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Abstract 

Social-Network-Analysis-Based Models for 

Innovation Research 

 

 

Lee, Woolrim 

Technology Management, Economics, and Policy Program 

The Graduate School 

Seoul National University 

 

Due to environmental changes arising from rapid technology advancements, innovation 

trends have changed and new innovation trends have emerged. The development of the 

Internet and information technology has led to a flexible and open environment, which 

enables to create new knowledge at no charge through the recombination of existing 

resources and new ideas. In this context, the concept of products has been expanded from 

tangible goods to intangible goods. Furthermore, with the continuous development and 

release of new products, market structure has been experiencing changes as well. Yet, 

although numerous studies on innovation have already been conducted in various fields, 

most of them are not sufficient to describe innovation trends represented in these 

changing environments. Therefore, this dissertation suggests new models for 
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understanding actual innovation trends by addressing shortcomings shown in previous 

research. Models used in two different studies are designed by applying the social 

network analysis that is suitable to reflect dynamic properties and to identify innovation 

opportunities, respectively. 

The first study focuses on individual software service, which is made freely 

accessible and can be reused for developing a new composite software service, and 

investigates innovation performance of software services. The results show that software 

services exhibit different life cycle patterns in the diffusion stage of the innovation life 

cycle. Software services, which stayed in the ecosystem for over 87 months or have 

frequently been used, show a bell-shaped life cycle. This indicates that innovation trends 

in intangible goods are similar to those in durable and tangible goods. The results also 

show that software service sales do not solely depend on sales of the service itself but 

also on the use of a software service together with other software services. 

The second study focuses on product features, which comprise product and 

represent technological innovation, and describes product innovation and firms’ 

interaction at product-level. The results show that innovation patterns are detected in the 

evolutionary process of products, and the inter-firm and intra-firm evolutionary patterns 

are observed through the constructed product network. This contributes to the extension 

of research on product evolution by conducting the analysis at product-level instead of 

firm-level, and helps decision makers to establish strategies for the development of new 

products. 
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Overall, this dissertation contributes to the research on innovation and provides 

both academic and managerial implications. The academic implication is that this 

dissertation proposes the methodology capable of addressing new innovation trends 

according to the environmental changes and extends theories related to the innovation 

research. The managerial implication is that this dissertation gives meaningful insights 

regarding management and new product development to decision makers. 

 

Keywords: Social network analysis; Open service innovation; Product innovation; 

Life cycle theory; Product evolution 

Student Number: 2014-30277 
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Chapter 1. Introduction 

1.1 Research background 

 

As technologies advance at an unprecedented pace, various environments (e.g., 

market, development, and manufacturer) have rapidly changed as well. In response to 

these environmental changes, innovation trends are also changing, which brings about 

new opportunities for stakeholders.  

One of the representative changes is defined as “open innovation”. The development 

of the Internet and information technology, which has led to a flexible and open 

environment, has accelerated these changes (Yoo, Boland, Lyytinen, & Majchrzak, 2012). 

From these changes, new opportunities can be created through the aggregation and 

recombination of existing knowledge and new ideas, as well as through collaboration 

(Fitzgerald, 2006; Ransbotham, & Kane, 2011). Firms have to recognize and grab new 

opportunities coming from these changes. In this context, firms invite users to their 

systems for utilizing various abilities and knowledge of users (Kohler, Fueller, Matzler, 

Stieger, & Füller, 2011; Ransbotham & Kane, 2011). 

In an open environment, digital artifacts, such as software services, are examples of 

new trends emerging from an open innovation. Software services, which are intangible 

goods, have been made freely accessible and can be reused for the development of new 

composite software services. Software services and their combinations with other 
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software services are essential in the daily lives of people (e.g., mobile apps) and are 

already regularly used in the industrial sector. For example, the industrial sector relies on 

the use of software services, in order to analyze the changes of market demand and to 

enhance the functionality of their products. Another example is a software service 

platform that organizes software services (Kushida, Murray, & Zysman, 2011; Haile & 

Altmann, 2016). These platforms range from consumer platforms (e.g., Android of 

Google and Web2.0) to enterprise platforms (e.g., Force.com of Salesforce.com Inc.). 

Software-service-based innovation no longer comes through the imitation of other 

firms’ knowledge, but rather emerges from the integration of other firms’ knowledge 

(Carlo, Lyytinen, & Rose, 2012). Knowledge can simply be used by a third party, without 

going through the knowledge transfer process that incurs cost (Trkman & Desouza, 2012). 

Furthermore, software services can promote service innovation through the continuous 

recombination (Lusch & Nambisan, 2015) and show a dynamic property in the system 

(McLean, 1979). 

The other representative change is a rapid market change due to the frequently 

launched new products. As the product life cycle becomes increasingly shorter, firms 

have to release new products faster and continuously, in order to meet the consumers’ 

demand and have a competitive advantage in a market.  

Products are the results of combining dominant and state-of-the-art technologies 

(Tripsas, 2008). New products are the results of product innovation and are the 

technological artifacts of being perceived as novel by consumers (Ram, 1987; Garcia & 
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Calantone, 2002). Specifically, a new product may be developed with little change of a 

product or disruptive change of a product (Orihata & Watanabe, 2000). Furthermore, the 

definition of a product is not limited to the tangible goods anymore and has expanded to 

intangible goods (Lusch & Nambisan, 2015). From this perspective, patterns of product 

innovation can diversify or change, and, therefore, new approaches for addressing 

product innovation can be needed. 

 

1.2 Problem statement 

 

Although an abundant amount of innovation research has already been conducted in 

various fields (Jha & Bose, 2016), many of them are not sufficient to describe innovation 

trends represented in a new and evolving environment. 

First, among various innovation studies in the information systems field, innovation 

trends of software services have rarely been addressed. Until now, it has only been 

proposed to measure the value of a software service for innovation through the frequency 

with which a software service is recombined with other software services in a network of 

composite software services. The results show that only a few software services are very 

frequently re-used for innovation, while the majority of software services are rarely used 

and contribute little to the innovation in a software service network (Kim, Lee, & 

Altmann, 2015). The reason that each software service may show a different pattern of 

innovation is its popularity and its functionality. Apart from these few results, innovation 
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performance of software services in an open environment remains unclear.  

Understanding innovation power of software services is highly relevant as software 

services and their combinations with other software services are essential in the daily 

lives of people (e.g., mobile apps) and are already regularly used in the industrial sector. 

Thus, it can be stated that future economies will heavily depend on software services and 

software service networks, which are built through the reuse and the recombination of 

software services without the need of transferring knowledge between entities. For this 

reason, the investigation on software service innovation within software service networks 

is required. 

Second, a new product is the result of innovation, and product evolution represents the 

accumulation of innovations of products within a product category over time. In addition, 

as firm’s established routines have been reflected in products (Nelson & Winter, 1982), 

the development of industry can be monitored through the changes in products. Therefore, 

product innovation can be identified through the changes of products shown in an 

evolutionary process. 

However, previous studies on product innovation in a perspective of product evolution 

have some limitations. Almost all existing studies have been conducted at firm-level or 

sector-level (Meyer & Utterback, 1993; Otto & Wood, 1998; Iwai, 2000; Ma & Nakamori, 

2005), despite the necessity of research on product-level (Yoon, Jung, Lee, Kim, & Kim., 

2014). Furthermore, most studies on product evolution have mainly been conducted to 

describe the mechanism of product evolution (Meyer & Utterback, 1993; Otto & Wood, 
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1998; Iwai, 2000; Ma & Nakamori, 2005), rather than focus on explaining the 

phenomenon represented in the evolution process. The methods for investigating product 

evolution (e.g., methods used in Khanafia and Situngkir (2006) and Valverde and Solé 

(2015)) are also insufficient to explain the evolutionary patterns of products. Most of 

these methods are static even though evolution is a dynamic and relation-oriented concept. 

Therefore, this research addresses those shortcomings by suggesting a new model and 

investigates the product innovation shown in the evolutionary process on products.  

 

1.3 Research objective and research questions 

 

The research objective of the dissertation is to analyze the innovation trends 

represented in a new and evolving environment through social network analysis. In line 

with this research objective, the research question raised is as follows:  

(RQ1) Is social network analysis useful to describe the innovation trends in changing 

environments?  

To answer this research question, the dissertation has been structured into two 

different studies. In each study, a model applying social network analysis is used and a 

real network is investigated.  

The first study aims at investigating the innovation ecosystem of software services 

(i.e., software service network), which highly depends on the reuse and the recombination 

of software services. The research questions for this study (Chapter 3) are as follows:  
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(RQ2) Do software services show a bell-shaped life cycle pattern in the diffusion 

stage of the innovation life cycle?  

(RQ3) What are the characteristics of the software services that show a bell-shaped 

life cycle pattern?  

(RQ4) Can the software services with a bell-shaped life cycle pattern be identified 

through a new decision support system?  

(RQ5) What are the implications of the findings on software service innovation for 

theory and managerial practice?  

The second study analyzes the evolutionary patterns of products (i.e., smartphones) 

within a product network in which innovation patterns of product are inherent. The 

research questions of the second study (Chapter 4) are as follows:  

(RQ6) What is the model to describe product evolution at product-level?  

(RQ7) Can the suggested model describe actual product evolution properly?  

(RQ8) Do market leaders, which basically follow their own innovation, apply an 

imitation strategy also?  

 

1.4 Methodology 

 

According to the research objective of this dissertation, the innovation trends 

represented in a new and evolving environment are investigated based on the social 

network analysis. Social network analysis, which is the widely applied method to various 
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research fields, has many advantages as a tool for analysis. Firstly, social network 

analysis can measure interdependent patterns of relationships between actors. This is an 

interesting characteristic differentiated from the traditional statistics and data analysis 

(Wasserman & Faust, 1994). Secondly, social network analysis is suitable for reflecting 

dynamic properties. Almost all systems change over time in order to adapt to 

environmental changes, and show life cycle according to the law of nature (Van Alstyne, 

2013). Thus, considering dynamic properties in the analysis is essential to describe the 

reality. Thirdly, network visualization through social network analysis can be a significant 

cornerstone that enables to observe the network evolution (Trier, 2008). Finally, from an 

organizational perspective, social network analysis helps catching innovation 

opportunities. In detail, through the investigation of network structure, innovative actors 

can be identified, and the flow of resources, such as information and knowledge, can be 

detected. Due to these advantages, social network analysis is selected as a method for 

describing actual innovation trends. 

In Chapter 3, innovation trends represented in information systems field have been 

empirically investigated through the software service data. Information systems field has 

a relatively short life span and represents some unique properties that are complex, 

interdependent, and multi-dimensional (Petter, DeLone, & McLean, 2008). In this 

environment, innovation can occur differently from the traditional ways, and the existed 

methods are insufficient to handle this. For that reason, social network analysis is applied 

in this research. In detail, the interdependent relationships between individuals are 
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addressed by constructing a software service network based on the joint use of software 

services. The multi-dimensional property is embedded in a constructed network, as a 

software service, which is an output of combining existing software services, can be used 

as a resource for developing the next software service. Furthermore, the dynamic property 

is reflected by measuring the use frequency of individual software service within a 

network at each time stamp. 

In Chapter 4, a model for investigating the evolution of products at product-level is 

suggested and is validated empirically. Social network analysis is applied to design a 

model which focuses on products and product features and considers dynamic property, 

simultaneously. In addition, innovation patterns represented in the evolutionary process of 

products would be detected through the visualized network graph. 

 

1.5 Research outline  

 

The dissertation is composed of five chapters. Chapter 2 is a literature review of 

theories related to the research topic of this dissertation. In particular, there are two parts. 

First, theories and studies about social network analysis, which is applied to design the 

research models of this dissertation, are reviewed. The purpose of addressing this subject 

first is to help understanding why social network analysis is appropriate to analyze new 

trends of innovation. Second, previous research on innovation and new trends of 

innovation are reviewed.  



9 

 

Figure 1. Overview the studies for comprising the dissertation 
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Figure 1 shows an overview the studies that comprise this dissertation. Chapter 3 

consists of the empirical study on individual software services, in order to analyze the 

multi-stage innovation life cycle in the information systems field. The purpose of this 

study is to investigate how the position of an individual and heterogeneous software 

services influences the entire innovation ecosystem and how the network impacts the 

development of new composite software services. The analysis, which applies the social 

network analysis and a fixed-effect panel linear regression model, is implemented by 

using panel data about a software service network. Finally, a new decision support system, 

which can predict software services with a high innovation performance at an early stage, 

is suggested to help software vendors to optimize software service investment decisions. 

Chapter 4 suggests a new model based on social network analysis for identifying 

evolutionary patterns of products at product-level. The suggested model considers the 

features of each product and reflects the evolution dynamics. The effectiveness of the 

model is verified through an empirical analysis using smartphone data. The empirical 

study applying the suggested model describes evolutionary patterns of smartphones in 

detail (i.e., the entire evolutionary patterns of smartphones and the inter-firm and intra-

firm evolutionary patterns) and identifies the products that play an important role on the 

evolutionary process. This new suggested model allows decision makers to easily monitor 

the development of an industry through the evolutionary patterns of products and to 

establish strategies for the development of new products. 

Finally, Chapter 5 concludes this dissertation by answering the research questions 
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presented in the introduction chapter. The analysis results are summarized, and the 

contributions and implications are suggested. In conclusion, the limitations are discussed, 

and further research directions are proposed.  
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Chapter 2. Literature Review 

2.1 Social network analysis 

2.1.1 Basic understanding of social network analysis 

 

Social network analysis is applied to various studies such as the investigation of 

knowledge flows (Leon, Rodríguez-Rodríguez, Gómez-Gasquet, & Mula, 2017), the 

decision-making for hiring and transferring employees (Zhu, Watts, & Chen, 2010), the 

analysis of social and large infrastructure systems (Barrat, Barthélemy, Pastor-Satorras, & 

Vespignani, 2004), and the understanding of innovation in a management field (Obstfeld, 

2005). 

In a social network analysis, a node-link representation is generally used for 

visualizing the network (Zhu et al., 2010). A node can be represented as an actor or a 

product according to the defined network, and a link between two nodes shows the 

relationship between them. The links form paths through the linkage of nodes, where 

nodes without having a direct relationship can be connected indirectly (Borgatti & Halgin, 

2011). The patterns of links can make up a specific structure, and the investigation of 

topological properties, such as the position of nodes within this network, is useful for 

understanding the systems. In addition, it is more helpful to introduce connection 

intensity into links for describing systems (Barrat et al., 2004). The connectivity intensity 

means the strength of relationship between actors, which is identified through the 



13 

 

measure for interaction frequency (Trier, 2008). In here, an actor who maintain strong 

link is more likely to diffuse the resources it has (Jackson, 2010). Network size is also a 

basic property of social network analysis. Generally, as the size of a network increases, 

the heterogeneity and the structural complexity increase (Wellman & Potter, 1999). 

In order to understand the concept of social network analysis, some important 

properties including the described basic properties in this section are shown in Table 1. 

 

Table 1. Overview for understanding social network analysis (cf. Wasserman & Faust, 

1994; Jackson, 2010) 

Basic Concepts 

Network size Number of nodes in a network. 

Relationship 

strength, 

Link strength 

The strength of the relationship between two actors. 

It can indicate the frequency of interactions (daily, 

monthly), count actual interactions, or measure 

intensity of relationships. 

Degree The number of adjacent contacts a node has. 

Diameter Longest shortest path (distance in terms of steps) 

between two nodes in the network. The larger the 

diameter, the less likely is the arrival of information 

on the other end of the network. 

Density Connectedness of the network’s nodes. Proportion of 

pair wise connections realized between n nodes of a 

network divided by the number of theoretically 

possible relationships between those n nodes. 

Component A maximal connected subgraph in a network.  

Reciprocity Symmetry of relationships. If there is a relationship 

from node A to node B and vice versa, then this 

relationship is called reciprocal. 
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Centrality 

Measure 

Degree centrality A simple centrality measure, counting the relative 

share of contacts of a node. 

Betweenness 

centrality 

Number of shortest paths between pairs of nodes, 

which run through the observed node. 

Closeness centrality Distance of a node to all other nodes in the network 

measured with average shortest path length. 

Role in a Network 

Hub role A hub is a central actor (i.e., with a high degree). 

Broker role, 

Gatekeeper 

Network position, which is located on an exclusive 

path between two cliques or subcomponents. If 

removed, adjacent subcomponents get disconnected. 

Brokers thus control the flow between sections of the 

network. They tend to have a high betweenness. 

Isolate role An isolate has a degree of zero and has thus no 

relationships to others in the network. 

