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CHAPTER 1 

General Introduction 

In today’s highly competitive and rapidly changing markets, which depend heavily on 

innovation, firms increasingly opt for external knowledge-sourcing strategies to complement 

their internal efforts in developing their own technological capabilities (Kale, Dyer, & Singh, 

2002; Mowery, Oxley, & Silverman, 1996; Sears & Hoetker, 2014). By sourcing technological 

knowledge externally, firms can augment internal knowledge bases, reinforce technological 

capabilities, and facilitate the recombinant process of knowledge creation (Cohen & Levinthal, 

1990; Dahlander & Gann, 2010; Fleming, 2001). Thus, external knowledge sourcing and 

integration helps firms to defend themselves from obsolescence and organizational inertia 

(Capron & Mitchell, 2009).  

While an external knowledge-sourcing strategy can bring substantial opportunities for 

the new knowledge generation, it imposes huge challenges on the firms for successful 

integration of external knowledge. For example, external knowledge is embedded in the firm 

that holds it. This imposes great challenges for other firms to integrate successfully. Moreover, 
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integrating external knowledge may bring substantial challenges to the focal recipient because 

external knowledge may bring changes to the firms’ existing knowledge structure, which may 

impose great uncertainties and internal conflicts on those firms. Therefore, these uncertainties 

and challenges make an appropriate execution of external knowledge-sourcing strategies 

crucial. Consistent with the surging importance of external knowledge-sourcing strategies, and 

to address the difficulties the firms encounter in tapping into other’s technological knowledge, 

a number of studies has emerged, which examine the determinants of firms’ performances from 

conducting these external knowledge-sourcing activities. Recognizing the role of the internal 

knowledge endowment of firms in facilitating the integration of external knowledge (e.g., 

Cohen & Levinthal, 1990; Todorova & Durisin, 2007; Zahra & George, 2002), numerous 

studies have offered theoretical argumentations and empirical evidence of why knowledge 

integration efficiencies from external knowledge sourcing vary across different firms (e.g., 

Lane & Lubatkin, 1998; Laursen, Leone, & Torrisi, 2010; Rothaermel & Alexandre, 2009; 

Sears & Hoetker, 2014). 

Nevertheless, although the prior literature has considered the important role played by 

the firms’ knowledge endowment, which determines their technological capability 

development from sourcing knowledge externally, the empirical evidence is still not able to 

offer a conclusive indication as to what drives the performance variations of different firms in 

developing technological capabilities through these activities, even they have similar 

knowledge endowments in their knowledge bases. In particular, previous studies fail to provide 

a detailed examination of the different dimensions of the firms’ knowledge base structures, 

which render those studies to be unable to recognize how different mechanisms behind each 
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dimension of the similar knowledge bases lead to distinct performance implications through 

sourcing knowledge externally. For example, a large number of studies have shown that the 

absorptive capacity is an important organizational antecedent of variations in integrating 

knowledge from others (Deeds, 2001; Lane & Lubatkin, 1998; Wales, Parida, & Patel, 2013); 

these studies fail to recognize how the heterogeneities of the different components of the firms’ 

absorptive capacity bring performance variations in the generation of new technological 

knowledge. Nevertheless, some other conceptual works offer a theoretical background of the 

different components of absorptive capacity. However, they cannot provide empirical 

verifications of how these distinct components may lead performance variations in the learning 

outcomes (e.g., Todorova & Durisin, 2007; Zahra & George, 2002). Consequently, although 

each of the chapters in this dissertation follows its own specific research question, my ultimate 

goal is to address the following overarching research question: 

 

How do the internal antecedents and different dimensions of the 

firms’ knowledge structures influence their performance in 

generating technological knowledge from external sources?  

 

To address this broad research question, I advocate that knowledge structure is a 

multifaceted feature of the firm, and it requires a more fine-grained investigation from different 

angles on how it influences the technological capability development of firms through external 

knowledge-sourcing activities. Despite the ample studies that offer valuable insights into the 
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benefits gained by firms through engaging in external knowledge-sourcing activities, several 

areas open up for more elaborate theoretical and empirical examinations with regard to the 

heterogeneities of the firms’ knowledge structures. First, the contents of the knowledge bases 

matter. While previous research has paid enormous attention to absorptive capacity and 

regarded it as an integrated indication of the firms’ capability to integrate external knowledge 

(Lane & Lubatkin, 1998; Nooteboom, Van Haverbeke, Duysters, Gilsing, & Van Den Oord, 

2007; Rothaermel & Alexandre, 2009), we know relatively little about how its different 

dimensions (Todorova & Durisin, 2007; Zahra & George, 2002) affect the learning processes 

and the performance in generating distinct learning outcomes. Second, the relative knowledge 

structures between collaborative partners matter. While the performance of knowledge 

integration is primarily determined by the focal firms’ own knowledge structure, the relativity 

of the knowledge structures among collaborators may lead the firms to perceive difficulties 

integrating knowledge from partners, which drives them merely to utilize each other’s 

knowledge without internalizing that knowledge (Duysters, de Man, & Wildeman, 1999; Grant 

& Baden-Fuller, 1995; Inkpen & Tsang, 2007; Mowery et al., 1996). Third, the variations in 

the firms’ ability to understand their own knowledge structures matter. While previous studies 

examined how the variations in the ability of firms to understand their own knowledge 

structures influence their internal technological capabilities (e.g., Yayavaram & Ahuja, 2008; 

Yayavaram & Chen, 2015), less is known about how these variations determine their 

performance to develop technological capabilities through sourcing knowledge externally. 

In an attempt to improve our understanding of these under-explored areas, this 

dissertation presents three studies that examine the firms’ internal antecedents and the impact 
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of their own knowledge structures on their performance in generating technological knowledge 

from external sources. By looking at the firms’ external knowledge-sourcing strategies in the 

three different modes of governance with different levels of hierarchy (i.e., licensing, alliances, 

and acquisitions), the findings of this dissertation aim to improve our understanding of how 

external knowledge-sourcing strategies can be better managed for developing internal 

technological capabilities. 

Dimensions of Knowledge Structure 

Knowledge structure is a multifaceted attribute of the firm, and research that ignores 

this important attribute will derive a biased grasp and ambiguous results when examining how 

firms build technological capabilities through sourcing knowledge externally based on the 

distinct aspects of their knowledge structures.  

Content of the knowledge bases 

The first facet of knowledge structure pertains to the content of the firms’ knowledge 

bases. As indicated in prior studies from the organizational learning theory, the content of a 

firm’s knowledge base can be reflected by its level of absorptive capacity, which is a function 

of its level of prior related knowledge and represents the firm’s internal knowledge endowment 

(Cohen & Levinthal, 1990). Whereas most research on organizational learning assumes 

absorptive capacity as an integrated firm-specific capability that has a unified effect on learning 

performance when a firm seeks knowledge externally, it is important to deconstruct the 

absorptive capacity concept as a whole according to its multiple components that have been 

identified by prior studies (Todorova & Durisin, 2007; Zahra & George, 2002), and to examine 
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the impact of these different dimensions on the firms’ learning performance. 

Extending prior research on dimensions of absorptive capacity (Todorova & Durisin, 

2007), I seek to understand not only why the absorptive capacity can be effective for learning, 

but also what types of capacity are most important to which kind of learning outcomes. I argue 

specifically that assimilation capacity, defined as the breadth of the existing knowledge 

portfolio, mainly contributes to the licensee’s exploitative learning from inward licensing; 

transformation capacity, on the other hand, defined as the ability to solve emerging problems, 

facilitates explorations through inward licensing greater than assimilation capacity of the firm. 

