking how combinatorial innovation takes place with digital components in a 

digital ecosystem. In particular, we capture the non-linear interaction of combinatorial 

patterns at a certain point in time when the rate of digital innovation can be decreased 

even though the number of digital components continuously increases. This finding leads 

us to think about the role of a digital ecosystem after software-based platform innovation 

begins to show a certain evolutionary pattern. In particular, the result allows us to think 

about the role of third-party developers who closely depend on the diverse types of digital 

components to generate functionally heterogeneous digital products.  

Even though this paper makes theoretical and methodological contributions in 

several disciplines, there are a number of limitations to this study. Above all, this paper 

captures the evolutionary pattern of a focal platform from a technological perspective by 

focusing on a structural aspect in a network. One of the most valuable aspects of a digital 

ecosystem is that we can see third-party developers’ information about digital products to 

find how their behavioral patterns influence one another. If there are unobserved 



 

91 
 

behavioral patterns, we can specifically explore why the rate of digital innovation 

decreases when the possible number of combinations increases. In addition, we did not 

take into consideration the market demand for digital innovation because of data 

limitations. Previous studies argue that an innovation does not emerge spontaneously but 

is a result of market demand (Clark 1985). Platform service providers open their platform 

information to the public because they are not able to satisfy users’ demands on their own.  

This paper provides a useful insight to understand the evolutionary pattern of digital 

innovation using the logic of generativity in a more systematic way. By exploring how 

the structural pattern changes over time, our findings provide a way to think about how 

continuous digital innovation can occur in a digital ecosystem.  

 

CONCLUSION 

As the strategic and economic importance of digital ecosystems grows over time, 

so does the importance of a theoretical understanding of how this evolution takes place. 

Our study offers a new perspective to examine such evolutionary dynamics and the 

specific mechanisms that produce them. Even though this study is limited by its focus on 

a single ecosystem, we hope that we have taken an initial step to explicate the dynamic 

nature of generativity. At the same time, we hope to expand the scope of this study to 

understand this dynamic nature by considering more and different aspects.  
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CHAPTER 4 ESSAY THREE – THE COEVOLUTION OF DIGITAL 

ECOSYSTEMS 

 

ABSTRACT 

Newly emerged heterogeneous digital components are introduced continuously to a 

digital ecosystem. Some of them are successfully connected with existing components 

and influence the growth of the digital ecosystem as if they were originally developed by 

a focal platform system. Particularly, the introduction of heterogeneous components as 

the core role is a critical economic and technological factor from the perspective of 

component providers because playing a core role fundamentally increases the usage of 

providers’ available data and valuation. To systematically explore the role of 

heterogeneous digital components, this paper hypothesizes a relationship between the 

time variant and invariant network property of heterogeneous digital components and the 

probability of being in the core in the structure of a digital ecosystem. For the empirical 

test, we used plug-in source code data collected from Wordpress.org. Based on a text-

mining technique, we extracted detailed API information used in plug-ins created from 

January 2004 to December 2014. Using survival analysis, we found that heterogeneous 

digital components as cores are more influential than components offered by a focal 

platform system in the growth of a digital ecosystem and that the functional feature of 

digital components is more important than the size of platform providers and age of 

digital components.  



 

93 
 

INTRODUCTION 

The dynamic growth of a digital ecosystem is of strategic importance for a digital 

platform system to thrive. The way that a digital ecosystem makes growth shows a 

unique driver of innovation compared to other platform systems. Specifically, digital 

platform companies no longer focus only on the development of their own digital 

technologies, but explore ways to effectively leverage the technology of others in their 

platform system as a way to increase its functional heterogeneity and size. The core of 

growth comes from the generative nature of digital components such as Application 

Programming Interfaces (API) which make the interaction pattern of a digital ecosystem 

highly complex and dynamic across different design boundaries (Yoo et al. 2010) 

particularly because the introduction of heterogeneous digital components whose 

functional goals are not necessarily aligned in a focal platform system (Eaton et al. 2015) 

are likely to shape and re-shape the existing boundary structure in unexpected ways (Yoo 

et al. 2012). Accordingly, from a platform provider’s perspective, a digital ecosystem 

increases returns of all the diverse functional demands to scale through the generation of 

heterogeneous complementary digital products created by third-party developers 

(Cusumano and Gawer 2002; Eisenmann et al. 2006; Parker and Van Alstyne 2005). 

However, we have limited understanding of how these components are able to take a 

leading role in a digital ecosystem in the perspective of digital component providers.  

A digital ecosystem features the extensive transition of a platform system to large-

scale connectedness by orchestrating various types of heterogeneous digital components 

across different design boundaries. Once new heterogeneous digital technologies are 
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introduced into a digital ecosystem, they essentially diversify the given system structure 

in an unexpected way as they interact with existing technologies. As such, the evolution 

of a digital ecosystem represents a unique growth pattern that is indispensably governed 

by the degree of infusion of heterogeneous digital components that are a fundamental 

building block of the system’s connectedness. Particularly, various digital component 

providers are eager to successfully introduce their components to a digital ecosystem 

because they can gain economic benefit by increasing the usage of component providers’ 

available service and valuation. We can observe the importance of such technological 

strategic action from the case of Uber, in which the integration of Google Map and 

PayPal services through their API not only makes Uber’s service technologically 

successful but also enables the component providers to profit through increased usage. 

Thus, the evolution of a digital ecosystem includes not only the functional diversity of a 

platform system to fulfill the demand to scale but also a new, extensive economic market 

distinct from the traditional business model in the platform industry. Nevertheless, the 

core role of heterogeneous digital components in the growth of a digital ecosystem is a 

critical success factor that has not been specifically explored from the perspective of 

component providers.  

This study pays considerable attention to the core role of heterogeneous digital 

components in changes in the ecosystem’s dynamic growth pattern, focusing on a 

microscopic evolutionary process to specifically identify the core role of newly 

introduced heterogeneous digital components in the structural change of a digital 

ecosystem. An evolutionary network perspective offers a structured theoretical lens to 
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explore how the connection patterns in a network change over time. We focus 

particularly on the structural change of digital product clusters that is driven by the 

changed connection patterns of each digital component together with the increasing 

number of new components. However, the introduction of new digital components does 

not necessarily generate structural changes in a digital ecosystem, as the change also 

depends on the amount of connections with others. Thus, to specifically explore the 

threshold of change, we first built a digital product network. We created topological 

overlap to capture the clusters of digital products based on the similar usages of digital 

components. Given the structure of a digital ecosystem based on a digital product 

network, we built a digital component network to identify the dynamics of how digital 

components are used to generate digital products that spur the dynamic growth of a 

digital ecosystem. In particular, we focus on the dynamic role of each component’s 

attributes, time-variant and time-invariant network property, and functional type on the 

structural change of a digital ecosystem to effectively capture the dynamic growth pattern. 

Therefore, this paper essentially explores how the natures of digital components generate 

incremental and discontinuous connection patterns for the structural change of a digital 

ecosystem.  

The evolutionary aspect of a digital ecosystem is still under-developed, as 

previous studies have focused more on finding the inherent, static nature of a digital 

ecosystem rather than the dynamic aspects. This paper focuses on the role of 

heterogeneous digital components in the dynamic growth of a digital ecosystem. 

Specifically, this study asks: 
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How can heterogeneous digital components be centrally utilized in the structural 

diversification of a digital ecosystem?  

We answer this question using the case of the WordPress platform ecosystem. 