 

Measuring the centrality of an actor is also significant property, as it can identify some 

actors who have the important role in a network (Zhu et al, 2010). This property is very 

closely related to the innovation in a network, and innovation is the main topic of this 

dissertation. Therefore, this property will be described in detail in the next subchapter. 

Social network analysis can measure interdependent patterns of relationships between 

actors, which is a distinctive characteristic from the traditional statistics and data analysis 

(Wasserman & Faust, 1994). Furthermore, a network has a dynamic property, since 

network topology changes over times and system has adapted to these changes constantly. 

Thus, when applying social network analysis to the data, reflecting dynamic property is 

very important. In order to address this issue, Doreian and Stokman (1997) suggested the 

use of time information, and Trier (2008) proposed the event-based approach that 
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considers each event and its time information simultaneously.  

As the objective of this dissertation is analyzing the innovation trends represented in a 

new and evolving environment, it is essential to take dynamic property into account the 

analysis. As described earlier, social network analysis is an appropriate method to reflect 

dynamic property. Therefore, social-network-analysis-based models are suggested in 

studies of Chapter 3 and Chapter 4. Finally, network visualization through the social 

network analysis can be a significant cornerstone that enables to observe the dynamic 

network evolution (Trier, 2008). For this reason, in Chapter 4, a product network, which 

describes the evolutionary process of products, is analyzed through the visualized 

network graph. 

 

2.1.2 Network position and innovation 

 

From an organizational perspective, the investigation of network structure is 

important to catch innovation opportunities. In detail, a node position is related to an 

agent’s role in a society (Scott, 1991) and the innovation performance of an agent 

(Grewal, Lilien, & Mallapragada, 2006; Kim et al., 2015). In a network, a node 

occupying a central position can be considered as an opinion leader, and this actor is 

innovative and can learn innovation through the relations with others existed in the 

systems (Burt, 1980). A node, which is regarded as a potential adopter of innovation, is 

likely to adopt the innovation early through the connection with other nodes that are 
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similarly located in the system (Burt, 1980). In addition, a node that is located in a bridge 

position among other nodes can facilitate the information sharing and control the 

information flow of certain groups (Leon et al., 2017). This can provide an incentive for 

innovation by allowing access the information each node retain. In these contexts, it can 

be noticed that, within a system, the position of a node is quite different (i.e., 

heterogeneity) and the performance of a node is also varied. Thus, organizations should 

have an interest in identifying not only the position of a node (i.e., an actor, an agent or an 

employee) in a system but also the degree of impact the node has and which nodes are 

impacted by this node (Zhu et al., 2010).  

For investigating the position of a node and its innovation power, centrality measures 

can be applied. Among various centrality measures, degree centrality is the most 

fundamental (Freeman, 1978; Zhu et al., 2010). Degree centrality of a node measures the 

number of links of a node (i.e., the linkages with other nodes) in the network. It describes 

how strongly a node is connected and which node is the most powerful one within a 

network (Zhu et al., 2010; Krafft & Quatraro, 2011). For example, a node with high 

degree centrality is able to diffuse resources quickly in a network (Leon et al., 2017). The 

degree centrality of undirected network is measured through the following equation 

(Freeman, 2004): 

 

···················································································· Eq. (1)  
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where 

i: the analyzed node; 

j: all the other nodes; 

n: total number of nodes in a network; 

xi,j : the adjacency matrix in which each cell is defined as 1 if node i has a direct 

connection with node j and 0 otherwise. 

If a network is a directed graph, in-degree centrality and out-degree centrality can be 

distinguished according to the purpose of the research. 

Another measure used in popular is a betweeenness centrality (Freeman, 1978). 

Betweenness centrality is used for identifying node that is the most influential in a 

network or that controls the information flow among nodes (Newman, 2001). The 

betweenness centrality of node i is measured by the number of shortest paths among all 

possible paths passing node i (Newman, 2001; Barrat et al., 2004; Kim, Lee, and Altmann, 

2015). The equation for measuring betweenness centrality is follows (Freeman, 2004):  

 

 ············································································································ Eq. (2)  

 

where 

gjk: total number of shortest paths from j to k; 

gjk(i): the number of shortest paths connecting j and k passing through i. 
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2.2 Research on innovation 

2.2.1 Innovation research in information systems field 

 

Research on information systems (IS) field investigates socioeconomic systems which 

are characterized through the interplay between individuals, groups, and organizations 

(Urbach & Ahlemann, 2010). For example, information systems research has covered 

issues related to the design of data processing applications (Avgerou, 2000), innovation 

life cycle (Jha & Bose, 2016), technology adoption and acceptance (Urbach & Ahlemann, 

2010), and factors of information systems success (Petter et al., 2008). Moreover, 

scientific paradigms such as behavioral science and design science are contained in this 

kind of research (Hevner, March, Park, & Ram, 2004). The former paradigm is used to 

develop theories for describing and predicting behaviors of human and organization, and 

the latter contributes to extending the capabilities of human and organization through the 

creation of innovative artifacts (Hevner et al., 2004).  

Innovation is one of the most intriguing research topics in almost research areas 

including information systems field (Jha & Bose, 2016). Actually, a number of innovation 

studies have already been conducted in this field, in which many theories and models 

have been applied. Table 2 represents major theories and models used in innovation 

research in information systems field.  
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Table 2. Major theories and models used in innovation research in information systems field (re-organizing from the research of 

Jha and Bose (2016)) 

Theory or Model Methods 
Publication Information 

Authors, Year Journal Name 

Absorptive capacity Structural equation modeling (SEM) 

Multiple case studies 

 

Interpretive case study 

Statistical analysis 

Carlo et al., 2012 

Sherif & Menon, 2004 

 

Malhotra et al., 2005 

Joshi et al., 2010 

MIS Quarterly 

Journal of Association of 

Information Systems 

MIS Quarterly 

Information Systems Research 

Activity theory Action research 

 

Interpretive ethnography 

Kietzmann, 2008 

 

Igira, 2008 

European Journal of Information 

Systems 

Journal of Information Technology 

Actor-network theory Interpretive case study Elbanna, 2008 Journal of Information Technology 

Agency theory Statistical analysis Susarla, & Barua, 2011 Information Systems Research 

Diffusion of innovation theory PLS-SEM 

Interpretive case study 

 

Statistical analysis 

Kim & Ammeter, 2014 

Mustonen-Ollila & 

Lyytinen, 2003 

Melville & Ramirez, 2008 

Information & Management 

Information Systems Journal 

 

Information Systems Journal 
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Dynamic capability theory Statistical analysis Roberts & Grover, 2012 Journal of Management Information 

Systems 

Institutional theory Interpretive case study 

 

PLS-SEM 

Chae & Poole, 2005 

 

Hsu et al., 2012 

European Journal of Information 

Systems 

Information Systems Research 

Knowledge-based theory Statistical analysis Qu et al., 2010 Journal of Strategic Information 

Systems 

Organizing vision theory Discourse analysis 

Statistical analysis 

Wang & Ramiller, 2009 

Marsan & Pare, 2012 

MIS Quarterly 

Journal of Strategic Information 

Systems 

Resource-based theory Interpretive case study 

 

PLS-SEM 

Tarafdar & Gordon, 2007 

 

Zhu & Kraemer, 2005 

Journal of Strategic Information 

Systems 

Information Systems Research 

Social network theory Statistical analysis 

Interpretive case study 

Singh & Phelps, 2012 

Whelan et al., 2013 

Information Systems Research 

Information Systems Journal 

Technology acceptance model Statistical analysis Carter & Be  ́langer, 2005 Information Systems Journal 

Theory of technological evolution Mathematical modeling Chen & Turut, 2013 Management Science 
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Information systems field has the relatively short life span and also represents some 

unique properties that are complex, interdependent, and multi-dimensional (Petter et al., 

2008). In this environment, innovation can be occurred differently to the traditional ways. 

Although a variety of theories and models (Table 2) have already been applied in this 

research field, innovation studies for covering those particular properties are still 

insufficient (Jha & Bose, 2016). Thus, multiple or new perspectives are required for 

understanding innovation in information systems field.  

Table 2 also shows methods applied, together with each theory or model. In empirical 

studies, most commonly used methods for data analysis are structural equation modeling 

(SEM), particularly PLS-SEM, and regression techniques (Jha & Bose, 2016; Urbach & 

Ahlemann, 2010). A structural equation model, which is composed by combining 

structural model (inner model) and measurement model (outer model), is a statistical 

technique considering relationships among multiple independent and dependent 

constructs simultaneously (Gefen, Straub, & Boudreau, 2000). In addition, PLS (partial 

least squares) approach as the statistical means for testing SEM has some strengths: no 

assumption about distribution form of input data, less demands about sample size 

compared with other methods, and more suitable for theory development than for theory 

testing (Urbach & Ahlemann, 2010).  

In Chapter3, innovation trends represented in information systems field have been 

investigated empirically, by applying various theoretical perspectives (social network 

theory, innovation life cycle theory, and life cycle theory) and mathematical methods 
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(social network analysis and regression techniques). Despite of many advantages of PLS-

SEM, simple regression techniques are used in analysis. The reason for choosing this 

method is that the limited number of variables only needs to be considered. Almost 

complex issues have already been covered before designing analysis model. The 

interdependent relationships between individuals are addressed by constructing software 

service network based on the joint use of software services. The multi-dimensional 

property is also embedded in a constructed network, as a software service, which is an 

output of combining existing software services, can be used as a resource for developing 

the next software service. Furthermore, the dynamic property is reflected by measuring 

the use frequency of individual software service within a network at each time stamp and 

by applying polynomials of time variable to analysis model. Therefore, through the 

approaches of these multiple perspectives, simple regression techniques are selected, and 

a fixed-effect panel linear regression is used in order to consider heterogeneity. 

 

2.2.2 New innovation trends: open innovation for service 

innovation 

 

The development of the Internet and digital technologies has led to an open and 

flexible environment (Yoo et al., 2012). Internet-based collaborative environments have 

been built with the help of Web 2.0 and social media (Fitzgerald, 2006; Ransbotham & 

Kane, 2011), where new values are created every time that providers or users combine 
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their knowledge. Companies have already recognized new opportunities coming from 

these environments change. They invite users to their system for utilizing various abilities 

and knowledge of users (Kohler et al., 2011; Ransbotham & Kane, 2011). For describing 

these new trends, “open innovation” has been defined. Open innovation emerges through 

the collection of knowledge that has dispersed over multiple participants and the 

collaboration of any users or suppliers who have interested (Bernstein, Klein, & Malone, 

2012; Dougherty & Dunne, 2011). Moreover, knowledge sharing between companies is 

considered essential for open innovation (Chesbrough, 2006; De Hertogh, Viaene, & 

Dedene, 2011). Since knowledge evolves and new values are continuously co-created 

over time, it can be said that open innovation has a dynamic property.  

Software services in an open platform are a representative case reflecting above new 

innovation trends. Software services are goods which have particular characteristics such 

as intangibility, simultaneity, heterogeneity and co-production (Fitzsimmons & 

Fitzsimmons, 2000). In addition, a software service is an output, which has been made 

from the combination of existing software services according to ideas of participants, and 

it also become an input (i.e., a source) for creating the new software service. These 

software services can be considered means for participants to express their knowledge or 

skills for the benefit of others. This is consistent with the service concepts used for 

service-oriented architectures and software as a service (Zhao, Tanniru, & Zhang, 2007). 

Some examples of breakthrough software services are the services of Facebook, YouTube, 

Google, and Twitter (Kim et al., 2015; Lusch & Nambisan 2015). 
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The introduction of new offerings, such as software services, extends the boundaries 

of product and questions the results of traditional innovation studies that consider tangible 

goods. From the perspective of value creation, anything will become a service 

(Edvardsson et al., 2005), and, thus, software services are also included into this service 

concept. The role of information technology (IT) has become increasingly significant, 

modern economies more and more rely on innovation in services for future growth 

(Bouwman et al., 2008). Service innovation is defined as the re-bundling of resources for 

providing new and beneficiary resources to service consumers (Lusch & Nambisan, 

2015). Open innovation makes service innovation possible by providing an open 

environment and allowing free participation for collaboration. In here, users, who have 

their own knowledge and skills, can become innovators by contributing service 

innovations through sharing or combining resources. Furthermore, developing new 

services is a complex issue, since collaborations occur globally (Bouwman et al., 2008). 

Therefore, innovation research for services should handle these characteristics of new 

offerings and should approach the value co-creation perspective by extending the 

traditional perspective (i.e., tangible products, supplier and output perspective). For these 

reasons, the innovation trends of software services within a software service network, 

which represents an open environment for innovation, are investigated in Chapter 3.  
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2.2.3 Product innovation from an perspective of product 

evolution 

 

A product is “a collection of technology and market attributes” (Chao & Kavadias, 

2008) and an interface connecting firms and consumers (Frenken, 2006). A product is 

developed in order to meet the needs of consumers, and it depends on innovation routine 

of firms (Danneels, 2002). Thus, a product is regarded as an output obtained from the 

integration of technologies and contains various interactions between firms and 

consumers. A product follows an evolutionary process similar to the one exhibiting in 

biological systems (Ziman, 2003). In this process, firms select various strategies for 

surviving in the market (OECD/Eurostat, 2005). 

Product innovation is one of the representative strategies for survival of firms, and it 

helps firms occupy an advantageous position in the market (Christensen, 2013; Chandy & 

Tellis, 1998; Sood & Tellis, 2005). Through the product innovation, firms can increase or 

maintain their market share and have an opportunity to enter a new market 

(OECD/Eurostat, 2005). Indeed, many studies have proved that innovative firms survive 

longer in the market than firms lacking innovative activities (Cefis & Marsili 2005; Cefis 

& Marsili, 2006; Fontana & Nesta, 2009).  

New products are the results of product innovation and are the technological artifacts 

of being perceived as novel by consumers (Ram 1987; Garcia & Calantone, 2002). In 

detail, a new product may be developed with little change of a product or disruptive 
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change of a product (Orihata & Watanabe, 2000). The former is defined as an incremental 

innovation, which represents a change in a technology applied to the product (Fontana, 

Nuvolari, & Saviotti, 2009). The latter, which is called a radical innovation, means that 

new technology is adapted to the product (Fontana et al., 2009). For example, the razor of 

Gillette that has continuously improved the safety is an incremental innovation (Cravens, 

Piercy, & Low, 2002). Apple Lisa, which is the first personal computer containing graphic 

user interface, is a radical innovation (Iyer, LaPlaca, & Sharma, 2006). The continuous 

introduction of new product models into the market represents the evolution of products. 

This follows the ideas of Christensen (1997) that product evolution occurs in the 

cumulative changes in features of product models within a product category. Therefore, 

an incremental innovation or a radical innovation are represented in those cumulative 

changes (Wagner & Rosen, 2014).  

Previous studies on product evolution have mainly been conducted to describe the 

mechanism of product evolution (Meyer & Utterback, 1993; Otto & Wood, 1998; Iwai, 

2000; Ma & Nakamori, 2005). Though these studies investigate the evolution of products, 

they are usually implemented at firm-level or sector-level but not at product-level. Studies 

focusing on firm-level or sector-level investigate the environments that accelerate product 

evolution (Bonaccorsi, Giuri, & Pierotti, 2005; Kapoor & McGrath 2014). Besides these 

studies, there are only a few studies that analyze product evolution at product-level. The 

study of Khanafia and Situngkir (2006) investigated product evolution by analyzing the 

relationship between products (i.e., mobile phones) based on their technological features, 
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but the chronological order of product releases had not been considered. The recent 

research conducted by Valverde and Solé (2015) took the chronological order of product 

releases into account by applying social network analysis, but they only focused on the 

relationship between products, neglecting the features representing the products. 

Therefore, for describing the evolution of products, a new model that concentrates on the 

product features is suggested in Chapter 4, supplementing the limitations of existing 

research.  
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Chapter 3. Time-Dependent Empirical 

Analysis of the Multi-Stage Innovation Life 

Cycle of Software Services within a Service 

Network 

3.1 Introduction 

 

The development of the Internet and information technology has led to a flexible and 

open environment (Yoo et al., 2012), in which collaboration fosters the creation of a wide 

range of knowledge and values (Fitzgerald, 2006; Ransbotham & Kane, 2011). From this 

perspective, new knowledge can be created through the aggregation and recombination of 

existing knowledge and new ideas. Examples of this are digital artifacts such as software 

services. In an open environment, software services, which are intangible goods, have 

been made freely accessible and can be reused for developing new composite software 

services. Moreover, through the continuous recombination, those software services can 

promote service innovations (Lusch & Nambisan, 2015) and show a dynamic property in 

the system (McLean, 1979). Software-service-based innovation comes from the 

integration of other firms’ knowledge, and not anymore through the imitation of other 

firms’ knowledge (Carlo et al., 2012). Knowledge can simply be used by a third party, 

without going through the knowledge transfer process that incurs cost (Trkman & 
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Desouza, 2012).  