These issues are discussed in Chapter 2. I argue (and find empirical support for my argument) 

that the assimilation and transformation capabilities play different roles for the firms’ 

performances in the generation of exploitative and exploratory technologies in the context of 

the inward licensing activities of Chinese firms.  

Relative knowledge structures between partners 

In collaborative partnerships, the relative knowledge structures among partners 

influence each participating partner’s performance in acquiring knowledge from the other 

(Lane & Lubatkin, 1998) on the one hand, it determines how the partnering firms adopt 

different strategies in leveraging each other’s knowledge, on the other, as studied in the Chapter 

3 of this dissertation. From an alliance portfolio perspective, this chapter examines the 

mechanisms that determine the knowledge boundary of a firm that engages in multiple 

simultaneous inter-firm collaborations with different partners. I advocate that the relative 

knowledge structures across partners in an alliance portfolio affect the focal firm’s decision on 

whether to integrate external knowledge, or merely to utilize it and outsource exploratory tasks 
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to its partners.  

Specifically, I argue that whether a firm chooses to integrate external knowledge and 

expand its current knowledge boundary or to utilize external knowledge and keep its 

knowledge base specialized depends on the comparison of the marginal benefits between 

knowledge integration and knowledge utilization. Such marginal benefits are determined by 

the relative knowledge structures of the participating firms in an alliance portfolio: The more 

distant the relative knowledge structures between partners are, the more likely the focal firm’s 

knowledge base tends to be specialized. This is because the firm will be more likely to choose 

a knowledge utilization strategy that can bring relational benefits to the firm over the 

knowledge integration strategy where the benefits in learning are minimized due to high 

barriers.  

Heterogeneous abilities in understanding knowledge structures 

Firms vary in their ability to understand the interdependencies between knowledge 

elements in their knowledge structures (Yayavaram & Chen, 2015); this means that, even if 

two firms have exactly the same knowledge profile with the same knowledge elements, for 

example, they are still fundamentally different with regard to how they understand the 

interdependencies between those elements (Yayavaram & Ahuja, 2008). This facet of the 

knowledge structure of the firms offers another important antecedent that influences the 

performance of generating technological knowledge from external sources. Prior studies have 

identified the firm-specific variations on how different firms have different abilities to 

understand their own knowledge structures, and demonstrated that these variations affect the 

usefulness and impact of their own innovations (Yayavaram & Ahuja, 2008; Yayavaram & 
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Chen, 2015). Less is known, however, about whether the heterogeneous abilities to understand 

their own knowledge structures influence their performance when they want to “graft” external 

knowledge bases onto their existing ones. That is, we know little about whether and how the 

firms’ ability to understand their own knowledge structures has an impact on their knowledge 

recombination process based on their external knowledge-sourcing activities.  

In Chapter 4, I examine this issue by focusing on how organizational variations in the 

capability to understand the interdependencies between internal knowledge elements affect the 

generation of new technologies from technological acquisitions. The findings show that firms 

with a moderate understanding of the interdependencies between internal knowledge elements 

in their knowledge structures can generate the greatest technological outcomes from 

technological acquisitions. The results also show that the magnitude of this effect can be 

enhanced by acquiring knowledge bases with higher malleability, or with a larger size. 

Modes of Governance in Sourcing External Knowledge 

 Various modes of governance with different levels of hierarchy are available for firms 

when they want to build technological capabilities through sourcing external knowledge from 

other firms, such as through signing inward licensing agreements in the markets for technology, 

through establishing joint ventures with other firms, or through directly acquiring another firm 

to tap into the embedded technological knowledge. In this dissertation, I argue that firms should 

grasp the characteristics of their own knowledge structures in different facets, based on 

different modes of governance by which they choose to source external knowledge in order to 

achieve their expected goals of developing their own technological capabilities.  
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Different modes of governance in sourcing external knowledge involve different levels 

of interactions among the partnering firms. This requires the focal firms to consider not only 

the characteristics of their own knowledge structures, but also the joint characteristics of the 

knowledge structures between themselves and their counterparts when they choose to use the 

modes of governance with higher hierarchies (e.g., joint ventures and technological 

acquisitions). When the focal firms use the method of signing inward licensing agreements to 

source the licensor’s technological knowledge, the market mechanisms will be applied to such 

transactions where the buyer and the seller of the technologies do not have extra interactions 

beyond exchanging the goods (i.e., technologies). In this mode of governance to source external 

knowledge, the licensee’s intrinsic attributes will determine the performance of transferring 

such technological knowledge from the licensors and the performance of knowledge 

integration, whereas the attributes of the licensor’s knowledge base will not likely play a role 

here. In Chapter 2, I focus on the licensee-specific attributes of the licensees’ knowledge 

structures and examine why different components of the licensees’ absorptive capacity will 

impose distinct impacts on the different types of learning outcomes from inward licensing.  

In the situation where the focal firms rely on establishing joint ventures with their 

partner firms to access their embedded technological knowledge, the knowledge structures of 

these partners will have a vital impact on the focal firm’s strategies in how better to leverage 

such knowledge. In theory, the focal firms can choose to integrate knowledge from their 

partners by internalizing it, or just to utilize such knowledge by keeping it outside of the firm’s 

boundary (Grant & Baden-Fuller, 2004; Mowery et al., 1996; Mowery, Oxley, & Silverman, 

1998). In Chapter 3, I study how the distance of the knowledge between the joint venture 
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partners influences the focal firm’s strategic choices between integrating and utilizing the 

partner’s knowledge; and I examine under what circumstances a firm stops internalizing 

knowledge from its alliance partners to expand its knowledge boundary. 

Lastly, technological acquisition is a mode of governance to source external knowledge 

with the highest level of hierarchy, and it requires the acquiring firms to go through a more 

complex integration process before successfully generating their own technological outputs 

from such acquisitions. Hence, when the focal firms choose to use this mode of governance to 

tap into the embedded knowledge in the target firms, they should have a deeper understanding 

of their own knowledge structures, as well as the structures of the acquired knowledge bases. 

In Chapter 4, I investigate these issues and focus on the effects of the acquiring firm’s 

knowledge-base decomposability on its post-acquisition technological performance. In 

addition, I also examine how the malleability and size of the acquired knowledge bases 

reinforce the magnitude of this impact. 

Conclusion 

While innovative firms increasingly rely on sourcing knowledge externally to 

complement their internal technological capabilities, these knowledge-sourcing activities also 

incur substantial economic and managerial costs to firms during the knowledge integration 

processes (Puranam & Srikanth, 2007). This makes it vitally important for firms to have a better 

design and management of such activities. Nevertheless, in reality, substantial variations of the 

performance on technological capability development still exist, even two different firms have 

similar knowledge structures. Given extant research on external knowledge-searching activities 
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and their effects on the development of technological capabilities, this phenomenon deserves 

closer investigation and opens up two important insights into the management practices. First, 

managers of the firms who are planning to initiate strategies to source technological knowledge 

externally should have a better understanding of their actual needs in advance. Second, 

managers should proactively design their external knowledge-sourcing strategies based on a 

thorough understanding of their own knowledge structures from multiple dimensions. Taken 

together, the three empirical studies in this dissertation attempt to make several contributions 

according to these two important insights. 

This dissertation sheds light on the importance of firms to have a better understanding 

of the characteristics of their internal knowledge structures before conducting external 

knowledge-sourcing activities. It is important, therefore, to examine theoretically the firms’ 

internal antecedents and the impact of their own knowledge structures on their performance in 

generating technological knowledge from external sources. The findings of this dissertation 

bring theories closer to the practices and offer managerial implications to managers of how to 

utilize external knowledge-sourcing strategies to strive for greater technological capabilities.  

