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Abstract 
Digital ecosystems continue to evolve, as new external APIs continue to enter into it. Not 
all new APIs, however, have the same fate: some are successfully connected with 
existing APIs and spark major changes in the ecosystem, while others are simply 
ignored. Particularly, some of the components end up playing a major role in shaping 
the structure of the ecosystem. To systematically explore what determines the fate of 
different APIs, we hypothesize how the network property and non-network property of 
external APIs affect the probability of the APIs becoming a part of the core in the 
structure of a digital ecosystem. For the empirical test, we used plug-in source code data 
collected from Wordpress.org from January 2004 to December 2014. Using a survival 
analysis, we found that external APIs as cores are more influential than components 
offered by a focal platform system in the growth of a digital ecosystem. 

Keywords: a digital ecosystem, digital platform system, digital innovation, 
heterogeneous API, add-on product 

 

Introduction  

The dynamic generative growth of a digital ecosystem is what makes digital innovation unique. Digital 
platforms increase its functional scope and scale by leveraging complementary add-on products from 
third-party developers in their platform system (Cusumano and Gawer 2002; Eisenmann et al. 2006; 
Parker and Van Alstyne 2005). A digital ecosystem consists of a focal platform, a large number of 
heterogeneous complementary add-on products, and a host of boundary resources that are used to 
connect the focal platform and the complementary products (Ghazawneh and Henfridsson 2012).  
Application Programming Interfaces (API) are important boundary resources that allow third-party 
developers to create add-on products for the focal platform (Eaton et al. 2015). In a digital ecosystem, 
APIs act as fundamental component in creating complementary digital products as developers often stitch 
a number of APIs to create a new add-on product. Prior studies on digital ecosystems reveal three 
important aspects of APIs as digital components in a digital ecosystem (Um et al. 2013). First, not all APIs 
that are used in the platform are created by the platform owner. For example, for the WordPress 
ecosystem, there are 443 APIs used in the ecosystem as of December 2012; among them, only 103 of them 
are created by the platform owner. We refer those APIs that are created by the platform owners as 
internal APIs, while those that are created by other companies as external APIs. Second, the interaction 
among APIs produces the landscape of the ecosystem. Interaction among APIs refers to the pattern by 
which certain APIs are co-used by different complementary products. Finally, new components continue 
enter into the ecosystem, which in turn changes the boundary of the ecosystem’s landscape (Yoo et al. 
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2010). However, we know little about how certain components becomes core components that re-shape 
the structure of a digital ecosystem, while other components remain insignificant.  

When new APIs are introduced into a digital ecosystem, they can diversify the given ecosystem potentially 
in unexpected ways as they interact with existing APIs. As such, a digital ecosystem co-evolves with APIs 
that make up the ecosystem. From an API designer’s perspective, it is strategically important that their 
APIs become a part of core components in the ecosystem that are highly connected with other 
components, as they can gain economic benefits and create a large user install base for their own service 
offering when their APIs become a part of core of a popular ecosystem. Thus, the evolution of a digital 
ecosystem includes not only the functional diversity of a platform system through the emergence of new 
complementary add-on products, it also represents the growth in the scale and scope of APIs that are used 
to create those digital products. Past research on digital ecosystems focuses on the role of platform owners 
and their provision of APIs as boundary resources. However, given the large number of external APIs used 
in digital ecosystems, it is crucial to understand how the introduction of new external APIs affects the 
evolution of an ecosystem. That’s what we are studying in this paper. 

Specifically, we focus on an evolutionary network perspective to study how the connection patterns among 
APIs change over time as new external APIs enter into the ecosystem. An earlier study (Um et al. 2013) 
shows that complementary add-on products in an ecosystem can be clustered based on their use of APIs. 
In this study, we explore how new APIs affect the existing structure of clusters of add-on products in a 
digital ecosystem. In particular, since not all new APIs lead to structural changes in the ecosystem, we are 
trying to understand under what conditions new external APIs lead to the structural change of the 
ecosystem. Specifically, this study asks: 

Under what conditions, do new external APIs create structural diversification of an existing 
digital ecosystem?  