Although an abundant amount of innovation research has already been conducted in 

various fields (Jha & Bose, 2016), the research did not address the field of software 

services. Until now, it has only been proposed to measure the value of a software service 

for innovation through the frequency, with which a software service is recombined with 

other software services in the network of composite software services. The results show 

that only a few software services are very frequently re-used for innovation, while the 

majority of software services are rarely used and contribute little to the innovation in a 

software service network (Kim et al., 2015). The reason that each software service may 

show a different pattern of innovation is its popularity and its functionality. Apart from 

these few results, the innovation performance of software services in an open 

environment is unclear.  

For analyzing the innovation performance, the theory of innovation life cycle can be 

applied. Recently, a five-stage innovation life cycle has been proposed, comprising a 

conceptualization stage, a generalization stage, an adoption stage, a diffusion stage, and 

an impact stage (Jha & Bose, 2016). These five stages are adapted for our research on 

software services in an open environment.  

To describe the diffusion stage of software services, we apply life cycle theory. This 

follows prior research on the evolution of technology that shows trends similar to 

biological life cycles (Ford & Ryan, 1981; Nieto, Lopéz, & Cruz, 1998; Roussel, Saad, & 

Erickson, 1991; Utterback & Abernathy, 1975). A common life cycle pattern includes 
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phases for birth, development, maturity, and death (dos Santos, Esteves, Freitas, & de 

Souza, 2014). The technology life cycle can be represented by a bell-shaped curve over 

time (Rink & Swan, 1979). Apart from a descriptive analysis (Kim et al., 2015), life 

cycles of software services have not been analyzed statistically. 

Understanding innovation power of software services, especially the diffusion stage of 

the innovation life cycle of software services, is highly relevant, as software services and 

their combinations with other software services are essential in the daily lives of people 

(e.g., mobile apps) and are already regularly used in the industrial sector. For example, 

the industrial sector relies on the use of software services, in order to analyze the changes 

of market demand and to enhance the functionality of their products. Another example is 

a software service platform that organizes software services (Kushida et al., 2011; Haile 

& Altmann, 2016). These platforms range from consumer platforms (e.g., Android of 

Google and Web2.0) to enterprise platforms (e.g., Force.com of Salesforce.com Inc.).  

As this development even accelerates, it can be stated that future economies will 

heavily depend on software services and software service networks, which are built 

through the reuse and the recombination of software services without the need of 

transferring knowledge between entities. It shows the need for investigating software 

service innovation within software service networks that represent an innovation 

ecosystem of information systems. The understanding of this innovation ecosystem is 

expected to set the foundation not only for a sustainable software industry but also the 

industry at large. 
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The objective of our research is to investigate the innovation ecosystem of software 

services (i.e., software service network), which highly depends on the reuse and the 

recombination of software services, by applying life cycle theory for the diffusion stage 

of the innovation life cycle.  

Following the research objective, the following research questions are raised: (RQ2) 

Do software services show a bell-shaped life cycle pattern in the diffusion stage of the 

innovation life cycle? (RQ3) What are the characteristics of the software services that 

show a bell-shaped life cycle pattern? (RQ4) Can the software services with a bell-shaped 

life cycle pattern be identified through a new decision support system? (RQ5) What are 

the implications of the findings on software service innovation for theory and managerial 

practice?  

For answering these research questions, a software service network is constructed 

with empirical data gathered from www.programmableweb.com. In our software service 

network, each node represents a software service, and an edge between two nodes 

represents a joint use of these two software services for value co-creation through the 

development of a composite service. Constructing this software service network for 

different time periods, we could track the position of each node (i.e., the normalized 

degree centrality of each node) within the software service network. Therefore, the 

position is used as the dependent variable in our model. The explanatory variables are the 

time period and the polynomials of the time periods (i.e., 2
nd

, 3
rd

 and 4
th
 order of time 

period) for describing the change over time. A polynomial model is applied for 
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identifying the best-fitting relationship between the number of recombinations of 

software services and the time period. To estimate the model, the fixed-effect panel linear 

regression is applied to 1004 software services. 

The results of our analysis of the innovation diffusion show that, although the 

majority of software services show a flat-line as a life cycle pattern (i.e., they always stay 

at the periphery of innovation during all time periods), a few software services depict a 

bell-shaped life cycle pattern. Those software services with a bell-shaped life cycle 

pattern stayed in the ecosystem for a long time (i.e., age) or have frequently been used for 

software recombinations. The method applied to identify the software services with a 

bell-shaped life cycle pattern could also be applied for predicting the innovation 

performance of any software service based on data about a few initial time periods since 

the software service has been made available in the system. 

There are a few implications based on our results. From an academic perspective, 

there are three implications. First, the life cycles of software services in an evolving 

software service network show a similar trend to the life cycles of durable goods 

(Henderson & Clark, 1990). This fact represents an extension of life cycle theory to 

intangible goods. Second, using empirical data about a software service network over 

time, research on the multi-stage innovation life cycle could be conducted the first time, 

providing more insight into the entire innovation ecosystem. Third, although we focus on 

the diffusion stage, our model allows understanding how individual, heterogeneous 

entities (i.e., software services) impact the innovation ecosystem and how the innovation 
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ecosystem impact the development of the next generation software services (Jha & Bose, 

2016). 

From a managerial perspective, a forecasting ability is especially important in quickly 

changing industries (Goldenberg, Lowengart, & Shapira, 2009). As software service sales 

do not solely depend on sales of the service itself but also on the use of a software service 

together with other software services, an accurate forecasting through the Bass Model is 

hard to achieve (Garber, Goldenberg, Libai, & Muller, 2004). Our approach, however, can 

address the problem of predicting future sales of software services, helping managers to 

make optimal investment decisions into software services. 

The paper is organized as follows. In Chapter 3.2, we describe the theoretical 

background related to our work. Our experiments are outlined in Chapter 3.3, and the 

analysis results are presented in Chapter 3.4. In Chapter 3.5, we discuss our findings 

including academic and practical implications. Finally, Chapter 3.6 concludes the paper. 

 

3.2 Theoretical backgrounds 

3.2.1 Innovation life cycle of information systems 

 

Innovation research has been actively conducted in various fields, and thus many 

different theories have been applied. With respect to innovation studies in the field of 

information systems, absorptive capacity theory, activity theory, social network theory, 

innovation diffusion theory, knowledge-based theory and resource-based theory have 
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been used (Carlo et al., 2012; Kietzmann, 2008; Kim et al., 2015; Kushida et al., 2011; 

Trkman & Desouza, 2012; Zhu & Kraemer, 2005). These theories and methodologies 

applied have usually focused on a single stage (e.g., diffusion stage or adoption stage) of 

innovation in information systems. They cannot encompass all stages of innovation life 

cycle.  

Innovation life cycle has been proposed initially with three stages: design stage, 

diffusion stage, and impact stage (Xiao, Califf, Sarker, & Sarker, 2013). It has been 

extended to 5 stages, consisting of conceptualization, generation, adoption, diffusion, and 

impact (Jha & Bose, 2016), as represented in Figure 2.  

The conceptualization stage is defined as an abstract idea pool based on existing 

artifacts, which can be used to create any new innovation (Chen & Turut, 2013). In the 

generation stage, after evaluating the ideas by stakeholders, a few abstract ideas are 

selected and implemented (Jha & Bose, 2016). In the adoption stage, the implementations 

of the ideas (i.e., innovative outputs) are chosen by a few early adopters. In the diffusion 

stage, the adopters and adoption mechanisms have a significant effect on the spreading of 

the innovation (Jha & Bose, 2016). The diffusion stage reflects the extent, to which 

innovative output is proliferated in the market. Finally, the innovation outputs are 

evaluated in the impact stage. These stages, the processes between these stages, and their 

iteration of the innovation cycle constitute the innovation ecosystem. 
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Figure 2. Innovation ecosystem with its five stages and its processes           

(Jha & Bose, 2016) 

 

In our research, those five stages of the innovation life cycle have to be adapted for 

analyzing the comprehensive innovation patterns that occur in software service networks. 

The conceptualization stage is defined as existing software services (existing artifacts) 

and abstract ideas for composing new software services. Existing software services are 

available resources with open Application Programming Interfaces (APIs) for 

implementing abstract ideas. In the generation stage, after evaluating many possible ideas, 

a few abstract ideas are implemented as new software services. The new software 

services are named composite software services and can also be used for the composition 

of new software services in the next round of innovation. In the adoption stage, the 
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frequency of use of software services expresses the adoption of software services. For 

capturing this, the degree centrality of each software service within the software service 

network is measured. In the diffusion stage, the change of degree centralities of each 

software service over time is considered for representing the diffusion of software 

services in the network. Finally, in the impact stage, the impact of the innovation is 

captured by the position of a software service within the software service network. The 

position represents the innovation performance of a software service. By comparing the 

degree centrality of a software service with the degree centralities of other software 

services, the position can be measured. In addition to this, as the position of software 

services affects the next development of software services, the innovation life cycle 

repeats continuously.  

 

3.2.2 Life cycle theory for information systems 

 

All systems involving biological, social, and technological agents exhibit the 

characteristic of life cycles and, eventually, undergo the retirement or the replacement in 

accordance with the laws of nature (Van Alstyne, 2013). Life cycles are found for entire 

industries, technologies, and products. These life cycles show similar trends as biological 

life cycle and have applied into the varied models for describing the phenomenon such as 

the evolution of technology or the diffusion of product (Ford & Ryan 1981; Nieto et al., 

1998; Roussel et al., 1991; Utterback & Abernathy, 1975). Many studies have 
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demonstrated a bell-shaped curve in various fields (Rink & Swan, 1979). The diffusion 

process of innovation, which is nonlinear and shows a bell-shaped curve, can be modelled 

as an entire life cycle (Rogers, 2003; Chang, 2010; Peres, Muller, & Mahajan, 2010). The 

bell-shaped curves can be divided into several stages, and the four-stage life cycle, which 

consists of introduction, growth, maturity, and decline, is the most popular (Day, 1981; 

Rink & Swan, 1979). 

Many existing studies about product life cycle have targeted durable goods (Nieto et 

al., 1998). The premise of these studies is that a re-purchase does not occur during the 

period of use (Bass, 2004). However, since production circumstances and consumption 

trends have changed more and more rapidly, and the concept of products has been 

expanded from tangible goods to intangible goods, it is difficult to describe the current 

reality through models of existing studies. In fact, among the abundant number of studies 

about life cycles, it is hard to find research that addresses resource sharing and co-

developments in an open environment induced through information technology. Only a 

few studies on life cycles cover that phenomenon through the investigation for software 

services (dos Santos et al., 2014; Kim et al., 2015). 

 

3.2.3 Innovation research on software services 

 

In this paper, we target the diffusion of intangible goods (software services) in an 

open environment, to find and explain life cycle patterns representing knowledge sharing 
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and co-development. Software services in a software service network are the output of 

service compositions as well as input for other service compositions. The compositions 

can occur through the various combinations of existing software services, and herein 

software services are in interplay with each other. Thus, software service can be defined 

as goods that allow all participants to access and re-use it for creating another attractive or 

innovative offering. It allows creating new value through the simultaneous use of new 

software services by third parties.  

This open innovation phenomenon has brought many changes to the software 

ecosystems and let new ideas emerge very rapidly but, at the same time, let only a few 

software projects survive in the ecosystem (Fitzgerald, 2006). Likewise, software services 

get also retired or get replaced over time. Therefore, these software services, which 

contribute to the emergence of new software services strongly in the beginning but less at 

the end of their existence, are expected to show a life cycle within the diffusion stage of 

the innovation life cycle. Moreover, in a rapidly changing environment as the software 

service industry, it can be assumed that not all software services show a bell-shape life 

cycle. Therefore, we propose our first hypothesis (H1) to be: 

Hypothesis H1: Some software services show a bell-shaped life cycle pattern during 

the diffusion stage of the innovation life cycle of software services. 

The demographic characteristics such as age or size have been identified to be 

essential in life cycle research of systems (Swanson & Dans 2000). In particular, age 

reflects the accumulated effects of system changes over time and is clearly related to the 
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developmental process (Swanson & Dans 2000). That means that services that stayed in 

the ecosystem over a long time are more likely to be chosen by other participants of the 

ecosystem, statistically. Moreover, from an experience perspective, it is hard for late 

comers to overcome the accumulated experience of early movers (Pil & Cohen 2006). 

Therefore, in an open software service network, as knowledge and experience gets 

embedded in software services over time, the services, which have been introduced at an 

early stage and stayed in the ecosystem, will be used more often in new services than 

services that appeared later. Thus, we expect that the bell-shaped life cycle of software 

services would also depend on the age of a software service.  

Equivalently, the frequency of use can strengthen the positional advantage in a market, 

and lead to a “winner-take-all” phenomenon (Dewan & Ramaprasad, 2012; Tucker & 

Zhang, 2011). This effect may be also represented in an open environment enabling 

knowledge sharing and value co-creation through re-bundling of existing resources. 

Therefore, a new software service, which becomes very popular, might show the same 

bell-shaped life cycle as old software services (i.e., software services that stayed in the 

ecosystem over a long time) over a long time period. For these reasons, we suggest the 

following hypothesis: 

Hypothesis H2: Age and frequency of use are the characteristics of software services 

that influence the bell-shaped life cycle of software services.  

As software service sales do not only depend on sales of the service itself but also on 

the use of a software service together with other software services, an accurate 
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forecasting through the Bass Model is hard to achieve (Garber et al., 2004). However, a 

forecasting ability is essential for surviving in fast changing industries (Goldenberg et al., 

2009) like the software industry. For this reason, we propose a decision support system 

for vendors of software services, to identify software services showing bell-shaped life 

cycles with data about a few initial time periods since the software services has been 

made available in the market. It would provide information about the innovation 

performance of software services and help them to make optimal investment decisions. It 

is expressed with the following hypothesis: 

Hypothesis H3: The innovation performance of software services (i.e., software 

services with a bell-shaped life cycle) can be identified through a decision support system. 

 

3.3 Methodology 

3.3.1 Data 

 

The data had been collected from the website www.programmableweb.com. This 

website provides information about software services that offer an open API and 

information about composite software services that are composed of one or more existing 

software services. The information comprises the name of the software service, its 

category, the date when the software service has been submitted, the list of software 

services that have be reused for developing the service, and the description of the 

software service. For the analysis, information about composite software services has 
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been gathered from September 2005, when the first composite software service had 

emerged on the website, to April 2014. During this study period, 7,307 composite 

software services have been reported in total. Each of these composite software services 

reuses 2.1 software services in average. Only considering the composite software services 

that have been developed with more than one software service, the average number of 

software services being reused increases to 3.3.  

 

3.3.2 Software service network 

 

Based on the data collected, a software service network that consists of nodes and 

undirected links is constructed. A node represents a software service that offers an open 

API. A link between nodes means the existence of one or more composite services that 

reuse these nodes (i.e., software services). Thus, our software service network is an 

undirected and weighted graph. All software services that are used for creating a 

composite service are connected with each other in the software service network. Thus, a 

composite software service adds a fully connected subgraph (i.e., clique) into the software 

service network.  

Figure 3 shows how a software service network is constructed for our analysis, and 

the right graph in Figure 3 is a subgraph of our actual software service network. Jobfinder, 

which is one of the four composite software services (i.e., Jobfinder, Job Search and 

Salary Research, Foodsta, and Dino Map) in this software service network, is created 
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from four software services with an open API (i.e., USAJOBS, HeadHunter, 

SimplyHiredJobs, and Indeed). Therefore, Jobfinder adds six links to the software service 

network. These six links are needed to express all possible connections between the four 

software services that Jobfinder reuses, resulting in a fully connected graph (i.e., clique). 

In the same way, nodes and links are derived from the other three composite software 

services and added to the software service network. The resulting software service 

network is shown in Figure 3. Note, the use of a single software service results in a self-

link in the software service network A self-link is represented with a straight line that is 

only connected to one node. For example, Dino Map has been developed by only using 

Google Map. 