The WordPress platform system is the world’s largest, offering a diverse set of functions 

from a large number of digital products (plug-ins). Third-party developers combine 

digital components (APIs) offered by WordPress and other platform systems such as 

Google or Facebook to construct new plug-ins. In this empirical context of a digital 

ecosystem, a digital component represents an API, the connection pattern of digital 

components implies plug-ins, and clusters of connection patterns indicate clusters of 

plug-ins. The changing connection patterns come from the introduction of new APIs and 

the combinatorial patterns of APIs.  

The remainder of this paper is organized as follows. First we review existing 

literature on digital ecosystem dynamics and microscopic mechanisms. Second, we 

explain the random interaction patterns. Third, we describe the empirical model and 

results of our analysis. Finally, we discuss the theoretical and methodological 

implications of this study.  

 

LITERATURE REVIEW 

Characteristics in a Digital Ecosystem 

An ecosystem is built to innovate the functionality of a traditional platform system. A 

platform provider predefines the system boundary and controls the function of integrated 
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components. The mixture of various components whose role is predefined in an 

ecosystem increases the functionality of a platform (Sanchez and Mahoney 2002). A 

platform provider expects third-party developers to generate new complementary 

products within the predefined system boundary (Tushman and Anderson 1986; Tushman 

and Rosenkopf 1992). As such, an ecosystem increases the value of platform systems by 

transforming the greater variety of complementary products in order to increase returns to 

scale through network effects (Eisenmann et al. 2006; Gawer and Cusumano 2002; Katz 

and Shapiro 1985; Parker and Van Alstyne 2005). In addition, a platform provider 

expands the boundary of an ecosystem by integrating components from other platform 

systems to offer functions it previously could not (Eisenmann et al. 2011). However, the 

pre-specified system boundary of an ecosystem limits the role and size of a platform 

whose pattern of change is supposed to take a predictable path under the control of a 

predefined system boundary (Baldwin and Clark 2000).  

A digital ecosystem challenges the way that traditional platform systems innovate 

their functionality. A digital platform system does not have a predefined single 

hierarchical structure controlled by a platform provider. The core functionality of 

boundary resources is open to the public so that any type of digital components across 

different platform systems can be coordinated to increase the functionality of a focal 

platform system. In addition, the generative nature of digital technologies expands the 

functional role of digital components and can be applicable to any system boundaries 

(Zittrain 2006). Furthermore, third-party developers do not have any limitations to design 

their complementary digital products using digital components across different digital 
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platform systems (Yoo et al. 2012). Therefore, a digital ecosystem makes the existing 

boundary structure of a digital platform system complex and dynamic over time and in 

multiple hierarchies.  

 

Structure in a Digital Ecosystem 

The structure of a digital ecosystem is depicted in Figure 10 (Um et al. 2013). The 

structure is categorized into two layers. The phenotype layer is composed of 

complementary digital products, while the genotype layer consists of digital components. 

The phenotype layer constructs the structure of a digital ecosystem. Particularly, the 

emergence of clusters of digital products makes structural change in a digital ecosystem, 

once the number of digital products displaying the similar combinatorial patterns of 

digital components reaches a critical threshold that is enough to build clusters. A 

functionally heterogeneous rich set of digital products emerges in the phenotype layer 

through the recombination of functionally various types of digital components that are 

introduced from multiple digital platform providers including a focal platform system 

provider in the genotype layer. Various digital components are not bounded to a certain 

design system, and their generative feature enables them to be adopted to create any 

functional types of digital products. Thus, when digital products are created, the 

continuous addition of functionally heterogeneous digital components incessantly shapes 

and reshapes the existing structure of a digital ecosystem in size and heterogeneity as the 

components are used in digital products. 
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Figure 10 shows the three different layers of digital components depending on 

their usages in the genotype layer. We characterize digital components based on their 

functional type and frequency of usage. First, digital components are offered by two 

different sources: internal digital components provided by a focal platform system and 

external digital components introduced from heterogeneous platform systems. Second, 

digital components are characterized into three different groups, expanding the concept of 

core/periphery in each cluster: universal core digital component, cluster core digital 

component, and periphery digital component (Csermely et al. 2013; Rombach et al. 2014).  

There are a few internal digital components that are ubiquitous in digital products 

across all clusters. In this paper, these are referred to as universal core digital components. 

The frequency of usage of these is relatively higher than of any other digital components. 

They are connected with other digital components and make a basic foundation of tightly 

coupled building blocks. In addition, some internal and external digital components are 

more functionally useful than others. Thus, the frequency of usage of these components is 

higher than for other digital components except universal digital components in each 

cluster. We refer to these digital components as cluster core digital components. The 

other digital components in each cluster are referred to as periphery digital components.  
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Figure 10. The Structure of a Digital Ecosystem 

 

Evolutionary Dynamics in a Digital Ecosystem 

This study adopts the evolutionary perspective. In general, the evolutionary model 

represents the selection, variation, and retention processes. The selection-based argument 

mainly uses an ecological model of population to explain how the source and scale of 

knowledge are associated with the introduction and survival of platform systems 

(Anderson and Tushman 1990; Gort and Klepper 1982; Winter and Nelson 1982) that 

lead to the increased intensification of selected platform systems (Abernathy and Clark 

1985; Abernathy and Utterback 1978) and follow a single hierarchical evolutionary path 

from birth to maturity (Hannan 1997; Hannan and Freeman 1993). However, this study 

focuses more on the variation-based argument, which uses a time-variant approach to 

explain the exogenous change mainly driven by external digital components. Particularly, 
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continuous variation coming from the increased functional heterogeneity of digital 

components allows the selection process to continuously diversify the functional 

heterogeneity of digital products. Thus, this study explores the multi-hierarchical 

evolutionary path mainly driven by the infusion of heterogeneous digital components.  

This paper mainly focuses on the microscopic evolutionary concepts of migration 

and mutation to effectively explore the role of external digital components in the 

emergence of new clusters. Migration represents the exogenous process of genotypic-

level variation that ultimately leads to various selection processes for digital products. A 

rich and continuously increasing set of digital components is possible because of 

migration (or introduction) from other digital platform systems. Mutation is the 

continuously differentiated component-level selection process in digital products that 

ultimately affects the emergence of new clusters. A rich set of digital components allows 

the deletion, duplication, or substitution of the combinatorial patterns of digital products 

through the endogenous process of changing components. Thus, the continuous migration 

of digital components changes the mutation pattern that characterizes a digital ecosystem 

as an ever-changing structure that is shaped and re-shaped by the continuously changing 

size and heterogeneity of phenotype layers shown in Figure 10.  

The principal mechanism of evolutionary dynamics is the recombination of 

continuously evolving genotypic components. Thus, the evolutionary perspective enables 

a systematic exploration of the uncoordinated design of phenotypic heterogeneity in a 

digital ecosystem. The generative nature of digital components makes the variation of 

connection patterns a completely random and unlimited process (Arthur 2009; Boland et 
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al. 2007; Yoo et al. 2012). The selection process that drives the emergence of connection 

patterns ultimately forms the cluster of connection patterns in the boundary structure 

depending on the threshold of size and heterogeneity. Therefore, digital component 

dynamics driven by the migration of digital components diversify the selection process 

that continuously forms the structural continuity and discontinuity in a digital ecosystem 

if the connection of the digital components reaches sufficient connections in the existing 

cluster.   

THEORY DEVELOPMENT 

This study focuses on the centralized role of heterogeneous digital components in 

the emergence of clusters within the structure of a digital ecosystem. Two different 

network perspectives (digital component and digital product) are simultaneously used to 

explore the evolutionary dynamics of a digital ecosystem. Digital products form clusters 

depending on their similar combinatorial usages of digital components, and clusters 

construct the structure of a digital ecosystem. Digital components are categorized into 

three different layers depending on their usage in each cluster based on Figure 1. 