To explore the role of new APIs on the structural change of a digital ecosystem, we first examine the 
evolution of an ecosystem over time. To do so, we created a network of add-on products and measure 
topological overlap among add-on products to identify the clusters of digital products based on the similar 
usages of APIs for each time period. Given the structure of a digital ecosystem based on a digital product 
network at a given point in time, we then built a network of APIs for the same time period to understand 
how the changes in APIs affect the structure of a digital ecosystem. We examine the relationship between 
the two networks over time by exploring the role of network and non-network properties on the structural 
change of a digital ecosystem to effectively capture the dynamic growth pattern.  

We use data from the WordPress ecosystem. WordPress is the world’s largest blog ecosystem, offering a 
diverse set of functions from a large number of add-on digital products (plug-ins). Third-party developers 
combine APIs offered by WordPress and other platform systems such as Google or Facebook to construct 
new plug-ins. We used the data of WordPress from its conception until December 2014.  

The remainder of this paper is organized as follows. First, we review existing literature on digital 
ecosystem dynamics. Second, we explain the network dynamics driven by the introduction of new APIs.   
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 extend the functionality of a platform by mobilizing third-party developers 
(Gawer and Cusumano 2014). A platform is modularized into a set of decomposable components in order 
to simplify the complex interactions of components in a system (Sosa et al. 2004; Ulrich 1995). The third 
party developers design and offer their products following the design rules controlled by the owner of a 
platform system (Baldwin and Clark 2000; Sanchez and Mahoney 1996; Tushman and Anderson 1986; 
Tushman and Rosenkopf 1992). In this scenario, an ecosystem expands the functional variety by 
enhancing the functionality of the products in a way that the platform owner alone cannot offer effectively 
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(Eisenmann et al. 2011). As the functional variety of products offered in an ecosystem grows, its structure 
is continuously differentiated.  

A digital ecosystem is generative compared to a traditional one (Yoo et al. 2012), as it does not have a pre-
defined single set of design rules tightly controlled by a digital platform owner (Yoo et al. 2010). The core 
functionality of platforms’ boundary resources is open to the public so that other heterogeneous digital 
resources from other platforms can be used to create novel and heterogeneous add-on products that often 
go far beyond the original design vision of the platform owner (Yoo 2013). Specifically, third-party 
developers do not have to narrowly following design rules under the control within a single design 
hierarchy (Boland et al. 2007; Yoo et al. 2012). Therefore, a digital ecosystem makes the existing 
boundary structure of a digital platform system be more complex, unbounded and dynamic over time and 
enables the emergence of multiple hierarchies over time.  

 
Structure in a digital ecosystem 
Following an earlier study (Um et al. 2013), we conceptualize a digital ecosystem with a multi-layered 
hierarchical structure as shown in Figure 1. The first layer is composed of complementary add-on 
products, while the second layer consists of digital components, specifically APIs. Add-on products are 
created by combining APIs, forming hierarchical clusters based on their patterns of API usages. Over time, 
new clusters of add-on product layer emerge as the ecosystem grows in size and scale. The diversification 
and growth of the add-on product layer represents the functional heterogeneity of the ecosystem.  

 

 

Figure 1. The structure of a digital ecosystem 

 

The cluster structure of the add-on product layer is supported by a wide range of heterogeneous APIs that 
are used in creating those add-on products. Not all APIs play equally important roles in shaping the way 
add-on products are created.  As shown in Figure 1, the component layer can be further divided into three 
layers (Um et al. 2013): universal core APIs, cluster core APIs, and periphery APIs (Csermely et al. 2013; 
Rombach et al. 2014). Universal core APIs are a few internal APIs that are ubiquitous among all add-on 
products across all clusters in the ecosystem. The extent of usage of these is higher than that of most other 
APIs. They are densely connected with other APIs, forming the foundation the whole ecosystem. Cluster 
core APIs are a few internal and external APIs that play important roles in shaping each cluster. They are 
used to create the functional heterogeneity across different clusters. The frequency of usage of these APIs 
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is higher than for other digital components except universal digital components in each cluster. Periphery 
APIs are used to increase the functional variety within each cluster1.   