Within the software service network, the frequency of use of a node is measured by 

summing up the weights of links of a node. Following this, the frequency of use of Indeed 

is 4, HeadHunter’s is 3, GoogleMap’s is 2, and Instagram’s is 1 (Figure 3).  
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Figure 3. Example of the construction of the software service network 
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The justification for the formation of this kind of software service network is to 

capture the value (i.e., benefit) that the composite software services gives to and receives 

from the software services being reused. On the one hand, a composite service benefits 

from a reduced cost of development by reusing existing software services. This reuse can 

avoid redundant development of existing functionality. On the other hand, a software 

service benefits from an increase in reputation, popularity, and revenue through the 

composition. Every time a composite software service is used, the software service used 

in a composite software service gets revenue, more people get to know about the software 

service, and its quality is proved.  

 

3.3.3 Variables 

 

The dependent variable used for the analysis is based on the number of compositions 

of a software service with other software services. The number of compositions of a 

software service corresponds to the node degree centrality for undirected, weighted 

networks (Opsahl, Agneessens, & Skvoretz, 2010). The node degree centrality measures 

the position of a node in a network, representing the importance of the node within a 

network. This node degree centrality is appropriate to use in this research, as the extent, 

to which a software service is reused, represents how important the software service is for 

innovation among all software services in the network. In order to control the effect 

caused by the network size, the node degree centrality is normalized with respect to the 
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number of nodes in the network (Kim et al., 2015). Furthermore, the normalized node 

degree centrality kit (i.e., dependent variable) of an individual software service i at 

indexed time period t is logarithmically transformed, to address the high skewness of the 

normalized node degree centrality values. The indexed time period t ranges from 0 to 103, 

representing the months from September 2005 to April 2014. 

In order to describe the life cycle of each software service i, the variable xit of 

software service i at indexed time period t is used as an explanatory variable. In addition, 

the n-th order polynomials of explanatory variable xit
n
 are also considered for regression, 

as the rate of software service compositions varies over time and their behaviors are hard 

to be explained with a linear relationship. 

All real-world system shows some nonlinearity, where many of them involve a 

curvilinear relationship (Doebelin, 1985). Polynomials, which are the simplest functions 

existed, have the flexibility to represent general nonlinear relationships (Smyth, 1998). 

The major purpose of using polynomial approximation in statistics is to model the 

nonlinear relationship between a dependent variable and an explanatory variable (Smyth, 

1998). In detail, polynomial models have been widely used for describing situations 

representing curvilinear relationship and are also helpful to approximate the unknown and 

complex nonlinear relationships (Montgomery & Peck, 2012). In this research, as we 

basically assume the curvilinear relationship (i.e., bell-shaped curve) based on the life 

cycle theory, it can be said that applying polynomials of explanatory variable into 

analysis model is reasonable approach. In addition, basic requirements that need to be 
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considered when fitting a polynomial in one variable are satisfied.  

 

3.3.4 Analysis process 

 

For modeling the diffusion stage of the innovation life cycle, we design an analysis 

model using the dependent variable and polynomials of explanatory variable. Within this 

model, the logarithmic transformation of the normalized degree centrality kit of software 

service i at indexed time t is expressed as a relationship with n-th order terms of the 

indexed time period xit
n
. The model can be expressed mathematically as: 

 

log kit = ∑n βn xit
n
 + εit····················································································································· Eq. (3)  

 

where βn denotes the coefficient for the n-th order term and the variable n is an integer 

between 1 and ∞. The variable εit is an error term for each software service i at indexed 

time t. In our model, it can be expected that the best model for describing a system, which 

shows a bell-shaped life cycle pattern, is the case of n equal 2. If the coefficient β1 is 

statistically significant, it can be inferred that the number of compositions of a software 

service exponentially increases (for β1 > 0) or decreases (for β1 < 0) during the study 

period. If the coefficient β2 is statistically significant and negative, the number of 

compositions of software services over time shows a concave curve. 

For estimating model, fixed-effect panel linear regression is considered. Although this 

research investigates the innovation trends of software services over time, a time series 
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analysis is not suitable. First of all, our data set used in analysis is an unbalanced panel 

data (longitudinal data) and is not defined as a time series data. In detail, the collected 

data is multi-dimensional data that includes observed individuals (i.e., all of the 

individual software service in a network) over multiple time periods, and the number of 

observed time periods of each software service varies from 10 to 134. In addition, as the 

number of observed individuals is much larger than the number of observed time periods, 

time-series analysis is not suitable (Smith & Fuertes, 2016). Secondly, this research 

primarily focuses on heterogeneity of individual behaviors and interaction between 

individuals. These issues cannot be estimated from a single time-series, and, thus, a fixed-

effect panel linear regression is applied for capturing those properties (Smith & Fuertes, 

2016). 

Before estimating the model, the appropriateness of the fixed-effect panel linear 

regression is tested against the random-effect panel linear regression. In a fixed-effect 

model, the specific characteristics of each software service are correlated with the 

explanatory variable, while those specific characteristics in a random-effect model are 

independent to explanatory variables (Greene, 2012). To show that the fixed-effect model 

is more suitable to analyze the gathered data than a random-effect model, the Durbin-Wu-

Hausman test has been applied (Greene, 2012). The result of the Durbin-Wu-Hausman 

test shows that the p-value is smaller than 0.05 (p-value = 1.559*10
-14

), verifying that the 

random effect model can be rejected. 

In the next step, it is investigated which of the n-th order terms (i.e., xit
n
 where n = 1, 
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… ∞) is best for achieving a good estimation. For this, the fixed-effect panel linear 

regression is conducted with different maximum number of n-th order terms, and the 

adjusted explanation power (i.e., adjusted R
2
) is calculated for these regressions, 

respectively. The best-fitting regression model with an appropriate maximum order term 

(e.g., n = 2) is identified, if the increase in the adjusted R
2
 from one model (e.g., n = 2) to 

the next higher order model (e.g., n = 3) is insignificant. The inference from applying the 

polynomials to the analysis model is to determine whether the empirical data fits to a 

concave curve (i.e., n = 2), describing a bell-shaped life cycle of a software services. 

In order to discuss the hypothesis H2, the empirical data needs to be sorted according 

to two criteria before it is applied to the fixed-effect panel linear regression model. The 

first criterion is the age of software services, which is defined as how long a software 

service stayed in the market since its introduction. The age of a software service is 

measured by calculating the time span from the month when the software service has 

been registered on the website of programmableweb until the end of the study (i.e., April 

2014). The second criterion considers the position of software services, which shows how 

important the software service is within the software service network. This is represented 

by the maximum frequency of use of a software service over its entire life. For both 

criteria, a threshold is set, indicating the minimum to be reached by software services for 

the fixed-effect linear panel regression. The two thresholds are referred to as age 

threshold and position threshold, respectively.  
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3.4 Results 

3.4.1 Descriptive statistics 

 

Table 3 depicts descriptive statistics about the collected data. The mean value of the 

explanatory variable x is a little bit higher than the average of the minimum value and the 

maximum value. This means that the number of software services that have been reported 

on the website have increased more recently. The maximum value of the normalized 

degree centrality is k = 490, which is represented in Table 3 as the variable log k = 2.69 

in Table 3. 

 

Table 3. Descriptive statistics and correlation results between variables 

Variable Mean 
Standard 

Deviation 
Min. Max. 

Correlation 

1 2 

1 
 

0.06 0.18 0.00 2.69 1.00        

2 
 

68.48 24.51 0.00 103 -0.17*** 1.00       

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

 

The correlation coefficients between the variables are also presented in Table 3. The 

coefficients show that the dependent variable log k (i.e., the logarithm of the normalized 

degree centrality) is not correlated with the explanatory variable x (i.e., the indexed time 
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period).  

 

3.4.2 Fixed-effect panel linear regression 

 

For identifying the best-fitting model, we investigated four models. In here, the degree 

of changes in the coefficient of determination (i.e., adjusted R
2
) is used as a measure of 

selecting the best fitting model, as this coefficient has commonly employed to measure 

the relative explanatory power of independent variables (Moksony, 1999). Actually, the 

standard error as a measure of goodness of fit can be preferred over the coefficient of 

determination, since the standard error represents the degree of fit in terms of the original 

metric of the dependent variable (Achen, 1982). However, as this presupposes 

homoscedasticity (Moksony, 1999), it is not appropriate to this research involving 

heterogeneity of individual. The models differ in the number of polynomials of 

explanatory variable x (i.e., in the number of n-th order terms of the indexed time period 

variable x) that are considered. Model 1 only includes the 1
st
 order term of variable x. 

Model 2 consists of the 1
st
 order and 2

nd
 order terms of variable x. While Model 3 only 

adds the 3
rd

 order term of variable x into Model 2, Model 4 includes also the 4
th
 order 

term of variable x. For each model, the fixed-effect panel linear regression is applied to 

the entire data set, and the regression results are presented in Table 4.  
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Table 4. Fixed-effect panel linear regression results for the four models and the entire data set 

 Model 1 Model 2 Model 3 Model 4 

 
-2.18E-03 *** -5.76E-04 *** 4.02E-03 *** 1.07E-02 *** 

(3.85E-05)  (1.71E-04)  (4.90E-04)  (1.09E-03)  

 
  -1.30E-05 *** -1.03E-04 *** -3.35E-04 *** 

  (1.36E-06)  (9.12E-06)  (3.50E-05)  

 
    5.13E-07 *** 3.55E-06 *** 

    (5.13E-08)  (4.46E-07)  

 
      -1.33E-08 *** 

      (1.95E-09)  

Adjusted R square 0.05 0.05 0.05 0.06 

Number of cases 59276 59276 59276 59276 

Number of services 1004 1004 1004 1004 

Number of periods 95 95 95 95 

Degree of freedom 58271 58270 58269 58268 

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

Note: standard errors are shown in parentheses. 
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Table 4 depicts that all variables in all four models are statistically significant. As the 

adjusted R
2
 is not significantly different in all models, it does not allow us to discard one 

of the models or choose one model over the other. Furthermore, the adjusted R
2
 is only 

less than 6% in all models. This low value of the adjusted R
2
 (i.e., low explanatory 

power) indicates that it is not appropriate to describe the life cycles of all software 

services with a similar shape. In other words, only some of the software services in a 

software service network might show a bell-shaped life cycle as do durable and tangible 

goods. This supports hypothesis H1. 

To identify the best-fitting model among the four models and to discuss hypothesis H2, 

first, the age criterion is applied to our empirical data. In order to understand the age 

effect of a software service, the analysis of the fixed-effect panel linear regression is 

executed for different age thresholds. The age threshold ranges from 1 to 104.  

The results of the regression analyses for the four models are represented in Figure 4. 

Figure 4 shows that the explanatory power significantly increases for each model, as the 

age threshold increases. Furthermore, all four models show similar trends. The adjusted 

R
2
 for all models reaches the optimum value, if the age threshold of software services is 

87 months. The corresponding values are 16% for Model 1, 18% for Model 2, and 19% 

for Model 3 and Model 4 (Figure 4, Table 5). 
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Figure 4. Adjusted R
2
 of the fixed-effect panel linear regressions for four models and 

different age thresholds 

 

In order to identify which of the four models is most suitable for identifying software 

services with bell-shaped life cycles and an age larger than 86 months (Figure 4), the 

fixed-effect panel linear regressions for all four models are discussed. The regression 

result is based on 21,107 cases, and the detailed results are depicted in Table 5.  

Table 5 shows that the 1
st
, 2

nd
, 3

rd
, and 4

th
 order terms are statistically significant in 

each model. The coefficients of the 1
st
 order terms of the indexed time period are positive 

except for Model 1. The coefficients for the 2
nd

 order terms are negative for all models.  

In Table 5, the measured values of adjusted R
2
 in all models are between 0.16 and 
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0.20. As these values are interpreted as relatively low from conventional perspectives, 

they may be regarded to be unsuitable for describing the data. However, there is no 

correct answer regarding which values are appropriate. Actually, each scholar has a 

different view on acceptable R
2
 value, and the expected R

2
 values may differ depending 

on the research field or purpose (Newman & Newman, 2000). For example, Falk and 

Miller (1992) presented that R
2
 values that are equal to or greater than 0.10 are adequate 

in a particular endogenous structure, while Hair, Ringle, and Sarstedt (2011) suggested 

that R
2
 values of 0.75, 0.50, or 0.25 are regarded as substantial, moderate or weak in 

marketing related issues, respectively. In addition, some research fields measuring 

constructs such as intelligence, attitude, beliefs and judgements of individuals involved, 

or personality disorders generally have expected in showing low R
2
 values (i.e., lower 

than 50%) (Newman & Newman, 2000). In this research, a constructed software service 

network for investigating information systems field is very similar to those research fields 

(Urbach & Ahlemann, 2010). For these reasons, it can be said that the measured adjusted 

R
2
 values are acceptable for describing the data.  

A change in adjusted R
2
 is 3%, as the 2nd order term of indexed time period is added 

to Model 1. The increase in the adjusted R
2
 is only 1%, as the 3

rd
 order term is added into 

Model 2, and it is 0% if the 4
th
 order term is added to Model 3. Based on these results, we 

can state that Model 2 is the most appropriate to describe the empirical data applied here, 

resulting in a concave shape of the curve. Therefore, with respect to the first part of 

hypothesis H2, it can clearly be concluded that the age of a software service is a 
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characteristic, which can help identifying software services with a bell-shaped life cycle.  
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Table 5. Results of the fixed-effect panel linear regressions for software services with an age equal or larger than 87 months (i.e., 

age threshold is 87 months) 

 Model 1 Model 2 Model 3 Model 4 

 

-3.36E-03 *** 2.58E-03 *** 1.31E-02 *** 1.89E-03 *** 

(5.21E-05)  (2.30E-04)  (6.29E-04)  (1.33E-03)  

 

  -5.34E-05 *** -2.82E-04 *** -5.00E-04 *** 

  (2.02E-06)  (1.28E-05)  (4.66E-05)  

 

    1.39E-06 *** 4.45E-06 *** 

    (7.70E-08)  (6.34E-07)  

 

      -1.42E-08 *** 

      (2.91E-09)  

Adjusted R square 0.16 0.19 0.20 0.20 

Number of cases 21107 21107 21107 21107 

Number of software services 223 223 223 223 

Number of periods 19 19 19 19 

Degree of freedom 20883 20882 20881 20880 

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

Note: standard errors are shown in parentheses.  
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For discussing the second part of hypothesis H2, the position criterion, identifying 

software services that have frequently been used for compositions, is applied to the 

empirical data. The position threshold specifies the minimum normalized degree 

centralities that software services need to have, in order to be included in the regression. 

Figure 5 illustrates the adjusted R
2
 of all models for different thresholds of the position 

criterion.  

 

Figure 5. Adjusted R
2
 of the fixed-effect panel linear regressions for four models and 

different position thresholds 

 

Figure 5 shows that the change of the explanatory power for Model 2, 3 and 4 exhibits 
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similar trends. The values of the adjusted R
2
 of these models grow in steps at position 

thresholds of 0.4, 1.3, 1.5, and 1.8. Only Model 1 shows a different trend with a much 

lower adjusted R
2
. The explanation power of Model 1 even falls after a position threshold 

of 1.8. Different to Model 1, the explanatory power of the other models increase as the 

value of position threshold increases. Due to these facts, it can be stated that Model 1 is 

not suitable for describing the usage trends of software service compositions.  

Furthermore, software services, which have been used by composite software services 

more often than the selected position threshold, can be considered to occupy a central 

position in the software service network. Those software services might hold a core 

position (i.e., high normalized degree centrality) or hub position (i.e., high normalized 

degree centrality and high normalized betweenness centrality) in the software service 

network (Kim et al., 2015).  

In order to discuss whether the position thresholds of 0.4 and 1.3 (Figure 5) are 

suitable for identifying software services with bell-shaped life cycles, the fixed-effect 

panel linear regressions for all four models are examined. Table 6 presents the details of 

the analysis results for the position threshold of 0.4, and Table 7 describes the analysis 

results for the position threshold of 1.3.  