However, the product-level approach offers limited understanding of the role of 

heterogeneous digital components in the relationship with other digital component. Some 

heterogeneous digital components that are heavily connected with other components in a 

component network do not necessarily contribute to the emergence of clusters in a cluster 

core layer because not all of them are highly generative in terms of the generation of 

diverse clusters. In order to specifically understand the centralized role of heterogeneous 



 

103 
 

digital components, this paper simultaneously considers a component network approach 

at the same time. 

In a digital component network, a node represents a digital component, and edges 

(or connection pattern) are generated when digital components are combined for digital 

product generation. Change takes place when newly migrated (or introduced) nodes are 

connected to the existing nodes. Heterogeneous new digital components are continuously 

introduced, and the extent of using them increases over time. Particularly, as the number 

of new digital components increases, the connection pattern forms clusters that construct 

the structure of a digital ecosystem. In such changes, underlying connection patterns of 

digital components display either continuity or discontinuity. Continuous change occurs 

when new components are introduced. The role of these new components is limited 

because they are linked to the existing components to increase the breadth of a network 

under the existing hierarchical structure. Discontinuous change takes place once 

components gain enough degree and frequency to be centralized in a network and form a 

group large enough to change the depth of a network (or existing hierarchical structure). 

In order to specify the change, this paper categorizes components into two 

different functional origins used in Figure 1: internal and external. The temporal 

connection pattern starts from a single interaction that evolves in a component network 

structure. Furthermore, to specifically understand the role of each digital component, this 

paper categorizes components into inner and outer layers (Borgatti and Everett 2000). 

First of all, some digital components are more frequently used than others. Internal 

components that are connected with various components (internal or external) because of 
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their functional usefulness in the system are usually categorized as being in the inner 

layer. On the other hand, digital components that are less likely to be used belong to the 

outer layer. External digital components are considered as being in the outer layer shortly 

after they are introduced as they are new and do not have a pattern of connection yet. 

However, the layered structure changes dynamically depending on the extent of 

connection over time. Thus, a digital component belonging to the outer layer can shift to 

the inner layer. A functionally useful external digital component will continuously 

generate diverse connection patterns with other components and combine with them in 

various ways as a consequence of the generative system.  

The time-variant nature of a digital component’s being the inner layer is the key 

for the structural change of a digital ecosystem. The connection pattern of external digital 

components does not depend on the previous history of how many digital components are 

used but on the beneficial traits of the external components’ functional uses in the vast 

range of the existing structure. Particularly, the connection pattern of external digital 

components implies that the owner of a platform system has limited control over the 

uncoordinated design of complex interactions inherent in the unseen functional 

competition of digital components occurring at the edge of a digital ecosystem’s 

boundary. For component providers, the competition is mainly aims to extend the reach 

of services. If an external digital component is used more often, it shifts from the outer 

layer to the inner layer in a component network structure, leading to change in the cluster 

structure. Providers want to find ways to make their products more central in the network 

structure by creating a demand for their components. 
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This study mainly focuses on the structural dynamics driven by centralized 

heterogeneous digital components. Figure 11 presents a hypothetical example of a 

component network change that affects the generation of clusters in the structure of a 

digital ecosystem. A digital component network of APIs is shown on the left-hand side. 

At time t, there are four internal components and three external components. Internal 

components 1, 2, and 3 form the inner layer, and the others construct the outer layer. At 

time t+1, new internal component 5 is introduced and external component 3' shifts from 

the outer layer to the inner layer as its usage becomes more central. Though external 

component 3' is centralized in the inner layer, this does not guarantee that it will play a 

role as cluster core in each cluster at time t+1 because the generative nature of the change 

is unpredictable. External component 3' can be posited to be in either the periphery layer 

or the cluster core layer. If the extent of generative nature is high, digital component is 

going to be used across various clusters. However, the position of a component in a 

network is time-variant depending on how much it is used. Newly introduced digital 

components are first categorized into the outer layer in a digital ecosystem. They are 

connected with components in the universal core and cluster core to diversify the 

functional heterogeneity of digital products. Meanwhile, if the function is useful and 

gains popularity, digital components in the outer layer shift to the inner layer, where they 

contribute to the emergence of clusters in the structure of a digital ecosystem as cluster 

core by making their own building blocks with other digital components. 
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Figure 11. The Formation of A Digital Ecosystem Structure 

 

HYPOTHESES 

Internal digital components build a single hierarchical structure with each 

component in a certain order, as each has a pre-specified functional role related to a 

platform system. However, a single hierarchical structure mutates into an unexpected 

structural pattern of hierarchy, as external digital components are infused into the existing 

structure of internal components in a digital ecosystem. The role of external digital 

components is not pre-determined, so they can be combined with any types of 

components depending on their functional usefulness (Gawer 2009). Thus, they are 

allowed continuous temporal interactions with other components without any limitation 
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(Arthur 2009). In such dynamic interactions, the pattern of connectivity is not just 

dominated by a digital component in high hierarchical order but the pattern of interaction 

with others as a whole. Depending on their functional features, external digital 

components can show a broad range of connectivity that can ultimately reduce the role of 

a single digital component in high hierarchical order and break down the existing 

structure into a different shape. This paper specifically understands connectivity in terms 

of degree and frequency (Watts and Strogatz 1998).  

Each digital component makes its own unique pattern of connectivity. Degree 

indicates the total number of nodes connected to a node. High-degree external digital 

components that are connected with a broad range of other components construct their 

own building block. External components are more able to influence other components as 

the size of the component’s building block increases. They can affect a critical mass of 

other components enough to re-order the existing pattern of connectivity, as any 

components in the building block can more easily broker new connections among other 

unconnected components than components outside the building block. Thus, we posit: 

H1a: External components that have high degree have a higher probability of being in 

the cluster core in each cluster in a digital ecosystem.  

 

In the building block, some components are frequently connected with other 

components, while others are not. Frequency represents the number of connections 

between two nodes. Some external components showing high frequency diversify the 
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existing connection patterns on their own through reshaping the existing single 

hierarchical structure as they are successfully connected with multiple internal 

components. Those external components separate into groups apart from the single 

hierarchical order mainly built by internal components. External components displaying 

high frequency gain enough connection strength to independently construct a hierarchical 

order with other components. Therefore, the more frequently external digital components 

connect with others, the more diverse the existing structure becomes. Thus, we 

hypothesize: 

H1b: External components that have high frequency have a higher probability of being 

in the cluster core in clusters in a digital ecosystem.  

 

Connectivity essentially characterizes the strength and extent of influence over 

other components. If the connectivity of external components is high, they drive the split 

of a hierarchical structure into another. If they do not gain enough connectivity, they have 

a limited ability to reshape the structural pattern. This study explores the pattern of 

connectivity by categorizing a component network into core and periphery layers 

(Borgatti and Everett 2000) in order to effectively characterize the time-variant two-step 

mechanism of digital components in temporal interactions. In the context of this study, 

the pattern of connectivity can differ from other types of networks, as the highly 

recombinant interaction in a digital ecosystem leads to exponential distribution in a 

component network (Um et al. 2013). Newly introduced external digital components 

belong to the periphery layer at first in a component network, as they are connected with 
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a limited number of components. The network incrementally changes with newly 

introduced components attaching to other components under the existing hierarchical 

structure. The impact of the new components remains limited within a small number of 

components, so structural change does not take place. Once they gain popularity because 

of their functional usefulness (Barabási and Albert 1999; Johnson et al. 2014), external 

digital components that connect with many others engender large-scale interaction in an 

exponential way. In particular, external digital components that shift from the periphery 

to the core through these processes will then have a higher impact on the change of the 

existing structure. Thus, we hypothesize: 

H2: External digital components that shifted to the inner layer represent a higher 

probability of being in the cluster core in clusters in a digital ecosystem. 