By shedding light on how a licensee’s absorptive capacity affects its performance of 

generating knowledge from inward licensing, Chapter 2 can draw managers’ attention to 

different dimensions of their absorptive capacity (i.e., assimilation and transformation 

capabilities) and can guide them towards a more precise expectation concerning the types of 

technological outcomes (i.e., exploitative and exploratory technologies) which they can 

generate through inward licensing. The findings of Chapter 3 imply that, in alliance portfolios, 

alliance partners can adopt different strategies, knowledge integration, and knowledge 
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utilization to leverage each other’s knowledge. The decision between the two hinges on the 

relative distances of their knowledge structures. In essence, managers should have a 

comprehensive perception of the relative distances between their firm and their partners whom 

they are working with, in order to formulate the most appropriate strategy to strive for optimal 

outcomes from collaborations. To tap into external knowledge sources by conducting 

technological acquisitions, acquiring firms should proactively examine thoroughly how well 

they understand the interdependencies of their own knowledge elements. This is important 

because if they fail to do so, they may falsely anticipate their actual needs to acquire external 

knowledge bases. Chapter 4 provides the theoretical reasoning behind this managerial 

implication. It is therefore suggested that managers should proactively investigate the firms’ 

internal needs before conducting technological acquisitions, and that they should examine 

whether there is potential to focus first on exploiting their existing knowledge bases. 

Overall, the findings of this dissertation imply that firms should consider their internal 

technological capability in various aspects, based on the different modes of governance they 

use to source external technological knowledge (Table 1 shows an integrated overview on the 

structure of the dissertation). In particular, when they use more hierarchical modes, such as 

joint ventures and technological acquisitions, to source external knowledge, they should also 

take their partners or target firms’ knowledge structures into consideration. Finally, this 

dissertation provides important insights into the managerial implications of how to deal with 

external knowledge-sourcing strategies; it also draws the attention of managers to a thorough 

understanding of their own knowledge structures from multiple facets.  
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CHAPTER 21 

Unraveling the Mechanisms of Absorptive Capacity and 

Technological Performance: A Study of Inward Licensing 

 

ABSTRACT 

How does a firm’s absorptive capacity influence its distinct types of learning 

outcomes with respect to exploitation and exploration through the markets for 

technology? In this paper, we unravel the distinct mechanisms of two of the 

components of absorptive capacity – assimilation capability and transformation 

capability – as they affect learning outcomes – exploitation and exploration –

differently for Chinese licensees. Specifically, we argue that assimilation 

capability, as reflected by a firm’s dispersion of knowledge throughout its 

knowledge base, has inverted U-shaped impacts on both technological 

exploitation and exploration. In addition, transformation capability, as 

measured by a firm’s ability to transform its knowledge couplings in the 

knowledge base, has inverted U-shaped impacts on both its technological 

exploitation and exploration. However, the magnitudes of the effects of 

assimilation and transformation capabilities on exploitation and exploration are 

different. Our results confirm that the licensees’ assimilation capability has 

greater impact on exploitation compared to the impact of transformation 

capability; whereas the transformation capability has greater impact on 

exploration compared to the impact of assimilation capability.    

Keywords: Absorptive capacity, learning, assimilation capability, transformation capability, 

licensing 

                                                             
1 This chapter is the result of joint work with Geert Duysters and Victor Gilsing. Earlier versions of this chapter, 
under a different working title, received the Award for Academic Excellence in the 25th Annual Conference of 
the Society for the Advancement of Socio-Economics in 2013, and the International Association for Chinese 
Management Research Best Conference PhD Paper Award in 2014. 
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INTRODUCTION 

Absorptive capacity has long been recognized as an important driver that influences 

firms’ performance in integrating external knowledge. Specifically, in the organizational 

learning literature, the firms’ absorptive capacity is one of the most important organizational 

antecedents that determine their learning performance through sourcing external knowledge 

(Cohen & Levinthal, 1990; Henderson & Cockburn, 1994). A wealth of empirical studies exist 

by focusing on the impact of absorptive capacity on firms’ performance of learning through 

external knowledge sourcing activities and have examined this relationship on various levels – 

from the organizational level (Rothaermel & Alexandre, 2009; Sears & Hoetker, 2014; Wales 

et al., 2013) through the team and business unit level (Tsai, 2001) to the individual level 

(Tortoriello, 2015).  

Implicit in the link between absorptive capacity and the performance of learning 

external knowledge is the notion that, ceteris paribus, the learning firms who have the same 

level of absorptive capacity will yield the same level of learning outcomes from the learning 

process. However, firms may generate different types of outcomes, such as exploitative or 

exploratory learning outcomes (March, 1991), through this process. What remains puzzled is 

that even in the situation where firms generate the same level of learning outcome because of 

having the same level of absorptive capacity, the composition of the exploitative and 

exploratory learning outcomes within the total learning performance may still vary among 

these firms. Prior research that simply regards the firms’ absorptive capacity has a unified 

impact on the firms’ learning performance and regards learning as a unified process, thus, fails 

to explain this puzzle. Therefore, it requires a closer examination on the underlying 

mechanisms inherent in the distinct learning processes, and on how they affect the firms’ 

performance in generating different learning outcomes. 

Complementing the extant studies that have regarded a firm’s absorptive capacity as an 
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integrated, comprehensive factor that has a unified effect on learning (e.g., Deeds, 2001; Lane, 

Salk, & Lyles, 2001; Rothaermel & Alexandre, 2009; Sears & Hoetker, 2014; Wales et al., 

2013), in this paper we unravel the concept of absorptive capacity and examine the 

organizational antecedents that lead to the firms’ performance in generating different types of 

outcomes through learning. In particular, we focus on the two components of absorptive 

capacity that pertain to distinct learning processes – assimilation and transformation – and 

argues that they each impact the learning firms’ exploitative and exploratory learning outcomes 

in distinct ways. As such, our study no longer simply regards absorptive capacity as having a 

unified impact on learning, and it contributes to a better understanding of why firms can 

generate different types of outcomes through learning. It also offers a detailed examination of 

how the externally sourced knowledge undergoes different learning processes within the 

learning firms before forming exploitative and exploratory learning outcomes. 

It is of vital importance for firms to better understand their organizational antecedents 

that result in distinct exploitative and exploratory learning outcomes. This is because, 

according to March (1991), exploration and exploitation represent two distinct organizational 

adaptation processes and they have fundamentally different impacts on firms’ future returns 

with respect to their expected values (March, 1991) and the overall technological impact for 

themselves and other firms in the industry (Rosenkopf & Nerkar, 2001). Specifically, 

technological exploitation leads to incremental innovations that satisfy the needs of existing 

customers and markets (Danneels, 2002; Jansen, Van Den Bosch, & Volberda, 2006). It 

broadens existing knowledge and skills, improves established designs, expands existing 

products and services, and increases the efficiency of existing distribution channels (Jansen et 

al., 2006: 1662). Thus, technological exploitation reinforces existing skills, processes, and 

innovation structures (Benner & Tushman, 2002; Levinthal & March, 1993). Whereas, 

technological exploration requires nonroutine problem-solving skills and the ability to generate 
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new knowledge or deviate from existing knowledge (Benner & Tushman, 2002; Levinthal & 

March, 1993; McGrath, 2001), which can affect the firms’ long-term and sustained success in 

the high-velocity environment for innovations. Compared to the returns from exploitation, the 

returns from exploration are systematically less certain, more remote in time, and 

organizationally more distant from the locus of action (March, 1991: 73). Given the 

fundamental differences between exploitative and exploratory learning outcomes as well as 

their distinct impacts on the expected values and technological consequences to the firms, 

therefore, it is crucial for the firms to have a better understanding of why different types of 

outcomes (i.e., exploitative versus exploratory) can be generated through their distinct learning 

processes internally. 