 



59 

 

Table 6. Fixed-effect panel linear regression results for four models and position threshold 0.4 

 Model 1 Model 2 Model 3 Model 4 

 
3.17E-04 * 1.55E-02 *** 3.88E-02 *** 5.98E-02 *** 

(1.50E-04)  (5.62E-04)  (1.38E-03)  (2.77E-03)  

 
  -1.42E-04 *** -6.76E-04 *** -1.54E-03 *** 

  (5.09E-06)  (2.96E-05)  (1.03E-04)  

 
    3.35E-06 *** 1.59E-05 *** 

    (1.83E-07)  (1.46E-06)  

 
      -5.98E-08 *** 

      (6.88E-09)  

Adjusted R square 0.00 0.20 0.28 0.30 

Number of cases 3066 3066 3066 3066 

Number of services 31 31 31 31 

Number of periods 16 16 16 16 

Degree of freedom 3034 3033 3032 3031 

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

Note: standard errors are shown in parentheses. 
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Table 7. Fixed-effect panel linear regression results for four models and position threshold 1.3 

 Model 1 Model 2 Model 3 Model 4 

 
3.21E-03 *** 1.67E-02 *** 2.65E-02 *** 3.84E-02 *** 

(2.74E-04)  (9.33E-04)  (2.30E-03)  (4.55E-03)  

 
  -1.27E-04 *** -3.59E-04 *** -8.61E-04 *** 

  (8.55E-06)  (5.03E-05)  (1.74E-04)  

 
    1.47E-06 *** 8.94E-06 *** 

    (3.16E-07)  (2.50E-06)  

 
      -3.58E-08 ** 

      (1.19E-08)  

Adjusted R square 0.21 0.45 0.47 0.48 

Number of cases 501 501 501 501 

Number of services 5 5 5 5 

Number of periods 16 16 16 16 

Degree of freedom 495 494 493 492 

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

Note: standard errors are shown in parentheses.  
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Table 6 and Table 7 show that the coefficients of the 1
st
, 2

nd
, 3

rd
, and 4

th
 order terms of 

the indexed time period are statistically significant in each model. The coefficients of the 

1
st
 order terms of all models are positive. The coefficients of the 2

nd
 order terms are 

negative in every model that contains the 2
nd

 order term. With a 0.4 position threshold 

(Table 6), the adjusted R
2
 significantly increases from 0% for Model 1 to 20% for Model 

2. The differences in the adjusted R
2
 between Model 2 and Model 3 and between Model 3 

and Model 4 are 8% and 2%, respectively. These differences are relatively small 

compared to the previous difference value. With a 1.3 position threshold (Table 7), the 

adjusted R
2
 changes by 24% as the 2

nd
 order term of indexed time period is added to 

Model 1, but only by 2% and 1% as the 3
rd

 order term and 4
th
 order term is included, 

respectively. Therefore, Model 2 is the most suitable to describe the data filtered by both 

position thresholds (0.4 and 1.3), exhibiting a concave curve type. Based on these results, 

we can state that the position criterion (i.e., the frequency of creating composite software 

services) is a characteristic of a software service that helps to identify software services 

with a bell-shaped life cycle.  

For a position threshold of 1.3, only five software services have satisfied this 

condition. Those services are Google Maps, Flickr, YouTube, Twitter and Amazon 

eCommerce. From a company's perspective, it can be stated that services of influential 

companies are more often used than services of other companies. Thus, the position 

criterion can reflect the influential (power) of existing firms or sources. This result is 

coherent with results of an earlier study that investigated the trends of representative 
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software services (Kim et al., 2015).  

Considering the results of the regressions for a position threshold of 0.4 and 1.3, it can 

clearly be stated that the second part of hypothesis H2 is also supported. 

 

3.4.3 Estimation result 

 

Based on the regression analyses, Model 2 is clearly identified as the most appropriate 

model to explain our empirical data. The shapes of the curves are concave and bell-

shaped as indicated in life cycle theory. Based on the results of the fixed-effect panel 

linear regressions for software services that fulfill the age and position thresholds, the 

estimated curves for Model 2 are depicted in Figure 6.  
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Figure 6. Estimation curves using the estimated coefficients of model 2 

 

The three estimations using the identified thresholds show concave (bell-shaped) 

curves. The bell-shaped life cycle of old software services appears to be low in 

comparison to the other two life cycles. This is due to the influence of the number of 

software services considered for estimating the curve. The number of software services 

satisfying the age threshold is much larger (i.e., 223 of 1004 software services) than the 

number of software services based on position thresholds (i.e., 31 and 5 software services, 

respectively). The software services, which are frequently used for compositions, show a 

clear and high bell-shaped life cycle. In a software service network, these software 

services can be regarded as occupying central positions in the network. These software 
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services can be a significant source for service innovation and can play an important role 

as an innovator in the software service network. 

Furthermore, it is to be discussed that not all software services entering the software 

service network can approach to a central position. The software services, which do not 

show a bell-shaped life cycle, stay at peripheral positions within the network. They have 

been filtered out according to the set thresholds.  

 

3.4.4 Predicting the innovation power of software services 

 

The conventional method for predicting the innovation performance is to apply the 

Bass model. However, this model, which requires sales data from birth to maturity of the 

diffusion stage for estimating parameters, is not suitable for predicting success or failure 

of new products (Garber et al., 2004). In addition to this, it needs to be considered that 

software services are intangible goods, which can be reused. Thus, the sales of software 

service should reflect not only the sales of the service itself but also the resales of the 

service (i.e., software service reuses).  

In order to show the possibility of early prediction of innovation performance based 

on our analysis method, we propose a decision support system that uses data about the 

initial time period of the life cycle of a software service (hypothesis H3). The rationale 

behind the design of the decision support system is demonstrate that intangible goods, 

like software services, also follow a life cycle in the diffusion stage of the innovation 
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ecosystem. In addition to this, new software service innovation trends arising from an 

open service innovation can be detected through the identification of software service 

with a bell-shaped life cycle. The decision support system predicts software services with 

a high innovation potential. It comprises the following 7-steps procedure: 

Step 1. Setting the reference data set and the test data set: The empirical data 

are divided into two groups (i.e., Group 1 and Group 2) through random sampling. 

Group 1 data is used for calculating reference values (i.e., reference data set), and 

Group 2 contains data for testing (i.e., test data set). The test data is used for 

verifying the quality of our decision support system. 

Step 2. Determining the position threshold: For determining the position 

threshold, the fixed-effect panel linear regression is applied to Group 1 data. The 

position threshold is chosen based on the same procedure as shown in Figure 4. 

Using the position threshold determined, software services, which show a bell-

shaped life cycle (Subgroup 1a), and those that do not show a bell-shaped life cycle 

(Subgroup 1b) are classified. 

Step 3. Setting the initial time periods: As only a small number of data should 

be used for predictions, the data used for prediction is set to a few initial time periods 

of the entire time span of the software service. It is to be noted that, based on 

business considerations, the number of the initial time periods can be adjusted by 

software vendors.  

Step 4. Estimating linear functions based on reference data (Group 1): As the 
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number of initial time periods (i.e., 12 time periods) set is substantially small 

compared to the total number of time periods of a software service , the estimation of 

linear functions for both subgroups (Subgroup 1a and Subgroup 1b) is reasonable. 

Step 5. Calculating the estimation error for software services of Group 2: For 

analyzing the software services of Group 2, the first 12 time periods data of each 

software service (i.e., the usage data of the first year) is extracted. Using this data, 

the average sum of squared errors (ASSE, i.e., variance) is calculated for each 

software service in Group 2 on the basis of the two linear functions that were 

estimated in Step 4.  

Step 6. Classifying software services of Group 2: For predicting software 

services with a bell-shaped life cycle in Group 2, a decision criterion is defined. This 

criterion is determined based on the ASSE for the two linear functions described in 

Step 5. If the ASSE for the linear function based on Subgroup 1a is smaller than the 

ASSE for the linear function based on Subgroup 1b, a software service is allocated to 

Subgroup 2a (i.e., software services with a bell-shaped life cycle). If the ASSE for 

the linear function based on Subgroup 1a is equal or larger than the ASSE for the 

linear function based on Subgroup 1b, a software service is allocated to Subgroup 2b 

(i.e., software services without showing a bell-shaped life cycle). 

Step 7. Comparing the prediction results with the actual results: Finally, we 

check whether the prediction results for each software service of Group 2 match with 

the actual analysis results obtained from our earlier analyses of the entire data set. 
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By applying this 7-steps procedure, the following results have been obtained with our 

data set. In Step 1, the 1004 software services are divided into two groups through 

random sampling. Each group includes 502 software services, respectively. In Step 2, a 

position threshold of 0.4 is chosen. The estimation results for Group 1 data with a 

position threshold of 0.4 show that the coefficients of the 1
st
 and 2

nd
 order terms of the 

indexed time period are statistically significant (Table 8). In all models, the 1
st
 order terms 

are positive, and the 2
nd

 order terms are negative. The adjusted R
2
 sharply increases from 

1% for Model 1 to 21% for Model 2. The differences in the adjusted R
2
 between Model 2 

and Model 3 and between Model 3 and Model 4 are only 8% and 2%, respectively. These 

differences are relatively small. Therefore, Model 2 is selected to the best fitted model, 

and the curve type is concave.  
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Table 8. Fixed-effect panel linear regression results for Group 1 and position threshold 0.4 

 Model 1 Model 2 Model 3 Model 4 

 
7.12E-04 ** 1.80E-02 *** 4.56E-02 *** 7.29E-02 *** 

(2.28E-04)  (8.61E-04)  (2.14E-03)  (4.33E-03)  

 
  -1.61E-04 *** -7.88E-04 *** -1.90E-03 *** 

  (7.77E-06)  (4.55E-05)  (1.60E-04)  

 
    3.92E-06 *** 2.00E-05 *** 

    (2.81E-07)  (2.24E-06)  

 
      -7.59E-08 *** 

      (1.05E-08)  

Adjusted R square 0.01 0.21 0.29 0.31 

Number of cases 1676 1676 1676 1676 

Number of services 17 17 17 17 

Number of periods 16 16 16 16 

Degree of freedom 1658 1657 1656 1655 

Note: *** represents a statistical significance of p < 0.001; ** of p < 0.01; * of p < 0.05.  

Note: standard errors are shown in parentheses. 
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Based on the regression results, the 502 services of Group 1 are classified. 17 

software services have been identified to show a bell-shaped life cycle (Subgroup 1a), 

and 485 software services have been identified to show no bell-shaped life cycle 

(Subgroup 1b). In Step 3, the initial time periods that will be considered for the prediction 

is set to 12 time periods. In Step 4, the linear function for Subgroup 1a is estimated to 

ySG1a = 0.03174 xSG1a + 0.06847, and the estimated linear function for Subgroup 1b is 

ySG1b = 0.00034 x SG1b +0.0239. In Step 5, on the basis of the two linear functions of 

Step 4, the two ASSEs for each software service of Group 2 are calculated. In Step 6, the 

two ASSEs of each software service are compared. Based on the comparison results, the 

software services in Group 2 are classified into the two subgroups (i.e., Subgroup 2a and 

Subgroup 2b). In Step 7, for verifying the quality of the decision support system, the 

classification results are compared with the results obtained using the entire data set. 

Table 9 presents the comparison results. 
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Table 9. Comparison of the prediction results of our decision support system with the analysis results obtained for the entire data 

set (Table 6) 

 

Prediction Results Based on the Decision Support System (i.e., Results of 

Step 6 of the Procedure) 

Number of Services 
Software Services that were Detected 

to have a Bell-Shaped Life Cycle 

(Subgroup 2a) 

Software Services that were Detected 

to have no Bell-Shaped Life Cycle 

(Subgroup 2b) 

Actual 

Software 

Service 

Classification 

Based on 

Analysis 

Actual 

Software 

Services with a 

Bell-Shaped 

Life Cycle 

13 services (GoogleMaps, Flickr, 

del.icio.us, GoogleSearch, 

YahooGeocoding, GoogleAjaxSearch, 

AOLVideo, YahooMaps, Indeed, 

MicrosoftBingMaps, Last.fm, 

YahooImageSearch, GoogleAdSense) 

1 service 

(AmazonS3) 

14 services 

 



71 

 

Results for 

the Entire 

Data Set 

(Table 6) 

Actual 

Software 

Services with 

no Bell-Shaped 

Life Cycle 

16 services (GoogleAdWords, 

Ma.gnolia, BibSonomy, Blogmarks, 

Floobs, GoogleBooks, 

GoogleFriendConnect, LazyTune, 

Photobucket, ShareThis, 

SimplyHiredJobs, Spraci, Viddler, 

VideoSurf, X5min, Zooomr) 

472 services 488 services 

Number of Services 29 services 473 services 502 services 
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The results of our decision support system predict 29 software services to have a bell-

shaped life cycle (Subgroup 2a). Among those 29 software services, 13 software services 

have been identified through the analysis of the entire data set and only one software 

service has not been detected. This one software service, which is AmazonS3, had a too 

low re-use frequency at an early stage to be detected. Nonetheless, it has approached to a 

central position in the software service network later. Therefore, in summary, 13 out of 14 

software services with a bell-shaped life cycle have correctly been identified.  

The remaining 16 software services, among the 29 software services that are detected 

to show a bell-shaped life cycle, only showed a good performance at an early stage. These 

16 software services had not shown a bell-shaped life cycle according to our analysis 

results of the entire data set. Therefore, these software services were wrongly detected 

(i.e., false positives) as showing a bell-shaped life cycle by our decision support system. 

Concluding, the detection of these 29 software services shows that software services, 

which have quickly grown in the beginning, have a high potential to obtain a central 

position in the market later. This contribution is in alignment with research on early 

adopters that created significant linkages at an early stage and became significant players 

in the market later (Kumar, Novak, & Tomkins, 2010). 

Overall, the prediction rates are very high, considering that only a few time periods 

(i.e., 12 months) have been used. The prediction rate of the software services showing a 

bell-shaped life cycle is 92.9% (i.e., 13 out of 14 software services have accurately been 

predicted). Therefore, the rate of the false negative is 7.1%. With respect to the prediction 
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of software services with no bell-shaped life cycle, the prediction rate is 96.7% (i.e., 472 

software services were accurately predicted out of 488 software services that had not 

shown a bell-shaped life cycle according to the analysis of the entire data set). Therefore, 

the rate of the false positive is 3.3% (i.e., 16 out of 488), which is very low. 

Considering these high prediction rates, our decision support system can be very 

useful for stakeholders in the software service industry. The obtained results suggest that 

important software services (i.e., software services with a bell-shaped life cycle) within 

the software service network can be identified. These software services, which are 

detected showing a good performance at the beginning, contribute to the innovation life 

cycle. Therefore, this decision support system can help software vendors to decide on the 

usefulness of additional investments in their software services. Furthermore, the decision 

support system can assist developers to create successful software services by identifying 

and utilizing software services with innovation power in the software service network.  

 

3.5 Discussion 

 

To position our research, four major contributions need to be discussed: (1) some 

software services show a bell-shaped life cycle; (2) a multi-stage innovation life cycle 

research could be conducted with empirical data; (3) the analysis of the diffusion stage of 

the innovation life cycle shows how the position of individual, heterogeneous entities (i.e., 

software services) impact the entire innovation ecosystem, especially the development of 
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the next generation of software services; and (4) the innovation performance of software 

services can be predicted with data about a few initial time periods since the software 

service has been made available in the market. 

With respect to the first contribution, which comprises that frequently used software 

services and old services (i.e., services that stayed in the ecosystem over a long time) 

exhibit a bell-shaped life cycle in the diffusion stage to the innovation ecosystem, three 

implications are significant: (a) This contribution constitutes new knowledge, as software 

services are intangible goods, which had not been investigated in innovation theory yet. 

In particular, life cycle research can now be extended to intangible goods, based on the 

existing research for durable goods (Henderson & Clark, 1990); (b) Software services that 

are on the declining part of the life cycle still have the potential for being reused later. 

This is different to durable goods being on the declining part of their life cycle. Their 

production is stopped and they might even get replaced; (c) The majority of software 

services stay at the periphery of the software service network during the whole study 

periods. They could not be identified to contribute to the innovation in the software 

service network. The factors for a low adoption of a software service are manifold, 

ranging from low availability, missing accurate documentation, low service performance, 

inaccurate service level agreements, to no forums for users (Riggins, 2015). The majority 

of these factors are due to little financial backing of the software services through the 

software vendors (Riggins, 2015). As the success of a software service strongly depends 

on a financial backing, these software services cannot achieve their full potential. This 
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can be confirmed, investigating the following software services with a bell-shaped life 

cycle: Google Maps, Flickr, YouTube, Twitter and Amazon eCommerce. These software 

services had large financial resources available when they emerged in the market. 