 

External digital components are offered from multiple digital platform providers, 

and their functional types are more varied compared to those of internal digital 

components. Third-party developers have limitations to access the broad range of 

functional information in a short period of time. However, if external digital components 

are created and introduced to a digital ecosystem for a while, they have a high chance of 

gaining popularity and being used by third-party developers (Johnson et al. 2014). Thus, 

they increase in degree and frequency through connection with a large number of other 

components as they are used to create new digital products. Therefore, older external 

digital components have a higher chance than younger external digital components of 
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increasing their connectivity with other components and thus changing the structure of a 

digital ecosystem. A hypothesis is presented: 

H3: Older external digital components represent the higher probability of being in the 

cluster core in clusters in a digital ecosystem. 

 

A digital ecosystem does not have a specific functional boundary. Any external 

digital components across various systems are assumed to be capable of contributing to 

the growth of a digital ecosystem. Some components come from large, reputable firms 

such as Google and Yahoo, while others do not. Third-party developers can easily learn 

about these large firms and adopt their components. As such, digital components offered 

by providers that generate a large number of digital components have a high chance of 

being implemented into a digital ecosystem and of connecting with other components in 

increased degree and frequency. By contrast, digital components offered by providers 

that produce a small number of digital components have limited opportunities to inform 

third-party developers of the core functionality of their components. Though these 

components have useful functions, they have a low chance to gain popularity and 

reputation and thus increased degree and frequency in a digital ecosystem. Furthermore, 

the number of digital components in a digital ecosystem is exponentially increasing over 

time and online communities have limited time to share information (Johnson et al. 2014). 

Therefore, even though digital components have functional usefulness, if they are not 

offered by providers that generate many digital components, they will have a limited 

chance of contributing to the growth of a digital ecosystem. Thus, we hypothesize: 
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H4: External digital components offered by firms that produce a large number of digital 

components represent the higher probability of being in the cluster core in in a digital 

ecosystem. 

 

ANALYTICAL APPROACH 

This paper mainly uses two analytical approaches. The first approach is to 

measure the structural dynamics of a digital ecosystem for the dependent variable. In 

order to identify the structural dynamics in a digital ecosystem, we focus on clusters, 

which are groups of digital products aggregated by similar combinatorial patterns of 

digital components used in them. In this digital product cluster structure, a node is a 

digital product, and an edge between two digital products is formed when they share the 

same digital components. Digital component information is treated as an attribute that 

characterizes the expression of the digital product’s function.  

We used co-expression network analysis (Horvath 2011) to capture the cluster 

dynamics that take place in a digital ecosystem. This analysis mainly captures the 

topological overlap of digital products (Ravasz and Barabási 2003; Ravasz et al. 2002) 

based on the extent of similar uses of digital components. It mainly considers the number 

of digital components that digital products share and the number of times digital 

components are repeatedly used among digital products. The main goal of getting a 

topological overlap measure is to capture the hierarchical cluster structure in a digital 

ecosystem and its mutation (split and merge) through the generation of sub-clusters as 
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new digital products with different combinatorial patterns of digital components are 

continuously created. Therefore, by capturing the generation of clusters, we can 

understand the structural dynamics in a digital ecosystem. Specifically, it is calculated in 

the following way:  

𝑇𝑜𝑝𝑜𝑙𝑜𝑔𝑖𝑐𝑎𝑙  𝑜𝑣𝑒𝑟𝑙𝑎𝑝  𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =   
𝑎!"𝑎!" +   𝑎!"!  !!,!

min 𝑘! +   𝑘! + 1 −   𝑎!"
, 

where 𝒌𝒊 =    𝒂𝒊𝒋 implies the correlation between a digital product i and its neighbor 

digital product j based on the common digital components used in them, and 

𝒂𝒊𝒖𝒂𝒋𝒖𝒖  !𝒊,𝒋  indicates the number of digital components commonly used between 

digital products i and j. 

The second approach is to understand the degree of digital components’ role on 

the generation of clusters in a digital ecosystem. We used a survival model to capture the 

role of introduced external digital components in periods of new events when new 

clusters are generated. The hazard function used in a survival model represents the rate of 

risk at which events such as death or progression take place in each entity during the 

specific time period. Thus, the rate of risk indicates the relative probability of events 

happening compared to the control group, or time-invariant entities. In general, as the 

meaning of hazard indicates, an event is defined as the death of an entity. However, in the 

context of this study, an event is defined as the birth of clusters, so that the interpretation 

of hazard needs to be the opposite. We used a Weibull hazard function for our panel data 

set because the ratio of hazards changes and the predictors show parametric values. 

Specifically, the Weibull model is displayed in the following way:  
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𝑆 𝑡 = exp −𝜆𝑡! , 

where λ is a constant, t indicates time, and p implies the probability of an event occurring 

at time t.  

 

Statistical Model Specification 

The purpose of this study is to explore the extent of heterogeneous digital 

components’ impact on the structural change of a digital ecosystem. The basic unit of 

analysis is a digital component in a digital ecosystem where new heterogeneous digital 

components are continuously introduced and generate new digital products. Some 

heterogeneous digital components cause existing clusters to mutate (split and merge) over 

time while others do not, so we can explore which components play a core role to make a 

structural change at a given time point. We can statistically analyze the rate of change by 

extracting the network properties of the digital components.  

We focus on two different types of predictors to capture the core role of 

components in the change. First, we used network property information: degree and edge 

weight (or connection frequency). Degree refers to the number of nodes connected to a 

node in a network; in this context, it is the range of connectivity, or how many other 

components are commonly used with a focal component. Thus, for the purpose of this 

paper, degree implies functional popularity. Frequency refers to how many times a node 

is connected with others and thus indicates the actual number of usages in which a focal 

component is combined with others in digital products. A large frequency means that a 
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digital component contributes to the structural change, as the strong connection strength 

leads to structural change. Similarly, a large degree implies that a component is 

implemented into a system widely enough to mutate a given cluster. Therefore, degree 

and frequency are good network property information to use as predictors in order to 

understand the role of digital components in the change.  

Second, we used the property of time variance of digital components. Some 

digital components are actively connected with others, while others are not. Their 

connectivity determines which components play a core role in change and which do not. 

In order to characterize the role, this study categorizes digital components into core and 

periphery depending on the extent of their use (Borgatti and Everett 2000). The extent of 

use changes over time. Thus, some digital components categorized as periphery in the 

initial stage of introduction into a digital ecosystem can shift to the core. As external 

digital components do not have functions related to a focal platform system, they are 

categorized as periphery at first and shift to core in the next stages. We capture this shift 

with a binary value (0 and 1). In addition, new components introduced in a digital 

ecosystem are categorized as periphery to capture when they are introduced into a digital 

ecosystem.  

The survival model of digital components is specified in the following way.  

log ℎ!(𝑡) = 𝛼 𝑡 +   𝛽!𝑥!! 𝑡 + 𝛽!𝑥!! 𝑡 + 𝛽!𝑥!!, 

where 𝑥!! indicates network property, 𝑥!! shows time variance, and 𝑥!! implies time invariant 

variables such as age and the number of components that a digital component provider offers.  



 

115 
 

where 𝑥!! indicates network property, 𝑥!! shows time variance, and 𝑥!! implies time 

invariant variables such as age and the number of components that a digital component 

provider offers.  