To study the effects of the distinct learning processes on exploratory versus exploitative 

learning on the basis of the firms’ absorptive capacity, we conduct an empirical analysis of the 

inward licensing activities of Chinese firms in the manufacturing sector. Compared to 

integrated modes of governance such as joint ventures and mergers and acquisitions, 

integrating external technological knowledge through inward licensing involve fewer 

interactions between the teacher (i.e., licensor) and the learner (i.e., licensee). Although this 

lack of interaction imposes greater uncertainty and difficulties on the learning firm in terms of 

efficiently and effectively integrating the knowledge at stake, focusing on the inward licensing 

activities in the Chinese context offers unique advantages to our study. First, as our primary 

goal is to examine the effects of the two components of absorptive capacity that pertain to the 

learning processes (i.e., assimilation and transformation), we leverage the context of inward 

licensing activities to exclude other components of the absorptive capacity concept, such as the 

recognition and acquisition of external knowledge (Todorova & Durisin, 2007; Zahra & George, 

2002), out of our research scope. This is because in our context, the licensees have already 

recognized the value of the external knowledge and have already acquired it through signing 
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the inward licensing agreements, and our focus is then shifted automatically to the assimilation 

and transformation components2.  

Second, China provides a relevant and appropriate context for studying knowledge 

integration through licensing because inward licensing is a huge market in China and many 

Chinese firms learn technological knowledge from technology imports (Liu, 2008). For 

example, from 1999 to 2011, Chinese firms signed a total of over 40,000 licensing contracts 

worth over 100 billion U.S. dollars. Third, the general trend of reductions in tariffs and foreign-

investment barriers has increased China’s domestic competition and reduced profit margins in 

local markets. This has promoted the globalization of its market, reducing the government’s 

ability to control technology transfer through trade policies. The increased opportunities for the 

Chinese firms to continuously access to foreign technology rather than through one-time 

imports of such technology require them to be able to better understand the learning 

mechanisms, which make our study applicable to fill their managerial voids. 

We test our propositions by sampling the entire population of the Chinese licensees that 

signed at least one inward licensing contract with a licensor between 2002 and 2006. Results 

indicate that the licensees’ absorptive capacity as an integrated factor has a positive impact on 

their technological learning performance in inward licensing, but only up to a certain point. 

Once that maximum point of absorptive capacity has been reached, any further increase in the 

licensees’ absorptive capacity will have a negative effect on their future technological 

performance. This finding is in line with prior studies that have viewed technological 

advancement through an organizational learning lens (e.g., Wales et al., 2013). Furthermore, 

                                                             
2 Zahra and George’s (2002) reconceptualization of the absorptive capacity concept extends Cohen and 
Levinthal’s (1990) seminal work. They distinguish four components of absorptive capacity: acquisition, 
assimilation, transformation, and exploitation. A refined model proposed by Todorova and Durisin (2007) 
reintroduces the “recognition” component as a step before acquisition based on Cohen and Levinthal’s (1989, 
1990) original definition (see Figure 1). In this paper, we rely on this refined model to design our theoretical 

argumentation and empirical setting by only focusing on the role played by the assimilation and transformation 
components.  
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we disentangle the concept of absorptive capacity and find, interestingly, that both the licensees’ 

assimilation and transformation capability influence their exploitation performance in an 

inverted U-shaped manner, the magnitude of the effect of assimilation capability is greater than 

that of transformation capability. In contrast, although we found that both the licensees’ 

assimilation and transformation capability has an inverted U-shaped impact on their 

exploration performance, the magnitude of the effect of transformation capability is greater 

than that of assimilation capability. 

Our study contributes to the following four primary aspects of the current research on 

firms’ learning performance and their absorptive capacity. First, our study complements prior 

studies that solely stress the integrated role played by absorptive capacity in the learning 

processes (e.g., Rothaermel & Alexandre, 2009; Sears & Hoetker, 2014; Tortoriello, 2015; Tsai, 

2001; Wales et al., 2013) by examining the distinct mechanisms of the firms’ assimilation 

capability and transformation capability in processing externally accessed knowledge, and their 

distinct impacts on the generation of exploitative and exploratory learning outcomes. Second, 

it further refines the theoretical model of the absorptive capacity concept (c.f., Todorova & 

Durisin, 2007; Zahra & George, 2002), and it provides valid measurements to account for firms’ 

assimilation and transformation capabilities. Third, it extends the literature on exploitation and 

exploration by showing that the emergence of these two types of learning outcomes from 

sourcing external knowledge is rooted in the nature of the different learning processes that are 

determined by the different characteristics of the learners’ knowledge base. In addition, our 

study also sheds light on the demand side of the technology markets by highlighting the need 

for firms to have a better understanding of their own knowledge structure before going to the 

market to source technologies. It complements recent discussions on the important role played 

by the markets for technology and has important implications for licensing activities related to 

diffusing technologies and the technological advancement of firms on the demand side of the 
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technology market (e.g., Arora, Fosfuri, & Rønde, 2013; Arora & Gambardella, 2010; 

Cockburn, MacGarvie, & Müller, 2010; Tsai & Wang, 2007; Wang & Li-Ying, 2014). 

THEORY AND HYPOTHESES 

Absorptive Capacity and Learning through Inward Licensing 

Licensees can generate desired technology from licensing agreements by internalizing 

and adapting the knowledge embedded in the licensed technologies. The ability to learn is thus 

an important, and possibly unique, source of sustainable competitive advantage in this context 

of the markets for technology. According to the organizational learning perspective, licensees 

are thus required to possess a sound understanding of how to understand, acquire, use, and 

ultimately leverage knowledge available outside the firm based on a solid internal knowledge 

base (Cohen & Levinthal, 1990; Volberda, Foss, & Lyles, 2010).  

Prior studies on innovation and the search for technologies have argued that a firm’s 

absorptive capacity determines the rate and effectiveness of its ability to internalize externally 

sourced knowledge (Koza & Lewin, 1998). Meanwhile, studies on licensing have suggested 

that the technological trajectories that firms pursue when they license new technologies are 

guided by their existing technological background (Caves, Crookell, & Killing, 2009; Killing, 

1978). Accordingly, a firm’s learning-by-licensing performance is constrained by its internal 

capacity to absorb external knowledge on the basis of its existing technological background, 

which suggests a positive relationship between the licensees’ absorptive capacity and their 

performance of learning from inward licensing. When they are at higher levels of absorptive 

capacity, licensees are able to better understand the knowledge embedded in the license and 

incorporate it more effectively into their own knowledge base.  

Despite the fact that a higher level of absorptive capacity is likely to be beneficial to 

the integration of external knowledge, however, licensees’ increased levels of absorptive 
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capacity may, after a certain point, be counterproductive to their gains in learning outcomes 

(Levinthal & March, 1993; Wales et al., 2013). As indicated above, absorptive capacity 

facilitates firms’ performance in integrating new knowledge from the outside of their 

organizational boundaries. However, the increases in the firms’ absorptive capacity 

circumscribe the room for new knowledge that is available to them. Once available knowledge 

sources are exhausted as their absorptive capacity increases, it requires firms to search 

gradually further afield for new knowledge (Wales et al., 2013). Consequently, such searching 

for afield external knowledge may lead the firms to suffer from the emergence of causal 

ambiguity in learning. In particular, there would be a greater likelihood of falsely integrating 

such afield external knowledge with the firms’ internal knowledge, and they may then apply 

this falsely matched knowledge to inappropriate technological endeavors, which may diminish 

their gains in learning (Mulotte, Dussauge, & Mitchell, 2013). Therefore, we theorize that after 

a point, increases in the licensees’ absorptive capacity will be counterproductive to their gains 

from learning through inward licensing.  