Second, with our panel data about the evolution of software services within a software 

service network, we could explain all five stages of an innovation life cycle. Although 

innovation life cycle research that covers all stages has been considered essential and can 

provide more insight into an innovation ecosystem, it has not been actively conducted yet, 

especially due to the lack of empirical data (Jha & Bose, 2016). Our analysis that uses 

empirical panel data illustrates how each of the five stages from conceptualization (i.e., 

defining an idea pool consisting of existing software services and abstract ideas for 

composing new software services) via generation (i.e., implementing a few new abstract 

ideas as composite software services), adoption (i.e., capturing the degree centrality of 

each software service within the software service network), diffusion (i.e., observing the 

change of degree centrality of each software service within the software service network 

over time) to impact (i.e., measuring the position of the software service, which indicates 

the innovation performance, with respect to other software services within the software 

service network) can be measured and analyzed. This theoretical and empirical research 

significantly enhances traditional innovation theory through a more detailed 

understanding of the whole innovation life cycle. Until now, many existing studies have 

only considered a single stage of the innovation cycle and usually focused on the 

adoption stage or the diffusion stage which organizations are interest in (Jha & Bose, 
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2016). The research on conceptualization stage, generation stage and impact stage of the 

innovation life cycle has not been investigated in connection with the adoption stage and 

diffusion stage. Our results clearly show how the position of a software service with 

respect to other software services within the network (i.e., impact stage) affects the 

conceptualization stage and generalization stage of new software services. It demonstrates 

that the software service system is a dynamic system that evolves over time. 

Third, we conduct innovation research by investigating how individual, heterogeneous 

entities (i.e., software services) impact the entire innovation ecosystem. In particular, we 

analyze how these software services interplay with other software services of the software 

service network over time. The interplay between single software services forms a 

network structure, which represents the software service industry. The position of a 

software service in the network determines its impact on the development of next 

generation software services. As this constitutes a new way of looking at open service 

innovation, our work can be used as a foundation for further research on innovation 

processes among digital artifacts, as well as on deriving the overall performance of an 

industry from individual agents’ behaviors. 

Fourth, from a managerial perspective, our decision support system with data about a 

few initial time periods since the software service has been made available in the market 

allows predicting whether a software service will have a high innovation performance or 

will remain at the periphery of innovation. Software services with a bell-shaped life cycle 

will have a high innovation performance, and software services with a flat life cycle will 
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have a low innovation performance. This decision support system can be used twofold: 

(a) Software vendors of software services can use the decision support system, in order to 

make optimal investment decisions on their software services. On the one hand, software 

services, which have little potential to generate revenue in the market due to low 

innovation performance, can become costly for a software vendor. An early decision to 

stop further support for these software services can lower the cost and, therefore, increase 

the profit of the software vendor. On the other hand, an increase of investments in 

software services with a high innovation performance potential can help these software 

services to reach a central position in the software service market faster than other similar 

software services. These additional investments can be used for supporting further 

updates and functionality improvements of the software service; (b) Early identification 

of software services with high innovation performance potential can also have a 

significant impact on software vendors of other software services. The software vendors 

can use this information for their composition of a new software service, as software 

services with a low risk of failure can be identified through the information. Determining 

the service composition like this can affect the frequency of use of software services and, 

in turn, the structure of the software service network. This constitutes an interesting 

feedback loop. The impact could range from making successful software services even 

more successful (i.e., the rich get richer) to lasting longer (i.e., changing the bell-shaped 

life cycle of the software service). Less successful software services might face declining 

revenues and might have to be pulled off the market earlier than before. Consequently, the 
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structure of the software service industry might change. 

Such a decision support system for identifying software services with a high 

innovation performance is highly relevant, as platform ecosystems that focus on 

combining services of third-party software vendors seamlessly (e.g., Android, Force.com, 

Web2.0 services) are adopted by an increasing number of users and allow new software 

services to be developed very quickly. Furthermore, such a forecasting ability is 

important in quickly changing industries (Goldenberg et al., 2009), which the software 

industry belongs to. In addition to this, as sales of software services do not only depend 

on sales of the software service itself but also on its combined use with other software 

services, an accurate forecasting with existing decision support systems (e.g., Bass 

model) is hard to achieve (Garber et al., 2004). The existing models are not appropriate 

for capturing these co-development effects and require more data than only early stage 

life cycle data. Our decision support system for predicting future sales of software 

services, however, solves these shortcomings.  

 

3.6 Conclusion 

 

In the context of open innovation and service innovation, this paper investigates 

empirically the entire 5-stages innovation life cycle of software services with a focus on 

the life cycle pattern of software services in the diffusion stage. In particular, our model 

allows understanding how individual, heterogeneous entities (i.e., software services) 
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impact the entire innovation ecosystem and how their positions in the innovation 

ecosystem impact developments of the next generation software services. The results of 

this research help not only the software service industry but also related digital industries.  

With respect to our research on software service innovation in an open environment, a 

few significant differences to existing research are: (a) Software services are 

interconnected with other software services within a software service network; (b) 

Software services can be made available over a long time period with little cost, whereas 

durable and tangible goods are not produced at the end of their life cycle due to the high 

production cost.  

Our analysis using fixed-effect panel linear regression on Web2.0 software services 

revealed that each software service exhibits a different life cycle pattern. In particular, 

software services that stayed in the software ecosystem for a long time (i.e., old software 

services) or were frequently used show a bell-shaped life cycle. These software services 

have a high potential to approach a central position within the software service network 

(i.e., have a high innovation performance potential). The remaining software services, 

which stay at the periphery of the software service network, do present a flat life cycle.  

Furthermore, based on the analysis results, we propose a decision support system, 

which identifies software services with a bell-shaped life cycle through data on a few 

initial time periods since the release of the software services into the market. With the 

help of this decision support system, software vendors can accurately determine the 

investments in their software services. 



80 

 

The limitation of our research is that our data set represents only a specific type of 

software services, namely Web2.0 services. Thus, our research could be extended to 

consider a different type of software service network (e.g., a business software services 

network like Salesforce.com). Furthermore, future research could address changes in 

software service networks caused by actual investments in software services.  
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Chapter 4. A New Social-Network-Analysis-

Based Model for Identifying Evolutionary 

Patterns of Products at Product-Level 

4.1 Introduction 

 

As technologies advance at an unprecedented pace, the market changes rapidly. Firms 

have released new products frequently and continuously, and consumers are looking 

forward to new products being launched. Each new product model (e.g., a smartphone 

model) is the result of innovation, and product evolution (e.g., the evolution of 

smartphone models) represents the accumulation of innovations of product models within 

a product category over time. For this reason, product evolution can be described through 

changes of product models.  

Products are the results of combining dominant and state-of-the-art technologies 

(Tripsas, 2008). In addition, as firm’s established routines have been reflected in products 

(Nelson & Winter, 1982), the development of industry can be monitored through the 

changes in products. However, almost all existing research on product evolution have 

been conducted at firm-level or sector-level (Meyer & Utterback, 1993; Otto & Wood, 

1998; Iwai, 2000; Ma & Nakamori, 2005), despite the necessity of research on product-

level (Yoon et al., 2014). Furthermore, previous methods for investigating product 

evolution (e.g., methods used in Khanafia and Situngkir (2006) and Valverde and Solé 
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(2015)) are insufficient to explain evolutionary patterns of products. Most of these 

methods are static, even though evolution, by definition, is a dynamic and relation-

oriented concept.  

Thus, this study addresses these two shortcomings by suggesting a new model, which 

focuses on the relationships between products over time, allowing a new way of 

describing product evolution. The method applied is social network analysis over time, 

which captures information on interactions between agents and changes of the 

relationships over time (Berger-Wolf & Saia, 2006). Furthermore, social network analysis 

allows visualizing the evolutionary patterns depending on time.  

The objective of this research is to suggest a new social-network-analysis-based 

model for describing product evolution and to verify this model empirically. Following 

the research objective, two research questions are raised: (RQ6) What is the model to 

describe product evolution at product-level? (RQ7) Can the suggested model describe 

actual product evolution properly? (RQ8) Do market leaders, which basically follow their 

own innovation, apply an imitation strategy also?  

To answer the first research question (RQ6), the similarities between products are 

measured, showing the relationship between products. A similarity threshold is set for 

identifying the evolutionary patterns within a constructed product network. For answering 

the second and third research questions (RQ7 and RQ8), a real product network is 

constructed with data about smartphones that have been sold in the Korean market from 

2010 to 2015. The data includes products launched by four major firms: Apple, Samsung 
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Electronics, LG Electronics, and Pantech. In our product network, each node represents a 

smartphone model, which is defined through its features, and all nodes are arranged by 

the release date order of each product. An edge between two nodes represents the 

existence of a similarity between two smartphones.  

The analysis results of the empirical data show that the evolutionary patterns of 

smartphones can be expressed at product-level and identified through visualization. In 

detail, within our constructed product network based on products and relationships 

between products, the inter-firm and intra-firm evolutionary patterns of products can also 

be observed at the same time. This helps understanding strategies of firms. In addition, 

products, which play an important role in the evolutionary process, can be revealed 

through the analysis of network characteristics (i.e., degree centrality). An evolutionary 

process is a process that adapts and evolves over time, representing the development of an 

industry through the launched products. 

There are a few implications based on our results. From an academic perspective, the 

research on product evolution can be extended to consider the product-level and to take 

into account dynamic properties. From a managerial perspective, it can help managers or 

decision makers to: (i) monitor the impact of existing products in the evolutionary 

process; (ii) identify the overall evolutionary patterns of products and the inter-firm and 

intra-firm evolutionary patterns of products at the same time; and to (iii) establish 

strategies for the development of new products based on the understanding of other firms' 

strategies. 
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The remainder of this paper is organized as follows. In Chapter 4.2, the theoretical 

background related to our work is reviewed. The new model is described in Chapter 4.3. 

In Chapter 4.4, the empirical analysis and its results are presented. Finally, in Chapter 4.5, 

after discussing the applicability of our model and our findings, we conclude this study 

with a summary.  

 

4.2 Theoretical backgrounds 

4.2.1 Firm’s behavior in an evolutionary process of products 

 

In an evolutionary process of products, firms can select various strategies for 

surviving in the market. Product innovation is one of the representative strategies for 

survival of firms, and it helps firms occupy an advantageous position in the market 

(Christensen, 2013; Chandy & Tellis, 1998; Sood & Tellis, 2005). Different to product 

innovation, imitation is a common strategy, in which firms copy the most advanced or 

popular product in order to meet the consumer needs (Nelson & Winter, 1982; Iwai, 

2000). If a product succeeds in the market, some features of the product will significantly 

affect products to be released in the next generation. In other words, through imitation, a 

feature considered as a success factor is highly likely to appear in the product of the next 

generation (Rivkin, 2000). Since innovation costs are higher than imitation costs 

(Lieberman & Montgomery, 1988), the imitation strategy diminishes risks on innovation 

of firms, and firms can have more opportunities to develop new products. Thus, firms that 
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adopt the imitation strategy are more likely to survive in the market. 

Furthermore, in the evolutionary process of products, firms’ routines play an 

important role (Knight & Cavusgil, 2004). A firm’s routine is regular and predictable 

behavior patterns of firm, and it has a characteristic of being transferred within a firm 

(Nelson & Winter, 1982). As the routine of each firm has been built on experience and 

accumulated over a long time period, it is hard to be imitated by other firms (Nelson & 

Winter, 1982; Dierickx & Cool, 1989; Day, 1994; Cohen et al., 1996). In this context, the 

unique routine of a firm is inherent in the product models that the firm develops and 

releases, which becomes the strategic foundation of that firm. For this reason, product-

level research on product evolution is not only essential for identifying the evolutionary 

patterns of products but also to understand the internal behaviors of firms (intra-firm 

evolutionary patterns) and the interaction between firms (inter-firm evolutionary patterns). 

 

4.2.2 Theories of social network analysis for suggesting new 

model 

 

Though social network analysis has been applied to various study fields, research 

regarding product networks has not much been conducted yet. An existing product 

network is constituted through the extraction from customer-product relationships (Kim, 

Kim, & Chen, 2012). This type of product network focuses on the transaction data and 

does not consider changes over time.  
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Knowledge base is defined as a complex due to the possibilities of combining various 

technologies, in which diverse competences for innovation activity are required (Maleki, 

Rosiello, & Wield, 2016). In this context, a product is an output of innovation activity, 

and the technologies (features) composing a product can be represented as the knowledge 

base. The investigation for the knowledge base is important to comprehensively 

understand the innovative dynamics within sectors (Malerba, 2006). In addition, the 

change in knowledge and knowledge base is a significant factor for identifying the 

industrial evolution (Malerba, 2006). However, checking those changes over time is very 

difficult in the case of a single sector and across sectors (Maleki et al., 2016). One of the 

major limitations of innovation studies is that the innovation patterns according to time 

have been revealed from average behaviors of observations over time (Maleki et al., 

2016). 

In this research, thus, features embedded in a product indicate the knowledge base, 

and the time dimension is considered for the analysis of dynamics. Furthermore, the 

various kinds (e.g., information, knowledge, ideas, or technology) of flow or exchange 

between nodes can be investigated through the links within a network (Borgatti & Halgin, 

2011). For these reasons, a new approach for constructing a time-dependent product 

network is suggested, and further analyses for identifying innovation patterns are 

implemented. Successful innovation is obtained from the combination and recombination 

of knowledge dispersed in various domains, which continuously increases the complexity 

of a system (Maleki et al., 2016). As this fact means that investigating the intensity of 
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interaction occurred within a network is also important, a similarity index between 

products has been introduced into this model. 

A component of a network is a maximal connected subgraph in the network, and it 

can help to investigate phenomena such as learning, diffusion, or contagion by tracking 

the linkages between nodes through paths (Jackson, 2010). To utilize a component can be 

a good method for studying network evolution (Borgatti & Halgin, 2011). Thus, the 

component concept is applied in order to develop a model for product evolution. In a 

suggested product network for identifying evolutionary patterns of products, a node is 

defined as a product composed of various technologies (features), and links between any 

two nodes represent relationships between products based on the similarity of embedded 

technologies. A similarity value between two products is used as the weight of the link 

between the two products. An evolutionary process of products is represented by tracking 

the connections between nodes according to the chronological order of relationship. 

Therefore, the suggested network is a directed and weighted graph, and dynamics can be 

illustrated as the change of patterns over time and the strength of link. 

In our product network, in-degree centrality and out-degree centrality need to be 

distinguished, as the constructed network is a directed graph. They have different 

meanings from an evolutionary perspective, respectively. In-degree centrality can help 

identifying whether new products imitate features of existing products and the extent of 

imitation. Out-degree centrality can show whether existing products affect the next-

generation products. For this reason, those node degree centralities have been applied to 
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the proposed product network for identifying meaningful product models that contributed 

to the evolution of the product category. In-degree centrality (DCin) and out-degree 

centrality (DCout) of each product model (Pi) are measured through the following 

equations (Freeman, 2004):  

 

  ·············································································· Eq. (4)  

 

where 

Pi: the analyzed product; 

Ph: another product launched before the release of Pi; 

: the number of links from Ph to Pi. 

 

  ············································································· Eq. (5)  

 

where 

Pj: another product launched after the release of Pi; 

n: total number of products in the product network of a product category; 

: the number of links from Pi to Pj. 
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4.3 Methodology 

4.3.1 Similarity measure 

 

Products evolve through an incremental innovation or a radical innovation. If a 

product has been developed undergoing an incremental innovation, it is similar to the 

previously released products and, especially, has the highest similarity with a product 

being released just before. If a product goes through a radical innovation in the process of 

evolution, however, its similarity with the previously released products is considerably 

lower. For these reasons, considering similarities between products is reasonable for 

detecting innovation patterns occurred in the evolutionary process of products.  

For measuring similarities between products, the Jaccard index has been chosen. 

Among various indices, the Jaccard index has widely been used and is a useful statistic 

method, measuring the overlap of features of two different elements (Goodall, 1966; 

Birks, 1987). In addition, this index is suitable for describing the evolutionary phenomena, 

as it has generally been utilized in the biology fields (Choi, Cha, & Tappert, 2010). In our 

model, the Jaccard index is measured as follows:  

 

   ········································································· Eq. (6)  

 

where Pi and Pj are two different products. While │Pi∪Pj│ represents the number of 

features which are in Pi or Pj, │Pi∩Pj│ denotes the number of features which are in 
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both Pi and Pj. The maximum value of similarity is 1 and the minimum value is 0.  

 

4.3.2 Product network construction 

 

To identify evolutionary patterns of products, a product network for a product 

category is constructed. In this network, a node denotes an individual product, and each 

product is defined through its representative features that all products of the product 

category have. As all nodes are ordered based on the release date of the product, a link is 

directed. A link between two nodes indicates a similarity between these two products, and 

the weight of a link depends on the similarity value derived from the Jaccard index. 