 

Theory Development 

Co-evolutionary dynamics in a digital ecosystem 
This study adopts the evolutionary network perspective to understand the changes in the structure of a 
digital ecosystem over time when new APIs are introduced. In general, the evolutionary model represents 
the selection, variation, and retention processes in an ecosystem (Agarwal et al. 2004). In a digital 
ecosystem characterized by the open and unbounded boundaries, functional heterogeneity arises from the 
introduction of new APIs. New combinatorial pattern caused by the new APIs can lead to the emergence 
of new add-on product categories, if there are enough separation between the new types of add-on 
products that use new APIs, compared to the existing add-on products.  

We focus specifically on the microscopic evolutionary concepts of migration and mutation to effectively 
explore different roles of APIs in the emergence of new clusters (Bornholdt and Sneppen 1998; Draghi et 
al. 2010; Lacy 1987; Wagner and Altenberg 1996; Xia and Levitt 2002). Migration represents the 
exogenous interbreeding process of the API variations that ultimately leads to the selection of functional 
varieties of add-on products (Woodard 2008). As such, a rich and infinitely increasing set of foreign APIs 
possibly promotes the structural diversification within and across clusters of add-on products in an 
ecosystem. Mutation, on the other hand, represents the continuously changes of a cluster as new APIs 
continue to migrate into the cluster that ultimately leads to the emergence of new clusters (Lynch 2002; 
Lynch 2010; Ohta and Kimura 1969). New APIs allows the deletion, duplication, or substitution of the 
subsets of existing combination of APIs (Spears 1992; Wagner 2003; Wagner et al. 2007). Thus, the 
migration of new APIs might cause mutation of digital products and their clusters.  

Thus, migration and mutation are two fundamental mechanisms of co-evolutionary dynamics in a digital 
ecosystem where new APIs and new add-on products continue to emerge over time, increasing functional 
heterogeneity of the ecosystem (Baldwin and Clark 2000; Yoo et al. 2012). The microscopic evolutionary 
perspective allows us to systematically explore the co-evolution of a digital ecosystem.  

 

The simultaneous dynamics of two different networks  
In this study, we focus on the central role of external APIs in the co-evolution of a digital ecosystem. We 
focus on the conditions when the introduction of new external APIs lead to changes in the interaction 
patterns among APIs in such a way that lead to the fundamental changes in the underlying cluster 
structures of add-on products. The owner of a platform system has limited control over how third-party 
developers choose to use external APIs. In a digital ecosystem, there is an inherent competition among 
external APIs to play more central role in the ecosystem. For external API providers, the competition is 
mainly to extend the reach of their services across different ecosystems. For example, Google wants its 
Google Map APIs to be used in as many digital ecosystems (WordPress, iOS, Android, etc) as possible in 
competition with other similar map services. Furthermore, API providers want to make their APIs more 
central in the ecosystem by making them attractive to many third-party developers. Thus, when a new API 
first emerges, the API designer want existing third-party developers to incorporate the new API into the 
existing add-on products.   

To study how the migration of external APIs affects the mutation of add-on product clusters, we examine 
simultaneously two different networks (APIs and add-on products). First, in an add-on product network, 
a node indicates an add-on product, and an edge represent the link between two add-on products that 
share the same API. In this network, add-on products form clusters depending on their similar 
combinatorial uses of APIs which form the basis of the structure of a digital ecosystem as described in 

                                                             
1 We use the term “functional heterogeneity” to denote differences of different kind that are found across add-on 
products clusters, while “functional variety” to denote differences of the same kind that are found within a cluster. 
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Figure 1. A cluster will be split if the migration of APIs causes the change of the network pattern (that is, 
how different add-on products share APIs).  