 

AN EMPIRICAL STUDY 

Data Collection and Processing 

We collected data from WordPress. In this study, we focus on API information 

used in each plug-in to explore whether external APIs play certain roles in the change of 

a digital ecosystem landscape. An API indicates a digital component, and a plug-in 

represents a digital product. We downloaded all the available source code information as 

of December 2014 for a total number of 23,895 plug-ins; the total amount of collected 

source codes is more than 100GB. We developed a text-mining program written in Java 

to extract information about the APIs used in the 23,895 plug-ins. Using the time stamps 

written in each source code, we could build a set of time series data that shows detailed 

information about which APIs were used in each plug-in from January 2004 to December 

2014. WordPress web services launched in 2003. However, the number of plug-ins and 

APIs used in the system hardly changed until January 2004. Thus, we assume that the 

birth of the digital ecosystem of WordPress is January 2004.     

We first built plug-in x API monthly tables to get connectivity information about 

plug-ins. The entries are composed of binary numbers (0 and 1) to understand if an API is 

used (marked as 1) or not (marked as 0) in a plug-in. To effectively collect API 
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information, the code automatically compared the list of more than 10,000 APIs as of 

December 2014 collected from www.programmableweb.com and matched the function 

call information used in source codes. In January 2004, there were 86 plug-ins using 44 

APIs (40 internal APIs and 4 external APIs). In December 2014, there were 23,985 plug-

ins using 443 APIs (113 internal APIs and 330 external APIs). The plug-in x API data are 

used to capture the landscape change of a digital ecosystem resulting from the newly 

created plug-ins.  

After these processes, we built another type of data to capture API network 

information about how each API is connected with other APIs. In this data set, APIs are 

connected if they are used in a plug-in at the same time. We built this data set by 

reprocessing the plug-in x API matrices. The attributes include source and target nodes 

and their edge weight. A source node represents a starting point, and a target node 

indicates an end point between two APIs. Edge weight implies how many times source 

and target nodes are connected. In this way, we could build 443 (the total number of APIs 

used in all plug-ins) by 3 (source node, target node, and edge weight) monthly matrices 

from January 2004 to December 2014. From these data, we extracted the age of APIs 

based on when they were introduced into the digital ecosystem. We can understand 

degree, frequency (or edge weight), core/periphery role (based on core/periphery 

analysis), platform company size (based on whether the APIs were offered by the same 

firm), API age (when the API is introduced in a digital ecosystem), and so on.  
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In addition, we collected API provider information from another digital ecosystem 

(www.programmableweb.com) in order to understand the number of APIs offered by 

each platform provider.  

 

Results 

R and Python are used for the network analysis and data processing. In particular, 

for the analysis of a digital ecosystem’s structural change, we used R to detect changes in 

cluster dynamics from the generation of new digital products between 2004 and 2014 

(Horvath 2011). After the analysis, we extracted the API information used in the plug-ins 

in each cluster to understand the core role of APIs for further statistical analysis.  

The results of the analysis of cluster dynamics are provided in Figure 12. The X-axis and 

Y-axis represent plug-ins observed at each time point in the analyzed results. Plug-ins are 

listed alphabetically by name. A color bar above each analyzed result shows different 

color-coded sections that represent clearly segmented clusters based on hierarchical 

clustering technique (Langfelder et al. 2008). The segmented parts in the color bar were 

plotted as squares in the diagonal region.  

The topological overlap measure is the key to how we segment clusters, as it 

forms the hierarchical order of plug-ins. In particular, the position of an API in the 

hierarchical order of plug-in is calculated based on the result of the topological overlap 

measure to display the extent of similar API combination patterns among plug-ins. Thus, 

plug-ins on the top of the hierarchical order include many commonly used APIs, while 
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plug-ins including a small number of common APIs are located on the bottom. Red color 

shows high similarity among plug-ins in each square, while yellow color shows low 

similarity. Plug-ins are color-coded in different density based on the topological overlap 

measure. From the analyses, we understood that each square in a diagonal region 

represents plug-ins that are grouped together depending on the common pattern of APIs 

used in each plug-in. The size of each square in a diagonal region indicates the number of 

plug-ins clustered together. Each square continuously grows and mutates. The length of 

each segment in a color bar matches the size of cluster. From the analysis, we could 

graphically observe how the structure of a digital ecosystem changes over time and 

statistically extract information about how APIs are used in each cluster.  

	  

Figure 12. The Structural Dynamics of A Digital Ecosystem from 2004 to 2014 
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Table 10 shows how many APIs are used in each time period to generate clusters. 

A single cluster in 2004 continuously mutated into 11 clusters by 2014. The first row 

indicates these 11 clusters, color-coded the same as in the color bar in Figure 3. Thus, in 

the network analysis, the total number of clusters generated in each month in each year 

was analyzed mainly based on plug-ins grouped by the topological overlap measure of 

each plug-in. From Table 10 and Table 11, we could understand that there seems to be a 

certain role for external APIs to diversify the structural change of a digital ecosystem as 

the number of external APIs increases. The colored box in the first row in Table 10 

represents eleven clusters generated in the WordPress ecosystem. Entries showing 0 

indicate that clusters are not generated at that time. More specifically, there was one 

cluster in 2004. It is mutated into eleven clusters in 2014. The number of each entry 

implies the number of plug-ins belonging to each cluster. For example, grey color-coded 

cluster 1 in 2014 includes 3080 plug-ins that are grouped due to the similar connection 

pattern. By comparing Tables 10 and 11, we can understand that internal APIs play a 

certain role in the generation of plug-ins and group them into clusters. The number of 

internal APIs increased by 67.8% from 2004 to 2014, and the number of external APIs 

increased by 805% as new clusters were continuously generated. Thus, external APIs 

seem to contribute more than internal APIs to the increase in the numbers of clusters and 

plug-ins. 
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Table 10. Structural Change of a Digital Ecosystem 

Year 1 2 3 4 5 6 7 8 9 10 11 

2004 86 0 0 0 0 0 0 0 0 0 0 

2005 139 0 0 0 0 0 0 0 0 0 0 

2006 150 0 0 0 0 0 0 0 0 0 0 

2007 298 0 0 0 0 0 0 0 0 0 0 

2008 328 724 0 0 0 0 0 0 0 0 0 

2009 564 1998 0 0 0 0 0 0 0 0 0 

2010 500 1860 1485 925 0 0 0 0 0 0 0 

2011 1775 1961 1752 1053 942 0 0 0 0 0 0 

2012 2304 2297 2179 1632 1507 696 0 0 0 0 0 

2013 2473 2796 2720 1730 1270 1248 1140 1032 0 0 0 

2014 3080 3257 2561 2319 2161 2102 1934 1808 1737 1272 897 
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Table 11. The number of API uses and the number of plug-ins in each year. 

Year Internal API External API Total Plug-ins 

2004 40 4 86 

2005 42 5 139 

2006 42 5 150 

2007 45 7 298 

2008 59 38 1052 

2009 67 70 2562 

2010 85 116 4770 

2011 92 163 7483 

2012 94 208 10615 

2013 97 253 14409 

2014 99 344 23218 

 

Statistical Analysis 

To specifically understand the role of external APIs, we then conducted a 

statistical analysis. The number of clusters generated in the plug-in network in each time 

point is the dependent variable of this study. For the independent variables, we used the 
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property of API network. Variables such as degree, frequency and shift from periphery to 

core are extracted through API network analysis. The control variables include age of 

APIs and the size of platform provider. We used core/periphery analysis (Borgatti and 

Everett 2000) to understand whether the shift of an API from periphery to core section 

contributed to the structural change of a digital ecosystem. We use different time points 

for the explanatory variables (time t-1) and the dependent variable (time t) because of the 

difference between when an API is introduced and when it is use, as third-party 

developers need time to discover them. We did not use binary values (0 and 1) for the 

change. Instead, we specify the number of changes that took place at each time point. 