 

4.3.3 Threshold for identifying evolutionary patterns 

 

In our research, a threshold is used for distinguishing an incremental innovation from 

a radical innovation in the evolutionary process of products. The threshold is determined 

by utilizing the concept of a component that is defined as a maximal connected subgraph 

in a network (Jackson, 2010). The evolutionary patterns of products can be identified by 

analyzing the linkages between nodes within a component or through the disconnections 

between nodes of different components.  

On the one hand, products belonging to the same component have evolved through an 

incremental innovation. These products show strong dependencies, indicating that the 
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features of a product and the next product did not change much. On the other hands, the 

disconnection between nodes of different components indicates a radical innovation. 

These components can be identified due to the low similarity between the products 

included in the different components. In other words, the features among products 

belonging to each component are considerably different. 

From the perspective of product evolution, each product basically evolves going 

through gradual changes (i.e., an incremental innovation), as all products have delivered 

some of their features to the next generation. In this context, it can be assumed that all 

products within a product category have some common features. Thus, based on the 

similarity measure defined, all products are fully connected, and the number of 

components in a product network is 1. However, if the number of components is 1, the 

analysis of the evolutionary patterns of products would not be able to distinguish between 

incremental and radical innovation. Although it is important to investigate gradual 

changes, we also want to investigate radical changes, as they have a greater impact on 

evolution than incremental innovation. The idea of this simultaneous analysis follows 

Wagner and Rosen (2014), who stated that both types of innovation. Therefore, finding an 

appropriate threshold is required for covering both innovations and describing the 

evolutionary patterns.  

Applying a threshold to the whole product network, the network is divided into 

several components. Among these components, a single component may appear dominant 

compared with other components, or all components may appear similar. The former 
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means that one component has a major impact on the evolutionary process, and the latter 

indicates that all components have similar effects on product evolution. Furthermore, 

products playing an important role in the evolutionary process can be identified by 

measuring network characteristics. 

 

4.3.4 Overall framework 

 

Our research model is time-dependent (i.e., a dynamic model) and implements the 

framework shown in Figure 7. The five steps of the framework comprise: First, the data 

related to products is gathered and then arranged over time; Second, similarities between 

products are measured; Third, the adjacency matrix is generated based on the similarities; 

Forth, a product network is constructed; Finally, a threshold is determined and applied to 

the product network for illustrating the evolutionary patterns of products. 
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Figure 7. Overall framework 

 

The detailed process for constructing adjacency matrix from collected data for our 

analysis is depicted through an example in Figure 8. The columns of the data table show 

the different product models, while the rows of the data table contain the attributes and 

their values for each product model. Based on the data table, the similarity matrix is 

calculated. In turn, the similarity matrix is used to construct the adjacency matrix. 
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Figure 8. Process for constructing adjacency matrix 
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The value of the adjacency matrix is 1, if the similarity value J(Pi, Pj) (i.e., the Jaccard 

index) between two products Pi and Pj is larger than 0, or 0 otherwise. This calculation of 

the adjacency matrix (not considering the weights) can be expressed as follows:  

 

  ························································ Eq. (7)  

 

4.4 Application of the model to empirical data 

4.4.1 Data 

 

Since smartphones are rapidly evolving products and are the result of the integration 

of various technologies, they are suitable to demonstrate the evolutionary patterns of a 

product category. The data about smartphones that have been sold in the Korean market 

have been gathered from the official websites of smartphone manufacturers and an online 

shopping mall. The official websites of the manufacturers are Samsung Electronics, LG 

Electronics, Pantech, and Apple. The online shopping mall is Danawa.com, one of the 

representative websites for selling digital devices in Korea. The collected data are about 

products that had been sold from 2010 to 2015. The data include products that had been 

released between 2007 and 2015. Under these conditions, the data about 155 smartphones 

are considered for our analysis. It covers information on the manufacturer, release date of 

each product, and the technological features of each product. The representative 14 

features of smartphones are selected based on previous research (Kivi, Smura, & Töyli, 



96 

 

2012; Garcia-swartz & Garcia-vicente, 2015), which are described in Table 10. It is to be 

noted that this list of features could be extended to include properties of software 

applications and platforms. 

 

Table 10. Description of representative smartphone features 

Smartphone Feature Description of the Feature Unit 

Mobile Telecommunication 

Technology 

Name of technology used for cellular 

communication (e.g., third generation, 

fourth generation) 

 

Display Size Physical size of the screen  Inch 

Application Processor 

Chipset (AP chipset) 

Performance of the main chipset of a 

smartphone, which executes the 

operating system 

Gigahertz (GHz) 

Random Access Memory 

(RAM) 

Amount of main memory, to which 

read and write operations can be 

directed 

Megabyte (MB) 

Operating System (OS) Name of system software of a 

smartphone (e.g., iOS, Android) 

 

Volume Case size described through three 

dimension of the smartphone (i.e., 

width x height x depth) 

mm
3
 

Weight  Weight of the smartphone Gram 

Battery Capacity Amount of electric charge of the 

smartphone battery 

Milliampere Hour 

(mAh) 
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Camera Pixel Resolution of the camera Million Pixel 

Read-Only Memory (ROM) Amount of non-volatile read-only data 

storage 

Megabyte (MB) 

Touch  Existence of a touch screen  Binary Value (0 or 1) 

Bluetooth Existence of Bluetooth technology Binary Value (0 or 1) 

Wi-Fi Existence of Wi-Fi technology Binary Value (0 or 1) 

Global Positioning System 

(GPS) 

Existence of GPS hardware Binary Value (0 or 1) 

 

Among the 14 features that have been identified in previous research, Touch, Global 

Positioning System (GPS), Wi-Fi, and Bluetooth can be considered as basic properties 

that most smartphones have retained. In the collected data, products containing the 

features of Touch, GPS, Wi-Fi, and Bluetooth are 97.76 percent, 98.21 percent, 97.76 

percent, and 100 percent, respectively. Furthermore, the portion of smartphones having all 

of these four features is 95.07 percent. Thus, considering each of those four features as an 

individual feature would make the minimum value of similarity high, reducing the range 

of potential similarity values. For this reason, we treat those four features as one feature 

and, therefore, only 11 features are used for describing each product in our data set. Based 

on these 11 features, the evolutionary patterns of smartphones have been investigated. 
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4.4.2 Analysis 

 

155 products are arranged in chronological order according to the release date of 

products. The first product launched is SPH-M4650 and has been released by Samsung 

Electronics on October 2007. The latest product, Galaxy S6 edge, has been introduced by 

Samsung Electronics on May 2015. Based on the Jaccard index for measuring the 

similarity and generating the adjacency matrix, our smartphone network is formed. In the 

smartphone network, a node represents an individual smartphone model, and a link 

indicates the similarity between two neighboring smartphones arranged chronologically.  

In the product network, the components, which depend on the similarity threshold 

applied, are analyzed. In particular, we focus on the components that are composed of 

two or more nodes. In other words, components, which consist of a single node only, are 

not useful in this research, as the relationship between products of a component needs to 

be analyzed. The characteristics of the smartphone network for different similarity 

thresholds are represented in Table 11.  
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Table 11. Characteristics of smartphone network 

Smartphone Network for Different Similarity Thresholds 

Similarity threshold 0.18 0.27 0.36 0.45 0.55 0.64 0.73 0.82 0.91 

Number of components 1 1 1 2 10 38 97 126 137 

Number of nodes 155 155 155 155 155 155 155 155 155 

Number of links 9831 6194 3480 1717 732 223 89 38 24 

Smartphone Network with More than One Node for Different Similarity Thresholds 

Similarity threshold 0.18 0.27 0.36 0.45 0.55 0.64 0.73 0.82 0.91 

Number of components 1 1 1 1 4 16 31 19 12 

Number of nodes 155 155 155 154 149 133 89 48 30 

Number of links 9831 6194 3480 1717 732 223 89 38 24 
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In order to determine the appropriate smartphone network for the analysis, 

smartphone networks with more than one component that contents more than one node 

are considered. The first appropriate smartphone network is the one with a similarity 

threshold of 0.55 (Table 11). If the similarity threshold is increased further, the number of 

components also increases. However, at the same time, the number of components with 

one node only increases as well. Consequently, the smartphone network considered for 

the analysis is the one with a similarity threshold of 0.55. 

 

4.4.3 Evolutionary patterns of smartphones 

4.4.3.1 Radical innovation vs. Incremental innovation 

 

The smartphone network that emerged from applying the similarity threshold of 0.55 

is presented in Figure 9. The higher the similarities between products are, the thicker the 

links are represented. The number of components is 4. Among these components, 

components 1, 2, and 4 are composed by products of a single company, and the number of 

products (i.e., the number of nodes) included in each component is 4, 2, and 13, 

respectively. Component 3 contains 130 products that have been released by all four firms. 
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Figure 9. Smartphone network obtained by applying the similarity threshold of 0.55  
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On the one hand, products belonging to a single component have evolved through 

incremental innovation. We can explain incremental innovation through an example of 

two product models, KH5200 and SHW-M100S, which are part of component 3. The 

evolution from KH5200 to SHW-M100S can be noticed through the increase of RAM 

from 256MB to 384MB among various features.  

On the other hand, a disconnection between two different components can indicate the 

existence of a radical innovation. In Figure 9, a gap between component 1 and 

components 3 can be interpreted as the occurrence of a radical innovation. In detail, the 

differences between products of those components are the display size, AP chipset, RAM, 

battery capacity, camera pixel, and ROM. The display size was increased, and the 

performances of AP chipset, RAM, battery capacity, camera pixel, and ROM were 

improved. As a result of these differences, the similarity became low, which indicates a 

radical innovation. 

 

4.4.3.2 Intra-firm evolutionary pattern vs. Inter-firm evolutionary pattern 

 

Through the product network of Figure 9, the inter-firm and intra-firm evolutionary 

patterns can also be analyzed. The inter-firm evolutionary patterns through products can 

provide information on whether a firm imitates other firms' innovation or whether a firm 

diffuses its innovation. The intra-firm evolutionary patterns through products can 

represent the extent to which a firm depends on its routine.  
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Component 2 and component 4 are only composed of products released from Apple, 

respectively, which can describe the intra-firm evolutionary pattern of Apple. Apple 

shows a unique evolutionary pattern compared with other firms. That means Apple 

follows its own routine more strongly than any other firms for its product development. 

Moreover, as we focus on products released from Apple, two disconnections between 

components also can describe the intra-firm evolutionary pattern of Apple. In detail, the 

disconnection between component 2 and component 3 is caused by the differences of AP 

chipset, RAM, battery capacity, camera pixel, volume, and weight. The disconnection 

between component 3 and component 4 is due to the differences of the display size, AP 

chipset, RAM, battery capacity, volume, and weight.  

However, iPhone 4 and iPhone 4S show an exceptional pattern. They are included in 

component 3 and connected to products of other firms. In detail, iPhone 4 affected two 

products of Samsung Electronics, SHW-M240 and SHW-M220. The influence can be 

recognized through the decrease of display size and the performance degradation of AP 

chipset. iPhone 4S was influenced by a product of LG Electronics, SU660. The influence 

came from the performance improvement of AP chipset and camera pixel. These 

interactions between Apple and other firms indicate the inter-firm evolutionary pattern of 

Apple.  

Component 3 consists of products launched from all four firms, where most of the 

products are from Samsung Electronics, LG Electronics, and Pantech (Figure 9). In 

addition, while products released from Pantech have many links with products launched 
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from other firms, products released from Samsung Electronics and LG Electronics show 

many and strong links between the products launched from the same firm, respectively. 

These facts reveal two kinds of evolutionary patterns. First, in order to develop new 

products, Samsung Electronics and LG Electronics are more depend on their own routine 

than Pantech. Second, Pantech mainly contributes to product evolution through the 

imitation of other firms’ innovation.  

 

4.4.3.3 Identification of important products in the evolutionary process 

 

In order to investigate further in detail these intra-firm and inter-firm patterns, we 

calculate the in-degree centrality and the out-degree centrality. The in-degree centrality 

helps identifying products that imitate features of existing products. The out-degree 

centrality indicates products that influence the design of products that are released later  
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Figure 10. Centralities of smartphones in the smartphone network, in particular,   

(a) the in-degree centrality and (b) the out-degree centrality 

 

Figure 10 shows the calculation results of two kinds of degree centralities (i.e., in-

degree centralities and out-degree centralities) for identifying some products that play a 

significant role in the evolutionary process. Products are chronologically ordered and the 

four firms are highlighted in different colors. In Figure 10(a), a product having the 

highest value of in-degree centrality is IM-A725L (i.e., node 46) released from Pantech in 
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June 2011. This supports the previous result that Pantech contributes to product evolution 

by imitating the innovation of competitors.  

In Figure 10(b), products that show a high out-degree centrality are SHW-M110S (i.e., 

node 21), SHV-E330K (i.e., node 96), LU2300 (i.e., node 20), and F240K (i.e., node 88). 

Those products were released on June 2010, June 2013, May 2010, and February 2013, 

respectively. The former two products were launched from Samsung Electronics, and the 

latter two were introduced by LG Electronics. Furthermore, Figure 10(b) indicates that 

Samsung Electronics and LG Electronics have contributed relatively much to the 

diffusion of their innovation than other firms.  

 

4.5 Discussion and conclusion 

 

We have suggested a novel method for identifying evolutionary patterns of products 

more effectively and easily and have also demonstrated its working through real data 

about smartphones. Our method is based on social network analysis, which facilitates 

identifying the relationships among products over time and the network structure.  

In detail, there are four major results needed to be discussed: (1) a new method for 

describing product evolution at product-level; (2) the demonstration of the effectiveness 

and applicability of the method through empirical data about smartphones; (3) 

simultaneous observation of the inter-firm and intra-firm evolutionary patterns; and (4) 

the identification of products with an important role in the evolution process through the 
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analyses of network characteristics. 

First, the new method for describing product evolution at product-level is based on the 

features of the product. A product is defined through a set of features that all products of a 

product category have. The evolutionary patterns over time are revealed through the 

similarities of features among products within a constructed product network.  

Second, the effectiveness and applicability of our method has been validated by the 

data about smartphones that have been released in the Korean market. The resulting 

product network that is based on the data shows evolutionary patterns of products clearly 

through visualization. Based on these results, it can be stated that this method is suitable 

to investigate product evolutions at product level in general and, therefore, can be 

extended to other product categories. 

Third, in the product network, all products are classified into components based on a 

similarity threshold. Each component consists of one or more products which have been 

released from a single firm or from various firms. From the evolutionary patterns 

identified in the smartphone network, it is revealed that Samsung Electronics, LG 

Electronics, and Pantech basically follow their own routine and have been co-evolving 

through benchmarking each other (e.g., component 3 shows many linkages among 

products released from those three firms (sub-chapter 4.4.3.2)). However, Apple shows a 

unique evolutionary pattern compared with other firms. Apple follows its own routine 

very strongly compared with any other firms for product evolution (e.g., component 2 and 

component 4 only consist of products released from Apple (sub-chapter 4.4.3.2)). 
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Nonetheless, our result shows that Apple recognizes the need for interaction with other 

firms in order to survive in a smartphone ecosystem (e.g., component 3 indicates products 

released from Apple have linkages with products released from other firms (sub-chapter 

4.4.3.2)). 

Fourth, some smartphones, which play a significant role in the product evolution, are 

identified through network characteristics. The characteristics used in this research are in-

degree centrality and out-degree centrality. In-degree centrality helps identifying whether 

the new product imitates the features of the existing products, and out-degree centrality 

shows whether existing products affect products that have been released later. Our 

analysis shows that a product released from Pantech has the highest value of in-degree 

centrality. This fact means that Pentech contributes to product evolution by imitating the 

innovation of its competitors. Products with high out-degree centralities are the products 

of Samsung Electronics and LG Electronics. This can be interpreted that Samsung 

Electronics and LG Electronics have contributed to the diffusion of innovation.  

From the results described in third and fourth, the answer regarding the research 

question (RQ8: Do market leaders, which basically follow their own innovation, apply an 

imitation strategy also?) is presented. While firms, which have not been considered as 

market leaders, generally prefer to imitate other firms' strategies, market leaders, which 

basically follow their own innovation, apply an imitation strategy temporarily when 

needed.  

There are some implications based on our analysis results. From an academic 
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perspective, the research on product evolution can be extended to the product-level. 

Previous research has analyzed product evolution at the firm-level, since it is directly 

related to a firm’s capability and profit. Differently from previous research, we have 

shown that, through product-level analysis, the overall patterns of product evolution can 

be identified and a firm’s behavior can be detected. This indicates facts explained through 

results of firm-level analysis also can be revealed through product-level analysis. 