Second, in an API network, a node represents an API, and an edge indicates that the two APIs are used for 
the same add-on products. With an API network, we can explore how much new APIs are diversely and 
strongly interconnected with others. As APIs and add-on products grow, the number of nodes and edges 
of an API network continues to grow, the pattern of which is quite hard to predict. A functionally useful 
APIs can continuously generate new diverse connections with other APIs in various ways. After new APIs 
migrate into a digital ecosystem, their connection with other APIs grows in different ways. Some APIs 
start to frequently connected with small numbers while the others are widely interact with the multiple 
APIs with less frequently. Thus, the extent of connection patterns over time dynamically affects the 
layered structure. Such a change can be a key factor that causes a structural change of a digital ecosystem 
such as an emergence of a new cluster or changes with a cluster of add-on products.  

New external APIs are continuously introduced into a digital ecosystem, and the extent of their usage 
changes over time. Particularly, as the number of APIs increases, the connection among APIs leads to the 
changes in cluster structures in a digital ecosystem. More specifically, if the connections of new APIs 
follow existing combinatorial pattern among APIs in the cluster, it will lead to a within-cluster 
differentiation. A within-cluster differentiation occurs when new APIs are introduced just to modify the 
function of existing add-on products. A within-cluster differentiation thus implies that a sub-division of 
an existing cluster occurs. If the connections of new APIs show new combinatorial patterns, however, it is 
likely to suggest new types of add-on products are being introduced into the ecosystem. If new types of 
add-on products survive, ultimately, they are likely to lead to the emergence of a completely new cluster.  

Figure 2 presents a hypothetical example of the co-evolutionary dynamics driven by a new external API 
that becomes a cluster core API over time. An API network is shown on the left-hand side, and the 
structure of an add-on products network is shown on the right-hand side. The connection between the two 
networks shows the co-evolutionary dynamics between APIs and add-on products.  

 

 

Figure 2. Co-evolutionary dynamics of a digital ecosystem  
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In this hypothetical example, at time t, there are three internal APIs and two external APIs that are used 
to build three add-on products all in a single cluster in the ecosystem on the right-hand side. Here, API 1 
is used by every add-on and is a universal core API. API 2 and 3 are used to form the cluster among the 
three add-on products, thus forming cluster core APIs2. API 4 and 5 are combined with other APIs to 
increase the functional variety within the cluster. As such, they are understood as periphery APIs. Based 
on the use in the add-on products, those five APIs form an API network at time t on the left-hand side. 
Internal API 1, 2, and 3 constructed the strong connection, as they actively contributed to build the add-
on products. External API 4 and 5 remained to differentiate the functional diversity in the API network at 
time t.  

At time t+1, two new external API 6 and 7 (color blue nodes) migrate into a digital ecosystem. Those APIs 
are used to create two new add-on products that make the add-on product cluster to mutate into the two 
clusters. The right-hand side of clusters at time t+1 show two new add-on products, which led the 
structure to be mutated. In this example, the external API 6 and 7 popularly used and became a part of 
cluster core of new cluster, together with API 3. In this example, one of the add-on products from the old 
cluster now resembles more the new two add-on products, thus separated from the original cluster, which 
now has only 2 add-on products in the cluster. The hypothetical example on the left-hand side shows that 
external API 6 gains relative high degree and frequency in the API network compared to API 7 at time t+1. 
The use of API 6 enables to move into the center of the network. However, though API 7 is included in the 
cluster core layer the same with API 6, the limited degree of interaction with other APIs makes it not to be 
included in the center of a network.  This hypothetical example is to show the basic mechanism of co-
evolution of a digital ecosystem through migration of new APIs and mutation of add-on products and 
their clusters over time. 