Hypothesis 1 (H1): Licensee’s absorptive capacity has an inverted U-

shaped impact on its technological performance through inward licensing. 

The curvilinear relationship between absorptive capacity and learning performance that 

we hypothesize here is consistent with prior propositions in a wealth of studies that employ an 

organizational learning lens (e.g., Rothaermel & Alexandre, 2009; Wales et al., 2013). 

Nevertheless, such general theorization of how firms’ absorptive capacity affects their learning 

performance offers limited insight into why distinct outcomes can be generated from learning. 

In another word, less is known about why the composition of the exploitative and exploratory 

learning outcomes within the total learning outcome may still vary among different firms even 

when they have the same level of absorptive capacity. We therefore need a more fine-grained 

analysis to deeper understand the distinct learning processes of why different types of outcomes 
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can be generated through learning, by breaking down the concept of absorptive capacity as a 

unified factor. In the following sections, we first provide our arguments on the two alternative 

processes of learning, assimilation process and transformation process, based on the research 

of cognitions. Then we further explain why these two distinct learning processes can impose 

different impacts on the learning performance in the markets for technology. In particular, we 

study the different effects of these two learning processes on a firm’s learning performance 

through inward licensing in generating exploitative and exploratory learning outcomes.  

Assimilation and Transformation as Alternative Learning Processes 

The transformation component of the absorptive capacity concept was first introduced 

by Zahra and George (2002), which complements and extends the components of absorptive 

capacity originally introduced by Cohen and Levinthal (1989, 1990) in their seminal articles.  

Zahra and George (2002) argue that the transformation process of integrating external 

knowledge follows the assimilation process, and it facilitates firms’ ability to understand 

external knowledge that is incompatible with their existing cognitive structures. Firms’ 

transformation capability that drives their transformation process, therefore, helps them “to 

develop new perceptual schema or changes to existing processes” (Zahra & George, 2002: 195), 

and it represents the firms’ abilities to change their existing cognitive schemas to accommodate 

external knowledge. Recognizing this new component of absorptive capacity and the 

transformation process of learning, Todorova and Durisin (2007) follow the research from 

cognitive science and reconceptualize the framework proposed by Zahra and George (2002) 

that regard the assimilation and transformation processes as sequential learning processes. 

They argue that the assimilation and transformation are, instead, alternative learning processes, 

which can have different impacts on the firms’ existing cognitive structures (Todorova & 

Durisin, 2007: 778). Given this, they refine the model of absorptive capacity proposed by Zahra 
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and George (2002) and propose a new model as shown in Figure 1. 

--------------------------------- 

Insert Figure 1 about here 

--------------------------------- 

However, Todorova and Durisin’s (2007) theorization of the outcomes of the 

assimilation and transformation processes contradicts with their own argumentations with 

respect to viewing them as alternative learning processes to each other. As shown in Figure 1, 

both the assimilation process and the transformation process lead to the exploitation of the 

integrated external knowledge. Nevertheless, as discussed above, they argue that assimilation 

and transformation processes can have distinct influences on the firms’ existing cognitive 

structures. That is, after the assimilation process, the firms’ existing cognitive structures do not 

change, whereas the transformation process enables the firms to build new cognitive structures 

that are different from their existing ones (Todorova & Durisin, 2007: 778). To alleviate this 

important theoretical issue, we build on Todorova and Durisin’s (2007) conceptualization of 

the components of absorptive capacity and propose a slightly different framework in Figure 2 

based on the differences between exploitation and exploration described by March (1991).  

--------------------------------- 

Insert Figure 2 about here 

--------------------------------- 

Based on this refined model of absorptive capacity, in the following sections, we try to 

understand whether and why the assimilation and transformation processes of learning will 

have different impacts on the firms’ learning outcomes with respect to exploitation and 

exploration. Given this goal, we design our theoretical argumentation and empirical settings of 

this paper by only focusing on the situations where firms have recognized the value of the 

external knowledge and have already acquired it through signing the inward licensing 

agreements. Therefore, the “recognize the value” and “acquisition” components of the 

absorptive capacity concept are out of our research boundary (as indicated in Figure 2).  
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Consistent with prior literature, we consider the firms’ assimilation capability 

determined by the breadth of their knowledge bases (Lane, Koka, & Pathak, 2006; Laursen et 

al., 2010). Hence, we believe that the greater the dispersion or breadth of a firm’s knowledge 

base, the higher its ability to assimilate externally sourced technological knowledge. This is 

mainly because having a broad knowledge base with a higher dispersion level increases the 

possibilities for the firm to incorporate external knowledge through a greater number of distinct 

channels. In each channel, unique expertise and routines have been developed, which fosters 

the combination efficiency and enhances the firms’ knowledge integration possibilities 

(Laursen et al., 2010). This is also in line with the notion of “combinative capability” of a firm, 

defined as its ability to synthesize current and acquired knowledge (Kogut & Zander, 1992), as 

well as the “first-order competence” that describes the firm’s ability to search locally within its 

existing knowledge domains (Rosenkopf & Nerkar, 2001). On the other hand, transformation 

capability reflects the firms’ ability to flexibly transform the existing knowledge couplings in 

their knowledge structures into new ones in order to accommodate newly sourced external 

knowledge. This notion corresponds to the “architectural competence” concept introduced by 

Henderson and Cockburn (1994) as “the ability to access new knowledge from outside the 

boundaries of the organization and the ability to integrate knowledge flexibly across boundaries 

within the organization”. This ability of the firm to flexibly integrate external knowledge has 

been defined as the “second-order competence” of the firm (Rosenkopf & Nerkar, 2001).  

In the next sections of our theoretical argument, we first deliberately demonstrate how 

the firms’ exploitative and exploratory learning outcomes are affected by their assimilation and 

transformation capabilities through different mechanisms. Then, we argue why the magnitudes 

of these effects are distinctive with respect to assimilation and transformation capabilities. 
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Impact of Assimilation and Transformation Capabilities on Exploitation 

According to Todorova and Durisin (2007), the assimilation process of learning implies 

to slightly altering an externally sourced new idea by improving its fitness with existing 

cognitive schemas and then incorporating it into the focal learner’s existing cognitive structure 

(Todorova & Durisin, 2007). In essence, this assimilation process of learning suggests that the 

knowledge recipient further interprets the knowledge using its own cognitive structure, 

resulting in a relatively stable knowledge structure on the learner’s part. Given that the existing 

cognitive structure remains stable afterwards, the assimilation process of learning would 

contributes to the incremental changes of the learner’ knowledge bases, which drives their 

consequent technological development outcomes to be exploitative (Benner & Tushman, 2002). 

Thus, a licensee’s firm-specific assimilation capability plays a vital role in determining its 

learning performance during the assimilation process, which, in turn, affects its performance 

in generating exploitative learning outcomes through inward licensing.  