Thus, the dependent variable is the total number of cluster core across all clusters 

generated in each month. The other entries in the variable column in the table from 2 to 9 

are used for independent variables. The following table shows the descriptive statistics of 

variables.  
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Table 12. Descriptive Statistics 

Variable Obs Mean Std. Dev. Min Max 

1. Structural change of clusters  58476 0.826 1.620 0 11 

2. Degree of internal components 58033 3.848 12.244 0 169 

3. Degree of external components 58033 11.087 35.810 0 436 

4. Frequency of internal components 58033 13.442 102.094 0 3947 

5. Frequency of external components 58033 389.593 3276.388 0 125926 

6. Periphery to core internal 
component 57590 0.214 2.603 0 133 

7. Periphery to core external 
component 57590 0.017 0.129 0 1 

8. New internal components 57590 0.022 1.431 0 175 

9. New external components 57590 0.001 0.029 0 1 

10. Company size 58033 3.910 8.648 0 33 

11. Component age 58033 14.019 26.350 0 132 

 

The following table indicates the correlation of nine variables. The first row and 

column match with variable numbers used in variable column in Table 12. In the 

correlation matrix in Table 13, we observed the high correlation between frequency of 
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internal components and external components. Thus, we excluded the frequency of 

internal components for the full model for the survival model. 

Table 13. Correlation Matrix 

 

1 2 3 4 5 6 7 8 9 10 11 

1 1.000 

          2 0.517 1.000 

         3 0.506 -0.098 1.000 

        4 0.135 0.690 -0.017 1.000 

       5 0.177 0.684 0.055 0.990 1.000 

      6 0.097 0.146 -0.041 0.008 0.006 1.000 

     7 0.162 0.150 0.090 0.055 0.064 0.382 1.000 

    8 0.008 0.022 -0.009 0.025 0.022 -0.004 -0.002 1.000 

   9 0.000 0.062 0.001 0.079 0.072 -0.002 -0.001 0.366 1.000 

  10 -0.005 -0.015 -0.008 -0.019 -0.019 -0.013 -0.005 0.001 -0.004 1.000 

 11 -0.026 -0.025 0.008 0.004 0.004 -0.014 -0.001 0.003 0.003 -0.028 1.000 

 

From the survival model, we can get the chance of being in the cluster core across 

clusters occurring in the given time period. The chance of change is indicated as a hazard 

ratio that implies the relative risk of change taking place. In the context of this study, 

“risk” does not have a negative meaning but implies the possibility of change influenced 

mainly by the introduction of external APIs. Figure 13 indicates the cumulative 

probability of change using the Kaplan-Meier survival estimate. In this case, 25% of the 

structural change (or new cluster generation) took place over the course of 95 months, 50% 

of change occurred over 18 months, and 75% happened over the course of 11 months.  
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From the analysis, we could understand that the speed of change increased exponentially 

over time.  

	  

Figure 13. The Rate of Structural Change in A Digital Ecosystem from 2004 to 

2014 

 

In order to specifically understand the role of external APIs in the speed of change, 

we compared two different groups. The treatment group includes the cluster cores in 

clusters influenced by the introduction of external APIs, and the control group contains 

the cluster cores in clusters that are not affected by the introduction of external APIs. In 

particular, we specify the type of introduction of external APIs as external APIs which 

shift their role from periphery to core section and external APIs which are newly 
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introduced into the digital ecosystem. Figure 14 indicates the impact of these on the 

change using hazard estimates. The red line indicates the rate of change influenced by the 

treatment group in both figures, and the blue line shows the rate of change when there is 

no influence by external APIs. From the figure on the left side, we can understand that 

external APIs categorized as the core accelerate the probability of being in the cluster 

core across clusters especially after 75 months. Newly introduced external APIs strongly 

influence the structural change from 50 months to 100 months. However, the probability 

of being in the cluster core across clusters is lower than for the control group after 100 

months. Because the size of a digital ecosystem is increased enough not to be influenced 

just by the introduction of new APIs. If an API is used enough so that it shifts from outer 

layer to inner layer, the influence that API has on the structural change is higher than for 

an API that does not shift. 

 

  

External APIs shifted from outer layer to 
inner layer  

External APIs newly introduced into a 
digital ecosystem 

Figure 14. The Rate of Structural Change Influenced By External APIs 
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Table 14. Panel Weibull Survival Model 

DV: structural change of clusters (t) Model1 Model2 

degree of internal components(t-1) 0.0367(0.001)*** - 

degree of external components(t-1) 0.0463(0.001)*** 0.023(0.001)*** 

frequency of external components(t-1) -0.0002(0.001) 0.012(0.0001)*** 

periphery to core internal component(t-1) -0.508(0.044)*** - 

periphery to core external component(t-1) 0.008(0.002)*** 0.006(0.002)*** 

new internal components(t-1) -0.47(0.171)*** - 

new external components(t-1) 0.015(0.01) 0.006(0.011) 

component company size(t-1) -0.002(0.001)* 0.001(0.001) 

component age(t-1) -0.001(0.0003) - 0.001(0.000)* 

Constant 36.947(0.246)*** 30.293(0.19)*** 

N 57590 57590 

Number of group 443 443 

chi-square 13046.03 4321.78 

 

In order to specifically understand the individual role of predictors in the change, 

we conducted a survival analysis. Table 14 shows the result. The coefficients indicate the 

probability of being in the cluster core across clusters instead of the hazard ratio between 

the treatment and control groups.  Model 1 is the full model including the variables for 

internal APIs, while model 2 includes only external API information. Model 2 is the main 

model in this study, and model 1 is used as a comparison with model 2. Frequency of 

internal components is not included in the model due to high correlation with frequency 

of external components. 
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In model 1, the degree of both internal and external APIs shows significance at 

the 0.01 level. The external APIs show about 1% greater impact than the internal APIs on 

the rate of change. This means that external APIs have more impact on the change than 

internal APIs. In model 2, the degree of external APIs shows a 2.3% increase at the 0.01 

level. Thus, H1a is supported.  In model 1, the frequency of external APIs does not 

significantly influence change. However, model 2 shows a 1.2 % increase at the 0.01 

level. From the result that excludes the variables about internal APIs, we can understand 

the importance of how many times components are connected with others, as it 

essentially enables topologically construct its own building block. Thus, H1b is supported. 

The result implies that the increased range of external APIs’ connectivity is the key to 

diversify the structure. Furthermore, we can understand that external APIs play a critical 

role in the change of a focal platform system in the network.  

The property of time variance more clearly shows the role of external APIs in the 

change. In model 1, periphery-to-core internal APIs show a negative coefficient, while 

external APIs show a positive coefficient at the 0.01 level. External APIs that shift from 

periphery to core contribute about 1% of change, and internal APIs reduce the change 

about 50%.  This result suggests that internal APIs construct a single hierarchy and 

external APIs diversify the existing structure. Model 2 shows the same result that the 

shifted external APIs play a critical role on the change at the 0.01 level. Thus, H2 is 

supported.  

We also did an analysis of the impact of newly introduced external APIs for 

model 1 and 2. The results show that they do not contribute to the structural change. This 
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result fits with the graphical analysis of survival estimates in Figure 14 showing that 

newly introduced APIs have a certain impact on the change mainly between 50 months 

and 100 months after introduction, which is the period when the structure still showed a 

single hierarchy. Furthermore, the result fits with the H1b that mere introduction does not 

necessarily lead to change. Thus, we can understand that internal APIs have a limited 

ability to increase the diversification of a single hierarchical structure. This means that a 

focal platform system has limitations to diversify the functional categories of its digital 

products. Therefore, leveraging technology from others is critical for the growth of 

multiple hierarchical structures.  