 

Hypotheses  
External APIs in a digital ecosystem play important roles as they create unexpected, and open-ended 
innovations in the ecosystem. The role of external APIs is not pre-determined, so they can be combined 
with other APIs depending on their functional usefulness (Yoo et al. 2012). Thus, their connection with 
other APIs continue to mutate that produces unexpected interaction patterns (Arthur 2009). In such 
dynamic interactions, the pattern of connectivity is not just dominated by few APIs which are popular in 
their uses or systematically critical to be used. Depending on their functional features, external APIs can 
show a broad range of connectivity that can ultimately change the existing structure. We specifically seek 
to understand the attributes of external APIs that affect the changes in the pattern of connectivity in terms 
of degree and frequency in an API network (Watts and Strogatz 1998). The two characteristics of nodes—
degree and frequency—are separately used to differentiate the role of an API that increase either within-
cluster differentiation or the emergence of new clusters.  

Each API is connected with other APIs, as APIs are used to crease add-on products by third party 
developers. The degree of the API in the API network grows. The degree indicates the total number of 
nodes connected to a focal node. Thus, the degree implies the extent to which an API is connected with 
other APIs. A high-degree external APIs is connected with a broad range of other APIs, forming a building 
block that shapes the behavior the ecosystem. Furthermore, as the size of the building block grows, the 
influence of the external API increases. These external APIs with high degree can affect a critical mass of 
other APIs enough to re-order the existing pattern of connectivity by leading the evolution of the existing 
pattern of connectivity, as any APIs in the building block can more easily create new connections with 
other previously unconnected APIs than APIs outside the building block. The wide usages of external API 
in an API network lead to the increased usages on the generation of new add-on products across clusters 
in an add-on product network. Therefore, external APIs with high degree have a high chance of becoming 
APIs across newly emerged clusters in an add-on product network. Thus, we posit: 

H1: External APIs with a high degree have a higher probability of being APIs of newly emerged clusters 
of add-on products in a digital ecosystem.  
                                                             
2 To simplify the hypothetical example in Figure 2, we only show a single cluster in time t. However, one can assume 
that there are other clusters in time t where other APIs not shown in this example form cluster core APIs of other 
clusters. 
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In an API network, some APIs are more frequently connected with other APIs than others. Frequency 
represents the number of connections between two APIs. As such, frequency implies the weighted value of 
an edge. External APIs with a high frequency diversify the existing connection patterns on their own 
through reshaping the existing hierarchical structure as they are successfully connected with multiple 
internal APIs. Those external APIs are likely to separate a single cluster built by internal components into 
multiple clusters. Therefore, the more frequently external APIs connect with others, the more diverse the 
existing structure becomes. External APIs having a high frequency are likely to contribute to the 
generation of functionally distinct add-on products that forms their own clusters in a digital ecosystem. 
Those external APIs show high usages in each cluster. Thus, we hypothesize: 

H2: External APIs with a high frequency have a higher probability of being APIs of newly emerged 
clusters of add-on products in a digital ecosystem.  

External APIs are offered from other platform providers, and their functional types are more varied 
compared to those of internal APIs. Third-party developers have limitations to access the broad range of 
functional information in a short period of time. However, once external APIs are created and introduced 
to a digital ecosystem for a while, third-party developers would have a chance to observe how other 
developers are using new external APIs and can mimic their design, particularly the add-ons using those 
APIs gain popularity among users (Johnson et al. 2014). Therefore, older external APIs have a higher 
chance than younger ones to increase their connectivity with other APIs, since they have more chances of 
being exposed to wider range of third-party developers. This then, in turn, lead to a higher probability of 
them to become APIs in the newly emerged clusters. Thus, we hypothesize:  

H3: Older external APIs have a higher probability of being APIs of newly emerged clusters of add-on 
products in a digital ecosystem. 