Furthermore, our method can be extended to country-level research by adding features 

related to the country, if the global market is targeted. This model takes into account 

dynamic properties by sorting products in chronological order. Thus, it overcomes the 

limitation of previous product evolution research that ignored time information.  

From a managerial perspective, our research can help managers or decision makers in 

four aspects. First, they can monitor the impact of existing products on the evolutionary 

process more easily. Since our product network shows products and their relationship 

over time, the position of products can easily be identified. Our product network also 

presents the influence of existing products, as it provides the information on the strength 

or frequency of relationship between products. Therefore, products which have 

contributed to the product innovation in the evolutionary process can be identified.  

Second, decision makers can identify the overall evolutionary patterns of products and 

the inter-firm and intra-firm evolutionary patterns of products at the same time. Those 

patterns allow seeing the development of an industry at a glance. This also helps 

recognizing the various phenomena that can occur in the evolutionary process of products. 
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The inter-firm evolutionary patterns provides information on what strategies a firm takes 

with respect to product development, based on relationships between products launched 

by different firms. The intra-firm evolutionary patterns show the extent to which product 

innovation takes place within the firm. It considers relationships between products 

launched by the same firm.  

Third, our research helps establishing strategies for new product development based 

on the understanding of other firms' strategies. As our suggested method provides 

information about what strategy a firm chooses for the next product development, it can 

be used as a tool to investigate and understand strategies of competitors. 

Finally, decision makers also can respond to the market change rapidly and 

strategically by comparing the components in a constructed product network. For 

example, if a new component just started in the near future, it can be expected that a 

radical innovation is occurred. Thus, firms can take actions for developing a totally new 

product, such as changing the product design, adopting the new technology, or investing 

in R&D activity. In addition, if a major component is likely to maintain for the next few 

generations, firms will release new products with small changes that reflect consumer’s 

needs or trends at that time. 

The limitation of this research is that the data only reflects the Korean smartphone 

market. The research could be extended to the global market and could also be applied to 

different product categories. This way, the effectiveness of the suggested new model 

could be proved in various markets. Furthermore, as this research is conducted on 
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product-level by focusing on the features of products, the market share of products, which 

represents the dominance of products in the market, could also be described as a feature. 

Therefore, future research could consider the market share of products and the features of 

products jointly.  
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Chapter 5. Concluding Remarks 

5.1 Summary 

 

The objective of this dissertation is to investigate innovation trends represented in 

new and evolving environments. The development of Internet and information technology 

has led to an open environment, in which new knowledge has been created through the 

utilization of existing resources. Moreover, as the product life cycle becomes shorter and 

shorter due to the rapid technology advancement, new products have been introduced in 

the market more frequently than before. However, previous studies on innovation are not 

sufficient to describe these changes appropriately. In detail, the research on new trends 

coming from open innovation has not much studied yet, and many researches on product 

innovation have limitations to address an evolving environment. For closing the research 

gap and supplementing previous research, this dissertation suggests models based on 

social network analysis. These models, which allow the investigation of network structure, 

are suitable to reflect dynamic properties and to identify innovation opportunities.  

The suggested models in two studies composing this dissertation are related to 

software services and smartphones, respectively. The first model focuses on individual 

software services, which are freely accessible and can be reused for developing a new 

composite software service, and investigates innovation performance of software services. 

In detail, how the position of an individual and heterogeneous software services 
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influences the entire innovation ecosystem and how the network impacts the development 

of new composite software services are analyzed by applying social network analysis and 

a fixed-effect panel linear regression model. The key findings of the first study are as 

follows: (1) each software service exhibits different life cycle pattern in the diffusion 

stage of the innovation life cycle; (2) a software service, which stays in the ecosystem for 

more than 87 months or has frequently been used, shows a bell-shaped life cycle; and (3) 

the innovation performance of software services can be predicted with data about a few 

initial time periods through a newly developed decision support system.  

The second model focuses on product features that define a product of a product 

category and represent technological innovation. This new model contributes to identify 

evolutionary patterns of products effectively and easily. The model is designed for 

reflecting dynamics represented in the evolutionary process by applying social network 

analysis, and the effectiveness of this model has been demonstrated through the analysis 

of empirical data about smartphones. The main results of the second study are as follows: 

(1) innovation patterns (i.e., radical innovation and incremental innovation) can be 

detected in the evolutionary process of smartphones; (2) the inter-firm and intra-firm 

evolutionary patterns can be observed through the constructed product network; and (3) 

products, which play an important role in the evolutionary process, can be identified.  
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5.2 Contributions and implications 

 

This dissertation contributes to the research on innovation and has both academic and 

managerial implications. The academic implication is that this dissertation proposes the 

methodology based on social network analysis in order to capture new innovation trends 

due to the environmental changes and extends theories related to the innovation research. 

The managerial implication is that this dissertation gives insights about management and 

new product development to decision makers. The contributions and implications of each 

study are summarized as follows. 

In the first study (Chapter 3), actual innovation trends represented in information 

systems field have been investigated as multiple perspectives (i.e., the application of 

various theories and methods). As information systems field shows particular properties 

that are complex, interdependent, and multi-dimensional (Petter et al., 2008), innovation 

research on information systems field needs to consider these properties. In this context, 

the first study shows how multiple perspectives are applied for understanding innovation 

trends in this research field. Instead of using complex analysis models, this study 

addresses almost complex issues through the construction of a network before designing 

analysis model. Specifically, interdependent patterns of relationships between actors are 

measured through social network analysis (Wasserman & Faust, 1994), and the dynamic 

property is reflected by considering each event and its time information simultaneously 

(Trier, 2008). Thus, this study shows that the application of multiple perspectives enables 
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to make analysis model simple as well as handle complex properties more easy.  

Now, four major contributions of the first empirical analysis are discussed briefly. 

First, frequently used software services or old software services show a bell-shaped life 

cycle in the diffusion stage of the innovation ecosystem. From the first contribution, two 

significant academic implications are derived: (1) life cycle research can be extended to 

intangible goods (e.g., digital artifacts such as software services), based on the existing 

research for durable goods (Henderson & Clark, 1990); (2) software services that are on 

the declining part of the life cycle still have the potential for being reused later, different 

to durable goods that get replaced with other products or not produced anymore. Second, 

the entire 5-stages of innovation life cycle of innovation ecosystem have been explained 

through empirical data. Although innovation life cycle research covering all stages has 

been considered essential, it could not be conducted due to the lack of empirical data (Jha 

& Bose, 2016). However, this research enables a more detailed understanding of the 

whole innovation life cycle through the panel data about the evolution of software 

services within a software service network. This is another important academic 

implication of the first study. Third, this research shows how the position of an individual 

and heterogeneous software services impacts the entire innovation ecosystem, especially 

the development of the next generation of software services, through the analysis of the 

interplay among software services. From this contribution, the forth academic implication 

is that this research can be used as a foundation for further research on innovation 

processes among digital artifacts, as it constitutes a new way of looking at open service 



116 

 

innovation. Forth, the innovation performance of software services can be predicted with 

data about a few initial time periods through the suggested decision support system. This 

contribution has both academic and managerial implications. From an academic 

perspective, the existing models for decision making support (e.g., Bass model) are not 

appropriate for early prediction due to requiring the life cycle data from initial to peak. In 

addition to this, they cannot capture the co-development effects represented in open 

environments. However, the suggested decision support system in this research extends 

the research on early prediction by addressing these shortcomings. From a managerial 

perspective, the suggested decision support system can help software vendors to optimize 

software service investment decisions. In detail, an early decision to increase investments 

in software services with a high innovation performance potential or to stop further 

support for software services with little potential becomes feasible. Furthermore, software 

vendors can use the information obtained from early identification for their composition 

of a new software service. In other words, as software vendors can identify software 

services with relatively high innovative potential faster than before through the suggested 

decision support system, the development of more market-friendly software services 

becomes possible.  

In the second study (Chapter 4), the main contributions are discussed in terms of a 

methodological contribution and an empirical contribution, respectively. First 

(methodological contribution), a new model for describing evolutionary patterns of 

products at product-level has been suggested based on social network analysis. This study 
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shows that applying a social network analysis for designing product-level model is an 

appropriate approach to describe product innovation and product evolution. In detail, 

product evolution is based on the relationship between continuously launched products, 

which are the outcomes of product innovation (Ram 1987; Garcia & Calantone, 2002), 

and dynamic property is considered in constructing the product network by using the time 

information of each product. This research also shows that focusing on product-level 

analysis is suitable for quickly responding to rapidly changing environments. If a new 

product is released, researchers only need to apply this information into the constructed 

network. Furthermore, the development of industry can be observed through the product-

level analysis. This is consistent with the fact that firms' routines have been embedded in 

a product (Danneels, 2002).  

From an academic perspective, the significant implication is that research on product 

evolution is extended by conducting the analysis at product-level instead of firm-level, 

considering the features of products. In addition, the suggested model in this research 

overcomes the limitation of previous product evolution research that ignored time 

information, by taking into account dynamic properties.  

Second (empirical contribution), by applying the empirical data to the suggested 

model, innovation patterns of products and firm’s behaviors have been detected, and 

products that play an important role in the evolution process are identified.  

From a managerial perspective, this research can help decision makers to monitor the 

impact of existing products in the evolutionary process more easily through the visualized 
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network graph. As the product network shows products and their relationship over time, 

the position of products can be identified. In addition, the influence of existing products is 

represented, as the product network provides the information on the strength of 

relationship between products. Thus, it allows seeing the development of an industry at a 

glance and helps recognizing the various phenomena that occurred in the evolutionary 

process of products. Finally, this research helps establishing strategies for new product 

development based on the understanding of other firms' strategies, as the product network 

can provide information about what strategy a firm prefers to. Furthermore, by comparing 

the components in a constructed product network, firms can respond rapidly and 

strategically to market changes.  

 

5.3 Limitations and future works 

 

This dissertation suggests models for covering new innovation trends of fast-changing 

environments and describes the real world through empirical analyses. Among various 

new innovation trends coming from environmental changes, two representative changes 

have been addressed in this dissertation. However, those two studies are not sufficient to 

describe all new trends, and, thus, more studies on new innovation trends are required.  

In the context of open innovation and service innovation, the first research 

investigates empirically the entire 5-stages innovation life cycle of software services with 

a focus on the life cycle pattern of software services in the diffusion stage. Until a recent 
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date, the research on conceptualization stage, generation stage, and impact stage of the 

innovation life cycle has not been investigated in connection with the adoption stage and 

diffusion stage. The first study shows how the position of a software service with respect 

to other software services within the network (i.e., impact stage) affects the 

conceptualization stage and generalization stage of new software services. Nonetheless, it 

is necessary to increase the explanatory power of the model for general use (i.e., the first 

limitation). Thus, future studies can consider adding explanatory variables such as 

platform size and service provider (i.e., company), for increasing explanatory power. The 

second limitation is that the data collected for empirical analysis represents only a 

specific type of software services, namely Web2.0 services. Therefore, future work should 

be extended to the different types of software service networks (e.g., a business software 

services network) or digital artifacts for explaining the real world more generally. 

From a perspective of product evolution, the second research suggests a new model 

that can detect product innovation at product-level, and validates its effectiveness 

empirically with data regarding smartphone. The first limitation of this research is that the 

effectiveness of a suggested model is demonstrated through one case only. Thus, for its 

general use, future work needs to apply this model to various cases (e.g., different product 

type in the same product category or totally different product categories). The second 

limitation is that the data only reflects the Korean smartphone market and not cover all 

features of smartphones. This research is based on the features of products, and various 

variables related to the products (e.g., the company size, the market share of products, the 
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country where the product sold) could also be used as the features of products. For 

example, if the company size is added as one of the product features in a constructed 

product network in Chapter 4, it can complement the analysis results regarding firms' 

strategy. If the market share of products is used as one of the product features, the 

dominance of products in the market and its changes can be revealed through the 

visualized product network. Moreover, if the country information where the product sold 

or developed is considered as a product feature, this research can reflect the global market. 

Therefore, future work can be extended widely by considering additional features 

associated with products in addition to the features used. 
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Abstract (Korean) 

 

급격한 속도로 기술이 발전하면서 이와 연관된 다양한 환경들 역시 빠른 

속도로 변화를 겪고 있다. 이러한 환경 변화에 따라 혁신 동향 또한 지속적으

로 변화하며, 이 과정에서 새로운 혁신이 나타난다. 인터넷과 정보 기술의 발

달은 기존 자원의 재조합을 통해 새로운 지식을 창출할 수 있는 유연하고 개

방된 환경을 이끌었으며, 이러한 상황에서 제품의 개념은 유형의 상품에서 무

형의 상품으로 확대되었다. 또한, 신상품의 개발과 출시가 빈번해지면서 시장 

구조 역시 지속적으로 변하고 있다. 이미 다양한 분야에서 혁신에 대한 수많

은 연구가 진행되었음에도 불구하고, 대부분의 연구는 변화하는 환경에서 나

타나는 혁신 동향을 설명하기에 충분하지 않다. 이에 본 연구는 기존 연구에

서 나타나는 단점을 보완하면서 실제 혁신 동향을 이해할 수 있는 새로운 모

델을 제안하고자 한다. 구체적으로, 본 논문에서 수행한 두 가지 경험적 연구

에 사용된 모델들은 각각 사회 연결망 분석을 적용하여 동적 특성을 반영하고 

혁신 기회를 식별할 수 있도록 설계되었다.  

첫 번째 연구는, 개별 소프트웨어 서비스를 대상으로 5-단계로 구성된 혁신 

생태계에서 나타나는 소프트웨어 서비스의 혁신 성능을 조사한다. 이 연구에

서 중점을 두는 소프트웨어 서비스는 누구나 자유롭게 접근 가능하며, 새로운 

복합 소프트웨어 서비스를 개발하기 위해 재사용 될 수 있다는 특징을 가진다. 

본 연구의 대표적인 결과를 요약하면 다음과 같다. 소프트웨어 서비스는 혁신 



140 

 

수명주기의 확산 단계에서 각기 다른 라이프 사이클 패턴을 보여주었다. 특히, 

87 개월 이상 생태계에 머무르고 있거나 자주 사용 되는 소프트웨어 서비스들

은 종 모양의 수명주기를 나타내었다. 이는, 기존 내구재와는 다른 특성을 가

지며 무형의 제품으로 정의되는 소프트웨어 서비스 역시 유형의 제품에서 나

타나는 혁신 동향과 유사한 경향을 보여주고 있음을 시사한다. 또한, 소프트웨

어 서비스의 판매는 더 이상 서비스 자체의 판매에만 의존하지 않는다. 즉, 소

프트웨어 서비스의 판매는 고려하는 소프트웨어 서비스가 다른 소프트웨어 서

비스와 함께 사용되는 경우까지 고려해야 한다.  

두 번째 연구는, 제품의 특성에 중점을 두고 제품 단위에서 제품 혁신을 

설명한다. 본 연구에서는 시각화된 그래프를 통해 제품의 진화 과정 및 진화 

과정에서 나타나는 다양한 혁신 패턴을 보여주었다. 구체적으로, 실제 제품을 

대상으로 제품 네트워크를 구축하고 이를 분석함으로써 기업 간 및 기업 내 

제품의 진화 패턴과 진화 과정에서 중요한 역할을 하는 제품이 식별되었다. 

본 연구는 기존 연구에서 많이 행해지는 기업 단위, 산업 단위 분석이 아닌 

제품 단위 분석을 수행할 수 있는 새로운 모델을 제시함으로써 제품 진화에 

대한 연구를 확대하는 데 기여하였다. 나아가 의사 결정자가 해당 산업의 흐

름을 파악하고 신제품 개발을 위한 전략을 수립하는 데 도움을 줄 수 있다. 

본 논문은 학술적 측면과 관리적 측면에서 다양한 시사점을 제공한다. 대

표적인 학술적 시사점으로, 본 논문은 변화하는 환경에서 나타나는 새로운 혁

신 동향을 설명할 수 있는 방법론을 제시함으로써, 기존 혁신 연구의 부족한 

점을 보완하고 연구와 관련된 혁신 이론을 확장하였다. 관리적 측면에서는, 각 
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연구에서 제시된 모델을 통해 빠른 대응 및 전략적 접근의 가능성을 보여줌으

로써, 의사 결정권자에게 경영 및 신제품 개발에 관한 통찰력을 제공할 수 있

다. 

 

주요어 : 사회 연결망 분석; 개방형 서비스 혁신; 제품 혁신; 수명 주기 이론; 

제품 진화 
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