The result for age is significant at the 0.1 level in model 2. However, it shows a 

negative coefficient. A longer stay in a digital ecosystem does not necessarily mean that 

APIs will gain functional popularity and wider use. This contradicts findings in previous 

studies that exposure time is a critical factor in change. The result indicates that 

functional usefulness ultimately determines the role of external APIs as third-party 

developers adopt them even though the technology is not well known.  Thus, H3 is not 

supported.  

External APIs offered from companies that produce a large number of APIs do 

not play a critical role in change in either model 1 or 2. In model 1, the result shows a 

negative coefficient, while in model 2, the result shows insignificance.  

The number of APIs that companies produce represents opportunities to be 

exposed and recognized by third-party developers due to easily available API information. 

In addition, we can assume that companies that produce many APIs have more capability 
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to create more functionally useful APIs. The bigger the company, the greater possibility 

of offering functionally good APIs. However, the analysis shows that the individual 

API’s functional usefulness is more important than the reputation and size of the platform 

company that offered the large number of APIs. Thus, H4 is not supported.  

 

DISCUSSION 

This paper explores the influence of newly introduced APIs into a digital 

ecosystem from various other digital ecosystems on the emergence of clusters in a digital 

ecosystem as a core role. As new APIs continuously join and actively contribute to the 

growth of a digital ecosystem, the platform system shows a dynamic and generative 

network structure that transforms from a single hierarchical structure to unanticipated 

multi-layered hierarchies. To explore the role of external components in this structural 

change, this paper adopts an evolutionary network perspective. The results offer a 

complementary view to previous studies on digital innovation. The generative nature of 

digital technologies creates change in such a way as not to limit the use of existing 

technologies but to increase use across different domains by continuously constructing a 

unique growth pattern in a focal platform system. This paper goes beyond the existing 

methodological lens to explore the dynamic change of a digital ecosystem. The various 

applied network analyses help to predict the structural changes related to the connection 

patterns among digital components categorized into core/periphery layers. This method 

allows us to think of how the landscape of a digital ecosystem changes as the number of 

new digital components and connection patterns increases and to specify how a few 
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critical external components affect the extent and pattern of landscape change. This paper 

offers guidance for future researchers considering an evolutionary network study to 

explore how network property and each node’s attributes can be used to predict change. 

This method can ultimately help expand current digital ecosystem studies in order to 

understand the influence of various attributes on structural change.      

This study offers empirical support to identify how changes in the landscape of a 

digital ecosystem can be systematically studied and how external technologies can lead to 

structural change by becoming a part of existing components. The findings suggest that 

without infusions of external resources within the boundary of the platform owner’s 

control, the ecosystem may not grow as dynamically as it does with them. External APIs 

play a critical role in creating functional diversity across multiple types of digital 

products in the growth of a digital ecosystem. Specifically, we found that broad 

connection with others is the key for change. Furthermore, the size of component 

providers does not necessarily influence the actual usefulness of their products. These 

findings demonstrate that a new platform provider or component provider can gain 

market competitiveness against large platform providers by providing a functionally 

useful product. Once the product’s technological feature is acknowledged, new firms can 

make their own market. 

The generative nature of digital technologies shows different patterns of 

innovation than we have previously experienced. In particular, a digital ecosystem 

changes the vertically integrated hierarchical system structure designed by a platform 

owner into a horizontally coordinated, multi-layered system structure generated by third-
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party developers and contributed to by multiple digital ecosystems. The introduction of 

new technologies into a focal platform system changes the expected incremental 

innovation pattern into dynamic combinable patterns that cannot be anticipated. This 

paper explores the dynamic mechanism by specifically investigating the role of newly 

introduced heterogeneous digital technologies in a system. The findings allow us to think 

about unique and unexplored evolutionary forces for innovating a platform system.  

Even though this study offers unique theoretical and methodological contributions 

for many other disciplines, there are some limitations. This paper captures the degree 

changes of each component that lead to the evolution of network structure through 

investigating the dependency between network properties and the attributes of 

components. However, we focused on a limited number of attributes to represent the 

nature of each node due to the nature of a single digital ecosystem. In addition, using the 

concept of core/periphery, this paper categorizes the time-variant nature of digital 

components. However, the core/periphery category does not represent the every type of 

connection pattern among digital components in an API network.  

Instead of core/periphery, we can apply the concept of clique/module as a way to 

simplify the complex interaction pattern. In graph theory, a clique implies a sub-set of 

nodes, while a module represents the generalization of connected nodes. Different from 

the core structure, a clique would give us a chance to explore the specific topological 

connection pattern representing how much the interaction pattern of components at time t 

changes from the infusion of external APIs at time t+1. In this way, we can understand 

how successfully external components are infused into the existing structure as a way to 
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measure their statistical impact on the change. Furthermore, the concept of module can be 

applied to statistically explore the infusion rate of newly introduced external APIs into 

the existing structure before they build their own clique in a network.   

This paper offers a new insight to understand the evolutionary changes in a digital 

ecosystem using the logic of the generative feature of digital technology and describes 

the main evolutionary forces and basic mechanism of structural change in a systematic 

way. In addition, the cutting-edge computational technique used in this study supports the 

empirical evidence of the theoretical argument. Therefore, this study provides a new way 

to explore the role of external digital technologies in discontinuous innovation patterns in 

a digital ecosystem.  

 

CONCLUSION 

A digital ecosystem represents the most dynamic aspects in the study of 

innovation. This dynamism derives from unbounded systemic features that lead to 

unpredictable evolutionary patterns. However, within the current innovation discourse it 

is difficult to fully explain the phenomenon of a digital ecosystem, as current studies of 

innovation are based on the assumption that systems are bounded and controlled by a 

central authority. This study offers a new perspective to examine these evolutionary 

dynamics and the specific mechanisms that produce them. Specifically, the unique 

findings of this study such as the impact of external APIs on a focal platform system offer 

a new perspective. However, this thesis is limited because it explored a single digital 
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ecosystem. This is an initial step in exploring the dynamic nature of various aspects of 

digital ecosystems in future studies.  
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CONCLUSION 

In this chapter, four different sections are provided: the summary of three essays, 

theoretical contribution, practical implication, and limitation and future research. This 

dissertation represents the underlying dynamic mechanism of a digital ecosystem 

evolution. The three essays complement the current digital innovation studies and build a 

more sophisticated foundation. Particularly, this dissertation focuses on the unbounded 

systemic innovation features that lead to the unpredictable evolutionary pattern against 

the bounded and controlled systemic innovation by a central authority. From the 

empirical context of WordPress platform, this thesis discovers several unique findings 

such as distinctive combinatorial patterns of APIs when the infusion of heterogeneous 

APIs occurs in a digital ecosystem and the impact of external APIs on a focal platform 

system that have not been specifically explored in the previous studies. The findings 

essentially offer a unique chance to explore the role of a digital ecosystem as a bridge to 

connect various platform systems in order to effectively innovate a focal platform system. 

Summary of Three Essays 

The first essay provides systematic and concrete evidence of the infinite variety of 

digital innovation driven by the finite number of digital components coming from 

different system boundaries. The results come from an analysis of 11 clusters of 23,895 

plugins that are the outcomes of combinations of 443 APIs. This concrete example of 

recombinant innovation indicates that growth and functional diversity of digital products 

can be achieved even from a limited number of new components. However, the number 
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of clusters that categorize the functional types implies that the expansion of the existing 

boundary can be limited if new digital components are not continuously introduced.  