As such, we argue that a licensee’s assimilation capability facilitates its technological 

exploitation performance through inward licensing. The underlying mechanism through which 

firms’ dispersed knowledge bases with different channels to accommodate external knowledge 

can enhance their performance in the assimilation process of leaning is because, in each channel, 

the coordination practices of existing resources and assets have been routinized. Such 

routinization, on one hand, allows a firm to efficiently analyze, process, and interpret 

information obtained from external sources (Kim, 1997; Szulanski, 1996; Zahra & George, 

2002); on the other, it contributes to the firm’s tendency to apply such obtained external 

information to further reinforce the routines, as well as to seek the mean by reducing the 

variances in the learning outcomes (Jansen et al., 2006), which in turn leads to exploitative 

outcomes through learning. It has been generally established that routinization can provide 

known responses to external information (Jansen et al., 2006: 1663), and it aims to reduce 
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variances through incremental improvements to the outputs (Benner & Tushman, 2003). This 

is also consistent with the notion that firms will be more successful at exploitation if they focus 

on activities at which they are competent (Levinthal & March, 1993). This exploitative learning 

with a self-reinforcing nature encourages the firms to sustain their current focus, and lead them 

to become specialized in their particular niches in which their competencies can yield 

immediate advantages. Therefore, dispersed “pipes” with routines “running through” them help 

the learning firms to be more efficiently assimilate external knowledge and apply it effectively 

for the generation of exploitative learning outcomes.   

While the licensees with higher assimilation capability can generate more exploitative 

learning outcomes on the basis of having broader knowledge bases, such positive relationship 

would be only up to a maximal point. In other words, we argue that at low levels of assimilation 

capability, an increase in the breadth of the knowledge base is likely to generate a positive 

performance effect with respect to exploitative learning outcomes, whereas at higher levels 

such an increase is likely to have a negative performance implications. There are various 

reasons for such a curvilinear relationship. First, as discussed earlier, the self-reinforcement 

nature of routinization in each of the assimilation channels implies that the assimilation 

capability is cumulative (March, 1991). Given such cumulative nature, beyond a moderate level, 

the accumulated routines impede the firms’ ability to analyze, process, and interpret extra new 

knowledge from the outside in each of their assimilation channels, which in turn constrains 

their performance in achieving incremental improvements through learning from inward 

licensing. In other words, as the licensees’ assimilation capability becomes saturated, therefore, 

their learning performance in exploitation becomes obsolete (Levinthal & March, 1993: 105).  

Second, the ambiguity for the licensees to match the right external knowledge with the 

appropriate internal assimilation channels increases as their knowledge bases become 

increasingly dispersed and the number of available channels get increased. Such ambiguity of 
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matching increases the risk of superstitious learning outcomes resulting from the derivation of 

incorrect causal links and false inferences, and it eventually impacts the firm’s performance 

from licensing (Mulotte et al., 2013). Moreover, over-diversified knowledge bases may induce 

severe internal competition for scarce resources, as different assimilation channels will 

compete for such scarce resources to assimilate the external knowledge. Hence, as the breadth 

of the knowledge bases increases, the likelihood of falsely allocating resources to less 

appropriate assimilation channel to assimilate the external knowledge increases, which may 

diminish the licensees’ performance in generating learning outcomes through the assimilation 

process. 

Here, based on the arguments above, we hypothesize that the effect of the licensees’ 

assimilation capability on exploitative technological performance is not monotonic but 

curvilinear, whereby a licensee’s performance in generating exploitative learning outcomes 

through inward licensing increases up to a certain point and then declines as the firm’s 

assimilation capability increases. We therefore hypothesize that a moderate level of 

assimilation capability leads to a maximization of exploitative learning outcome from inward 

licensing: 

Hypothesis 2a (H2a): Licensee’s assimilation capability has an inverted U-

shaped impact on its technological exploitation through inward licensing. 

On the other hand, increase in the transformation capability of the learning firms can 

positively affect their exploitative learning outcomes. This is because high transformation 

capability equips the firms with the abilities to integrate knowledge flexibly across knowledge 

domains within the organization (Kogut & Zander, 1992), which is the so-called “second-order 

competence” (Rosenkopf & Nerkar, 2001). These flexibilities create more opportunities for the 

integration of current and acquired knowledge by connecting different disciplines within the 

organization (Henderson & Cockburn, 1994). That is, high transformation capability enables 
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the firms to flexibly break down the knowledge boundaries between their existing knowledge 

domains. This can help the firms in connecting hitherto isolated knowledge domains (the 

different channels as described in the assimilation capability section) together. Such breaking-

through adds variations and potentials for the possible integrations of current and acquired 

knowledge in the generation of new combinations to consolidate their existing technological 

capabilities. 

Nevertheless, knowledge bases with extremely high flexibility to connect previously 

isolated knowledge domains (i.e., extremely high transformation capability) can result in 

negative consequences for the firms to generate new combinations. Such negative impact of 

extremely high transformation capability can be understood from two mechanisms: First, firms’ 

knowledge bases with extremely high flexibilities will cause internal conflicts when the firm 

tries to select internal knowledge domains to establish connections. Such internal conflicts can 

impede the firm in making the appropriate breaking-through across existing knowledge 

domains for the generation of new combinations. Second, it is very easy to establish individual 

connections between current knowledge domains for firms with extremely high levels of 

transformation capability. As such, firms are likely to have higher tendencies to rashly dissolve 

established connections and to make new connections. This also imply that they are more likely 

to go back and forth by repeatedly re-establish old connections that have dissolved before, 

which causes huge wastes of organizational resources and further constrains the firms to focus 

on generating new combinations. 

Hypothesis 2b (H2b): Licensee’s transformation capability has an inverted 

U-shaped impact on its technological exploitation through inward 

licensing. 

So far, the above hypotheses indicate that there exists distinct effects of assimilation 

capability and transformation capability on the licensees’ exploitative learning outcomes from 
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inward licensing. In this section, we propose that the magnitudes of these distinct effects are 

different. Specifically, although the transformation capability increase the variations and 

possibilities to combine current with acquired knowledge by establishing cross-domain 

connections, the efficiency of such combination is lower compared to the efficiency through 

the firms’ assimilation process. This is because the newly established connections between 

existing knowledge domains haven’t accumulated sufficient routines and experience for 

efficient integrating acquired knowledge (Jansen et al., 2006). However, as we argued before, 

the coordination practices of existing resources and assets have been routinized in each of the 

firms’ existing assimilation channels. Thus, assimilation capabilities of the licensees’ can be 

more readily help them to incorporate the acquired knowledge. As such, we expect: 

Hypothesis 2c (H2c): The magnitude of the inverted U-shaped impact of 

the licensee’s assimilation capability on its technological exploitation is 

greater than that of its transformation capability. 

Impact of Assimilation and Transformation Capabilities on Exploration 

While exploitation leads to incremental innovations that satisfy the needs of existing 

customers and markets (Danneels, 2002; Jansen et al., 2006), exploration increases variety and 

requires nonroutinized problem-solving skills and the ability to generate new knowledge that 

deviate from existing knowledge (Benner & Tushman, 2002; Levinthal & March, 1993; 

McGrath, 2001). Compared to the returns from exploitation, the returns from exploration are 

systematically less certain, more remote in time, and organizationally more distant from the 

locus of action (March, 1991: 73). In this section, we argue that the licensees’ assimilation and 

transformation capability impact their exploratory learning outcomes through distinct 

mechanisms. 

Knowledge recombination theory suggests that firms’ prior search with broader scope 
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fosters the recombination process of the firm in generate novel re-combinations (Fleming & 

Sorenson, 2001; Nelson & Winter, 1982). This indicates that the high dispersion level of the 

firms’ existing knowledge bases contributes to the firms’ efficiency to successfully recombine 

their existing knowledge with externally accessed knowledge, resulting in increased 

exploratory technological outcomes. As we argued above, a firm’s dispersion level of its 

existing knowledge base indicates the firm’s capability to assimilate knowledge from externally 

sourced technologies, we can infer that the licensees’ assimilation capability would positively 

affect their technological exploration outcomes from inward licensing activities. 