A digital ecosystem does not have a specific functional boundary. Any external APIs from various 
platforms can contribute to the growth of a digital ecosystem. Some APIs 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 APIs. As such, external APIs offered by large providers that generate a large number 
of APIs have a high chance of migrating into a digital ecosystem and of connecting with other APIs. By 
contrast, external APIs by small providers that produce only few APIs have limited opportunities to be 
noted by third-party developers. Though these components may be useful, they have a low probability to 
be recognized and used by third-party developers. Furthermore, the number of APIs in a digital ecosystem 
is exponentially increasing over time and online communities have limited time to share information 
about them (Johnson et al. 2014). Therefore, even though external APIs might have useful functionality, if 
they are not by large providers that generate many APIs, they will have a limited chance of contributing to 
the emergence of clusters in a digital ecosystem. Thus, we hypothesize: 

H4: External APIs by firms that produce a large number of APIs have a higher probability of being 
APIs of newly emerged clusters of add-on products in a digital ecosystem. 

 
Analytical Approach 
This paper mainly uses two analytical approaches. First, to measure the structural mutation of a digital 
ecosystem, we focus on the changes in clusters of add-on products. We generated clusters using co-
expression network analysis. Second, in order to identify the impact of migration of external APIs on the 
structural mutation, we use a survival model to assess the likelihood of the emergence of new clusters 
using the extracted API information from the API network.  
 

Measuring the evolution of add-on products clusters structure 
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 add-on products (Ravasz and 
Barabási 2003; Ravasz et al. 2002) based on the extent of similar uses of APIs. It mainly considers the 
number of APIs that add-on products share and the number of times APIs are repetitively used among 
add-on products. A node indicates an add-on product, and an edge represents the weighted value of 
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commonly shared number of APIs between a pair of add-on products (Horvath and Dong 2008). The 
weighted value is measured by the topological overlap of APIs’ recombinatorial interactions among add-
on products that construct the underlying structure of clusters (Ravasz et al. 2002). First, An adjacency 
matrix is estimated between plug-ins i and j indicated as 𝑎𝑖𝑗. The matrix displays the weighted entries of N 
by N add-on products that range from 0 to 1. 𝑎𝑖𝑗 is equal to 1 when add-on products i and j commonly 
include the same set of APIs. If an add-on product does not share the same APIs, 𝑎𝑖𝑗 will be displayed as 0. 
Second, we apply the topological overlap measure to estimate the relative inter-connectedness among 
add-on products (Doncheva et al. 2012; Ravasz et al. 2002). The converted entries of topological overlap 
matrix from the adjacency matrix indicate the weighted similarity measure in an add-on product network 
(Zhao et al. 2010). The main goal of getting a topological overlap measure is to capture the hierarchical 
cluster structure in a digital ecosystem in a statistically robust way and its mutation (split and merge) 
through the generation of sub-clusters as new add-on products with different combinatorial patterns of 
APIs are continuously created (Yip and Horvath 2007). Therefore, by capturing the generation of clusters, 
we can understand the structural dynamics in a digital ecosystem by visualizing the topological matrix. 
Specifically, it is calculated in the following way:  

Topological overlap measure =  
a!"a!" +  a!"! !!,!

min k! +  k! + 1 −  a!"
, 

where k! =  a!" implies the correlation between an add-on product i and its neighbor add-on product j 
based on the common APIs used by them, and a!"a!"! !!,!  indicates the number of APIs commonly used 
between add-on products i and j. 

 
A survival model to estimate the impact of API migration on mutation 
The second approach is to understand the role of new external APIs on the generation of clusters in a 
digital ecosystem. We used a survival model to capture the role of new external APIs in periods of new 
events when new clusters are generated. The hazard function used in a survival model represents the rate 
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 new 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:  

S t = exp −λt! , 

where λ is a constant, t indicates time, and p implies the probability of an event occurring at time t.  