The second essay expanded the argument of the first essay by empirically testing 

the role of heterogeneous digital components in a digital ecosystem. Some heterogeneous 

digital components play as if they are offered from a focal platform system by actively 

diversifying the degree of functional diversity. However, the decreased rate of innovation 

when the number of new digital components increases shows that the introduction of new 

digital components does not necessarily lead to the growth of a digital ecosystem. The 

result indicates both the promising and limited roles of heterogeneous digital components 

in the non-linear interaction of combinatorial patterns in digital innovation.  

Finally, the third essay offers some initial evidence of the drivers and the extent of 

digital innovation through the introduction of heterogeneous digital components. 

Particularly, this study shows empirical evidence of the time-variant role of new digital 

components in increasing the degree of diversity in a digital ecosystem. We observe that 

the emergence of certain heterogeneous digital components is likely to have a significant 

effect on the expansion of a given system boundary that is unrelated to the age of the 

component and the size of the provider.  

Theoretical Contribution 

From the findings, these essays offer a number of theoretical contributions to the 

literature in layered modular architecture, network, platform system. First, this 

dissertation finds unique theoretical aspects in the context of the layered modular 
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architecture. Unlike traditional product ecosystem and software development, the 

generative nature of digital technology makes a digital ecosystem represent the most 

dynamic aspects in the field of innovation studies. The generative nature is characterized 

as an ongoing recombination of heterogeneous digital components offered by various 

platform companies including a focal platform provider. This dynamism derives from 

unbounded systemic features that essentially lead to unpredictable evolutionary patterns 

shaped by design actions by heterogeneous third-party developers whose main goals and 

interests are not aligned with one another or with a focal platform provider (Eaton et al. 

2015).   

Second, this dissertation expands a network perspective on innovation. A network 

perspective has been used to explain how companies coordinate their designs and product 

components without the control of platform providers other than adopting a standardized 

set of interfaces and system architecture (Staudenmayer et al. 2005). In the context of 

these dynamics, each product is presented as a node that shares the same standard 

development tools. The functional variation of products is driven by heterogeneous 

components that essentially expand the degree of flexibility of product types in a digital 

ecosystem without incurring additional transaction cost (Sosa et al. 2005; Sosa et al. 

2003). This perspective is based on the assumption that the boundary of a system is fixed 

and follows clearly articulated rules governed by platform providers in order to limit the 

degree of functional variation, as the flexibility largely depends on the given product 

system boundary. However, the product-agnostic feature of digital components (Yoo et al. 

2012) means that a component is designed first without considering a specific system 
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boundary. Thus, a single heterogeneous component is applicable to any types of product 

system architecture without a pre-defined design and intention. Such an unbounded and 

uncoordinated innovation requires this study to expand the current network discourse in 

the field of innovation in order to understand how the evolution of a digital ecosystem 

takes place.  

Finally, the evolutionary  perspective enables this study to focus on the major 

underlying generative mechanisms of the evolution of a digital ecosystem: mutation and 

migration. Mutation is the continuous structural variation of a boundary system. The 

evolutionary network discourse characterizes a digital ecosystem as a multi-layered 

emergent structure in which the boundary structure is shaped and re-shaped by 

continuously generating complementary digital products which are created by the 

continuous interaction of digital components. A rich set of heterogeneous digital 

components enables the function of digital products to be deleted, duplicated, or 

substituted through the endogenous process of changing components. Thus, the ancestral 

relationship and branching history of digital products over time help track the 

evolutionary pattern of phenotypic variation in a product network over time.  

Furthermore, a continuously evolving set of heterogeneous digital components that is 

possible from the migration of newly emerged components from other digital ecosystems 

into a focal platform system help to show the exogenous process of genotypic variation 

through the recombination process. The infusion of new heterogeneous digital 

components is the main source of size and heterogeneity in a digital ecosystem. The 
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recombination of continuously evolving genotypic components requires a systematic 

exploration of the uncoordinated design of phenotypic heterogeneity.    

Practical Implication 

Constructing a digital ecosystem shows a critical strategic importance on business 

model for platform innovation. First, the finding complements the modular architecture-

based main argument of platform innovation studies that emphasizes increased scale and 

demand through interactions between third-party developers and platform users. However, 

the increased number of third party developers is limited to expand the functional 

diversity of a platform system without the increased size and heterogeneity of digital 

components. Thus, this study shows the importance of the component-level supply side in 

layered modular architecture-based digital platform innovation.   

Second, platform providers need to consider the time point of opening and 

controlling their platform systems to effectively take advantage of the role of 

heterogeneous digital components in the growth of a digital ecosystem. Specifically, 

opening their core system too late may not result in beneficial, unexpected digital 

innovation led by third-party developers, as the system boundary is effectively expanded 

only when it is still malleable in the “newborn” stage of the platform system.  

Finally, a time variant approach for the impact of heterogeneous digital 

component offers a way to understand the survival of component providers. Their 

functional usefulness places these components in the center of the change, where they 

have high impact. This result shows the virtue of digital innovation taking place across 
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multiple system boundaries in that the components’ success does not depend on the size 

and reputation of companies. Any firms that offer products with a solid and distinct 

function have the opportunity to increase their share in any digital ecosystems without 

any extra efforts such as advertisement. 

Limitation and Future Research 

This dissertation offers a unique theoretical lens and valuable empirical evidence 

about digital innovation. However, this thesis is limited in that it explores a single digital 

ecosystem, therefore serving as an initial step in exploring the dynamic nature of digital 

ecosystems. Additionally, this thesis is limited in reflecting the economic aspect of digital 

components to value the demand side such as the number of usages due to data limitation. 

One stream of future work will contribute to understanding the layered system 

architecture in digital ecosystems in the software industry. Their generative nature makes 

software-based platform systems indirectly and directly dependent on other systems. 

However, we do not specifically understand the hidden layered structure of digital 

ecosystems in terms of their technological dependency on other systems. In particular, we 

need to understand how the design of systems that interact with socio-technical structures 

within firms and industries adapts to the variation of digital ecosystem structures in order 

to obtain technical solutions for firms’ business models. For example, the technologically 

generative Uber platform easily leverages the core technologies of other platform systems 

such as Google Maps and PayPal’s payment system and implements the combined 

systems in other socially constructed platform systems such as TripAdvisor and US 

Airlines to develop a new niche. The systems are not independent of each other and are 
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closely linked with one another. Thus, this is a very important research problem that we 

need to explore in the IS discipline in order to find the unique aspects of digital 

innovation compared to other types of innovation. This study aims to add in-depth 

understanding of system design decisions when heterogeneous technology affects the 

design pattern across different technologies. 

The other stream of future work aims to identify the economic evaluation of 

digital ecosystems, specifically focusing on the increased economic profits of each 

system incorporating the technological contribution of blurred software-based platform 

system boundaries. This is a very interesting yet understudied topic even though new 

types of economies stimulated by unbounded API recombinant innovation have emerged 

as an important factor in the economic success of companies. A main goal of this study is 

to understand the extent to which the degree of system heterogeneity within and across 

various system architectures contributes to economic success by reducing the risk of a 

company’s own technological innovation. This study expects to offer a new theoretical 

model that previous platform business studies have been unable to fully explain using just 

the current multi-sided platform framework.   

The three essays not only seek to find a few factors that significantly influence the 

growth of a digital ecosystem but also explore the underlying mechanisms of the ever-

changing ecosystem landscape to offer direction for other studies. Given the unique 

nature of this dissertation, I hope that the three essays will provide a solid foundation for 

other researchers.  
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