Firms’ knowledge bases with high breadth affect exploratory outcomes positively from 

external knowledge-sourcing activities through at least two mechanisms. First, knowledge 

bases with high breadth provides more opportunities for new knowledge combinations by 

adding distinctive new variations (Katila & Ahuja, 2002). That is, in order to be able to have 

novel ways to combine current with acquired knowledge, it is necessary for the focal firms to 

be equipped with greater internal variations (March, 1991). Second, the focal firms’ 

recombinatory process would be facilitated by having greater variations of knowledge in 

different domains in the firms’ existing knowledge bases (Fleming & Sorenson, 2001). The 

creation of new ideas through knowledge recombination would be constrained in the situation 

where the focal firm’s existing knowledge domains are limited. Therefore, an increase in the 

breadth of the focal firms’ existing knowledge sets adds new domains to the set, facilitating the 

possibilities of the focal firms to arrive at novel combinations through the process of 

assimilating external knowledge. 

Nevertheless, prior research also indicated that extremely high dispersion level of 

knowledge bases will have negative consequences for the firms to strive for novel 

recombination outcomes, which result in decreased exploratory performance. This indicates 

that after certain point, licensees with higher assimilation capability would experience 
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decreased outputs in generating exploratory technological outcomes from inward licensing 

activities. This is because, first, the required efforts associated with integrating external 

knowledge through the recombination processes would be increased along with the highly 

distributed knowledge bases, which cause the pay-offs to be declined. Firms with high 

dispersion level of knowledge bases have to invest significantly to manage such vastly 

distributed knowledge domains. Therefore, the firms will face increased challenges in 

effectively manage the knowledge recombination processes and the generation of novel 

recombinations. Second, the process of recombining existing knowledge with external ones 

would be misled when the firms’ knowledge domains are highly dispersed. That is, the 

ambiguities associated with identifying the most appropriate knowledge domain for the novel 

knowledge recombination are increased as the variations of the choices increase. Hence, we 

hypothesize that: 

Hypothesis 3a (H3a): Licensee’s assimilation capability has an inverted U-

shaped impact on its technological exploration through inward licensing. 

Different from the fact that firms’ with high assimilation capability will be offered with 

more opportunities for novel recombinations, having a high transformation capability suggests 

that the firm has a greater internal capability to effectively combine apparently incongruous 

sets of information into new schemas (Zahra & George, 2002: 190), suggesting more readily 

exploratory learning outcomes. The effectiveness of such combinatory process for generating 

new knowledge in new areas (i.e., exploration) is based on the firms’ ability to flexibly 

transform the existing knowledge couplings in their knowledge structures into new ones (the 

so-called “second-order competence”) in order to accommodate newly sourced external 

knowledge in more creative ways. This attributes of the transformation capability is an addition 

to its ability to flexibly transform existing knowledge elements within current knowledge 

domains, as in the argument for the effect of transformation capability on exploitation, it 
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suggests the emergence of new knowledge elements from the transformation process. When 

firms have a demonstrated ability in flexibly making such transformations, it attests to their 

ability to explore and evolve new knowledge. Such flexibility represents an ability to discover 

new interdependencies of knowledge and experiment with changes of knowledge couplings in 

knowledge structures (Yayavaram & Ahuja, 2008; Yayavaram & Chen, 2015). Hence, 

transformation capability facilitates exploratory learning from inward licensing by promoting 

the licensees’ transformation processes and allowing them to transform their existing 

knowledge structures by successfully incorporating the licensed knowledge. Such a 

transformational process further benefits the licensees in helping them cope with the risks of 

falling into competence traps and being path dependent. Therefore, transformation capability 

can facilitate a licensee’s exploration performance through inward licensing and shape its 

entrepreneurial mindset for future exploration (McGrath & MacMillan, 2000).  

Although the increases in the firms’ ability to transform the existing knowledge 

couplings into new ones enhance their exploratory learning outcomes through the 

transformation process, there are normally costs associated with any attempt to make such 

transformation (Yayavaram & Chen, 2015). As we mentioned before, the more flexible a firm’s 

knowledge base is, the more interdependencies there are among the knowledge domains in its 

consideration set, and the more complex those knowledge domains are (Ethiraj & Levinthal, 

2004; Levinthal & Warglien, 1999). Such increased complexity impose greater difficulties on 

the firms to understand the relationships between their existing knowledge couplings and the 

patterns of their knowledge structures (Fleming, 2001), which, in turn, increases the costs in 

their attempts to make any transformation of the existing knowledge couplings in their existing 

knowledge structures (Yayavaram & Chen, 2015). In conclusion, with other things being equal, 

an increase in the firms’ ability to transform their existing couplings into new ones will induce 

additional costs associated with such transformations. 
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More importantly, when such costs exceed the benefits of gaining more exploratory 

learning outcomes from inward licensing, the licensees will become less willing to devote effort 

to exploring new areas. Therefore, in such a case where generating exploratory learning 

outcomes becomes less profitable, any increase in the licensees’ ability to transform the existing 

knowledge couplings in their knowledge structure into new couplings (i.e., any increases in 

their transformation capability) will impede the firm from incorporating external knowledge 

into the generation of exploratory outcomes from inward licensing. This suggests that when 

the licensees’ transformation capability reaches the point, at which the costs incurred by their 

attempts to transform existing knowledge couplings into new ones equal to the benefits 

associated with the generation of exploratory learning outcomes, any increase in their 

transformation capability will have a negative performance implications for the generation of 

exploratory learning outcomes.  

Taken together, the licensees’ transformation capability can help them to generate more 

exploratory learning outcomes, such positive relationship is only up to a maximal point. We 

therefore expect that a moderate level of transformation capability will leads to a maximization 

of the licensees’ exploratory learning outcome from inward licensing: 

Hypothesis 3b (H3b): Licensee’s transformation capability has an inverted 

U-shaped impact on its technological exploration through inward licensing. 

Here, we have argued that the assimilation and transformation capabilities of the 

licensees also have curvilinear impact on their exploratory learning outcomes, but through 

distinct mechanisms. Such distinctions indicate that the magnitude of their impacts are likely 

to be different. In this section, we argue that the magnitude of the effect of transformation 

capability on exploration is greater than that of the assimilation capability.  

As indicated previously, broader scope associated with high assimilation capability of 
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the firm provides greater internal variations (Katila & Ahuja, 2002; March, 1991), which offers 

necessary condition for the firms to combine their current with acquired knowledge in novel 

ways based on their expertise in each of their existing knowledge domains. However, the 

rigidity inherent in the firms’ arears of expertise constrain the firms to realize such novel re-

combinations (Leonard-Barton, 1992a). That is, the added internal variations are not sufficient 

for the licensees to generate the so-called “second-order competence” (Rosenkopf & Nerkar, 

2001) that create new knowledge through recombination of knowledge across knowledge 

domains. Nevertheless, high transformation capability can provide both the necessary and 

sufficient condition to realize the novel re-combination, resulting in exploration. That is, firms 

with high transformation capability are able to flexibly transform their existing knowledge 

elements into new ones to add variations, on one hand, they can readily recombine the current 

and acquired knowledge across existing knowledge domains, resulting in exploration. 

Hypothesis 3c (H3c): The magnitude of the inverted U-shaped impact of 

the licensee’s transformation capability on its technological exploitation 

is greater than that of its assimilation capability. 

METHODS 

Data and Sample 

To test our hypotheses, we developed a research design based on using multiple sources 

of information on licensing and patent data in China. We took our license data from the Journal 

of Patent Announcements (JPA), issued quarterly by the State of Intellectual Property Office 

(SIPO) of China. The SIPO is authorized to register agreements involving technology transfers 

according to the Administration of Record Filing of Technology Licensing of the People’s 

Republic of China, which came into force in 2002. This gave the SIPO the authority to modify 

licensing agreements to promote national technological development and economic growth. 
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Under this law, licensors (domestic or foreign entities or individuals) must register their 

licensing transactions with the SIPO within three months of the date the contracts are signed. 