A Survival model specification 
The purpose of this study is to explore the impact of external APIs on the structural change of a digital 
ecosystem over time. The basic unit of analysis is the external API in a digital ecosystem where new 
external APIs are continuously introduced and used to generate new add-on products. Some external APIs 
cause existing clusters to mutate over time while others do not. We explore which APIs play a core role in 
making a structural change at a given time point. In particular, we focus on two different types of 
predictors to capture the core role of components in the change. First, we use the network property of 
external APIs in an API network: degree and 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 APIs are 
commonly used with a focal API. 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 
an API is combined with others in creating add-on products. A large frequency means that an API 
contributes to the structural change, as the strong connection strength leads to structural change. 
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Therefore, degree and frequency are good network property of external APIs. Second, we used the non-
network property of external APIs: API age and the size of APIs that an API provider offers. The API age is 
to explore if the duration of API stays in a digital ecosystem affects the emergence of new cluster, as the 
amount of time that an API is exposed to third party developers can determine the multiple uses of APIs. 
The size of APIs that an API provider offers is to ultimately understand if the functional heterogeneity is 
dependent on diverse API providers, as the exploration of diverse unique API function can be limited if a 
provider is not well known.  

The survival model is specified in the following way.  

log h!(t) = α t − 1 +  β!x!!! t − 1 + β!x!!! t − 1 , 

where x!!" indicates network property, and x!!" shows non-network property.  

 

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 an add-on 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. 

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 information, the text-mining program automatically compared the 
source codes of all plug-ins with the list of more than 10,000 APIs collected from 
www.programmableweb.com as of December 2014 to capture the function call information used in each 
plug-in. From the text-mining process, we found that, 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 offered by 265 companies). The collected detailed 
information of plug-in x API data are used to capture the landscape change of a digital ecosystem.  

After reprocessing the plug-in x API matrices, we built API x API monthly tables to capture API network 
information in order to explore how each API is directly connected with other APIs. In this data set, APIs 
are connected if they are used in a plug-in at the same time. In the API network, the core attributes 
include source and target nodes and their edge weight. A source node represents the starting point of 
connection, and a target node indicates the 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.  

 

Results 
Add-on products co-expression network and clusters of add-on products 

The results of the analysis of cluster dynamics are provided in Figure 3. The X-axis and Y-axis represent 
plug-ins observed at each time point in the analyzed results. As such, the size of each axis increases over 
time. A color bar represents clearly segmented clusters of plug-ins showing the different combinatorial 
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patterns of APIs based on hierarchical clustering technique (Langfelder et al. 2008). The topological 
overlap measure is the key to segment clusters, as it forms the hierarchical order of plug-ins depending on 
the uses of APIs. In particular, 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 includes APIs more likely to use in common, while 
plug-ins including APIs less likely to repetitively used in common are located on the bottom.  

In particular, in the region below a color bar, 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 3. The structural dynamics of a digital ecosystem from 2004 to 2014 

 

Statistical analysis 

To specifically understand the role of external APIs, we then conducted a statistical analysis. The 
emergence of new clusters in the plug-in network in each time point is the dependent variable of this 
study. For the independent variables, we used the network property of API network. Variables such as 
degree and frequency are extracted through API network analysis. We also used the non-network property 
of APIs. Variables such as number of APIs a provider offering and API age are extracted through the log 
file of plug-in source codes.  

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 use binary values (0 and 1) for the change. Thus, the dependent variable 
displays whether the emergence of new cluster is taken place or not in each month. The following table 
shows the descriptive statistics of variables.  
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Variable Obs Mean Std. Dev. Min Max 

1. Degree of external APIs 45,064 4.955 13.695 0 169 

2. Frequency of external APIs  45,064 2.309 13.119 0 457 

3. API age 45,064 15.624 115.988 0 132 

4. Number of APIs a provider 
offering  45,064 3.922 8.664 0 33 

Table 1. Descriptive statistics 

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.  

 

DV: Emergence of new clusters (t) Model 

Degree of external APIs (t-1) 0.048 (0.001)*** 

Frequency of external APIs (t-1) 0.006 (0.001)*** 

API age (t-1) 0.001(0.0001)*** 

Number of APIs provider offering (t-1) - 0.013 (0.002)*** 

Constant 44.123(0.328)*** 

N 45,059 

Number of group 344 

Wald chi-square 3938.44 

                                                       *: p < 0.1, **: p < 0.05, ***: p < 0.01 

Table 2. Panel weibull survival model 

In order to specifically understand the individual role of predictors in the change, we conducted a survival 
analysis. Table 2 shows the result. The coefficients indicate the probability of being API in the emergence 
of new clusters.  

In our survival model, the degree of external APIs shows 4.8% increase at the 0.01 level. The positive sign 
of the result shows that external APIs with a high degree is more likely to become APIs in the newly 
emerged clusters in the following month. Thus, H1 is supported. The frequency of external API shows 0.6% 
increase at the 0.01 level. The positive sign represents that APIs with a high frequency is more likely to 
become APIs in the newly emerged clusters in the following month. Thus, H2 is supported. The result of 
H1 and H2 implies that the increased range of external APIs’ connectivity is the key to diversify the 
structure. More specifically, by comparing the magnitude, external APIs that are widely connected with 
many others can affect the emergence of new clusters more than APIs that are frequently connected with 
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small numbers. Thus, we can understand that APIs with high degree have more tendencies to lead the 
emergence of new clusters than within-cluster differentiation compared to APIs with high degree.  

The result for age shows 0.1% increase at the 0.01 level. APIs stayed longer in a digital ecosystem will have 
more probability to interact with diverse APIs. Thus, H3 is supported. This implies that new external APIs 
are limited to generate a group of new add-on products. They need some time to be exposed to third party 
developers for the use in add-on products.  

External APIs offered from companies that produce a large number of APIs are not necessarily likely to 
play a critical role in the emergence of new clusters in the model. The result shows a negative coefficient at 
the 0.01 level. Thus, H4 is not supported in the model. However, the result implies that individual API’s 
functional usefulness is more important than the reputation and size of the platform company that offers 
the large number of APIs. The number of APIs that companies produce a large number of APIs represents 
opportunities to be relatively exposed and recognized a lot by third-party developers. Thus, we can 
consider that the bigger the company, the greater possibility of API use in add-on products. However, the 
analysis shows that APIs offered by small size company have an enough opportunity to increase the 
number of function calls of its API if the function of API is unique and useful for the creation of new add-
on products. 

 
Discussion  
We explore the influence of newly introduced external APIs on the structural mutation of add-on product 
cluster in a digital ecosystem. 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 APIs 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 APIs. This method allows us to think of how much the landscape of 
a digital ecosystem can be changed, as the number of new external digital APIs and connection patterns 
are changed and to specify how a few critical external APIs 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 the first 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. In particular, unlike the previous studies on ecosystems, we 
assume that the change of landscape mainly comes from the infinite number of heterogeneous 
components which create multiple hierarchical structures.  The findings suggest that without introduction 
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 API providers does not necessarily 
influence the actual usefulness of their products. These findings demonstrate that a new platform 
provider or API provider can gain market competitiveness against large platform providers by providing a 
functionally useful add-on 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-party developers and contributed to by multiple digital ecosystems. The 



The Co-Evolution of Digital Ecosystems  
 
 

Thirty Seventh International Conference on Information Systems, Dublin 2016    13 
 

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.  

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 
study is limited because it explored a single digital ecosystem. By focusing on more than two ecosystems 
in the future study, we can understand the dynamic growth of digital platform systems in a more specific 
way. This is an initial step in exploring the dynamic nature of various aspects of digital ecosystems in 
future studies.  
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