They must also deregister the transaction no more than ten days after the contract ends. This 

dataset thus provides us with complete information about Chinese licensing activities from 

both domestic and foreign licensors, as well as whether the licensed patents are registered with 

the SIPO or elsewhere. 

We compiled the license information from 2002 to 2006. During this period, 311 

Chinese licensees signed 7404 licensing contracts with domestic or foreign licensors. The JPA 

database contains detailed information for each technological licensing contract. Each entry 

includes the patent (application) number, the name of the invention, the licensor and licensee 

names, the location of the licensee, the contract period, and the term of the contract. We 

expanded this data into a five-year longitudinal dataset, which yielded a dataset with 1555 firm-

year observations. Due to missing information, only 1540 of those observations were included 

in our regression.  

We matched the licensing data with detailed firm-level patent information collected 

from the SIPO database, which contains over six million records of patent applications from 

1985 to 2011 in three categories (invention, utility model, and design patents) (He & Tong, 

2013). By matching the names of the licensees with the patent data, we supplemented our 

dataset with the main patent classification code of the licensed patents, the application date, 

and licensee-specific information, including the number of patents that licensees applied for 

individually from 1985 to 2011.  

In addition, we obtained the focal licensees’ operational profiles from the Annual 

Census of Industrial Enterprises. This census data, collected by the National Bureau of 

Statistics (NBS) of China, contains detailed information about a company’s operational profile, 

such as total production output, total output accounted for by new products, number of 



37 

 

employees, type of ownership, and accumulated capital investment. The NBS of China has 

endeavored to maintain high consistency in its data collection across time, industry, and 

regional area, which allows us to have confidence in employing the data for the study.  

Dependent Variables 

We separately generated three dependent variables to test the three sets of hypothesis 

in our theoretical model. To test a licensee’s technological performance through inward 

licensing in the first hypothesis, we followed a practice common in the literature of counting 

the cumulative number of patent applications after licensing. This measurement of a firm’s 

technological performance has been widely used to measure innovative performance (e.g., 

George, 2005; Henderson & Cockburn, 1996; Pakes & Griliches, 1980). We dated the patent 

counts by their application date, which controlled for differences among the patents in the time 

it took for them to be granted (Ahuja & Katila, 2001; Hall, Jaffe, & Trajtenberg, 2001; Liegsalz 

& Wagner, 2013; Sears & Hoetker, 2014), and calculated the five-year running sum of each 

licensee’s patent applications after they had signed an inward licensing agreement between 

2002 and 2006. In the regression, we included the log-transformed value of this variable to 

compensate for the high skewness of this variable. 

We included the licensee’s technological exploitation and technological exploration as 

the second and third dependent variables to test H2 and H3 separately. To generate these 

measures, we used their original definitions from the established literature (Benner & Tushman, 

2003; Jansen et al., 2006; March, 1991). Technological exploitation is measured by the number 

of new patent applications in patent classes (three-digit) in which the focal licensee has applied 

before singing the inward licensing contracts. This measurement captures the extent to which 

the development of a licensee’s technology portfolio builds on existing knowledge through 

inward licensing. Technological exploration, on the other hand, is measured by the number of 
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new patent applications in patent classes (three-digit) in which the focal licensee has never 

applied before singing the inward licensing contracts. This measurement captures the extent to 

which the development of the licensee’s technology portfolio departs from its existing 

knowledge base after inward licensing in the pursuit of innovation for emerging customers and 

markets (Jansen et al., 2006: 1666). We also log transformed these two variables in the 

regressions. 

Independent Variables 

Consistent with the aim of this paper, we focused on the licensees’ absorptive capacity 

and two separate dimensions of that, assimilation capability and transformation capability, 

which affect a firm’s knowledge integration performance through inward licensing. We used 

the total number of patents that a licensee applied for before the year of licensing to measure 

its absorptive capacity. This measurement captures the licensee’s internal capability for 

absorbing external knowledge and has been widely used in previous studies (e.g., Ahuja & 

Katila, 2001; Sears & Hoetker, 2014). Using the cumulative patent applications to measure a 

firm’s ability to integrate externally sourced knowledge corresponds closely to the conceptual 

abstraction of the absorptive capacity concept in Cohen and Levinthal’s seminal work (Cohen 

& Levinthal, 1990), which concluded that a firm’s absorptive capacity is a function of its prior 

knowledge base. Here, the knowledge base is an aggregation of the technological knowledge 

possessed by a firm, which is revealed as the number of patents the firm has applied for (Ahuja 

& Katila, 2001). To examine the curvilinear relationship proposed in H1, we included the 

squared term of this variable in the regression.  

Assimilation capability was measured by calculating a firm’s patent portfolio dispersion 

across technological classes. This measurement is consistent with previous studies in 

innovation management (e.g., Laursen et al., 2010), as is our theoretical argument leading to 
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the second hypothesis. The greater the dispersion in a firm’s technological background, the 

higher its ability to assimilate external knowledge through different channels according to the 

characteristics and categories of the external knowledge. We measured this ability as the 

complement to one of the Herfindahl–Hirschman Index (HHI) values of the licensees’ patent 

portfolio as recorded at the time of license. This index reflects the degree of dispersion in a 

licensee’s patents across different technological (three-digit IPC) classes and ranges from 0 to 

1:  


n

i i1

21  , where i  is the share of patents in the three-digit IPC class i  in the firm’s 

stock of patents. The higher the value, the broader the knowledge base that the licensee has 

accumulated and the more easily it will be able to connect its existing knowledge in various 

areas with the licensed knowledge from the other firm.  

The second dimension of absorptive capacity, the transformation capability of a firm, 

reflects the malleability of its knowledge base and requires that it has the ability to transform 

and change its existing methods for coupling knowledge elements in its knowledge structure 

for novel combinations with external knowledge, especially in the situation where the external 

knowledge is incompatible with its existing knowledge bases. A firm’s transformation 

capability enable its understanding of the situations and ideas that are initially perceived as 

incompatible with the firm’s existing cognitive structure (Todorova & Durisin, 2007; Zahra & 

George, 2002). The possession of this capability means the firms are able to transform and 

change their cognitive schemas to absorb new knowledge that is less compatible with their 

prior knowledge. 

To calculate the firms’ ability to transform and change their knowledge structure, we 

followed Yayavaram and Chen’s method, which directly measures this (Yayavaram & Chen, 

2015). That is, we compared each licensee’s knowledge coupling matrix for the t-6 to t-4 period 

with that for the t-3 to t-1 period. Doing so precluded common patents between the two 
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coupling matrices from being compared. We then calculated the weighted number of 

technology class pairs that had a significant change in coupling between these two time periods 

(Yayavaram & Ahuja, 2008; Yayavaram & Chen, 2015). To do so, we first calculated each 

licensee’s coupling of all the pairs of knowledge elements. For example, the coupling between 

technology classes j and k of a firm, kjL , , is calculated as: )/(, jkkjjkkj nnnnL  , where 

jkn  is the number of patents that are assigned to both class j and k, jn  is the number of patents 

assigned to class j but not to k, and kn is the number of patents assigned to class k but not to j. 

Second, we calculated the coupling matrix, Lj,k, of a firm’s knowledge, which consists of all 

the possible pairs of knowledge elements, kjL , , in a firm’s knowledge base. Then, we followed 

Yayavaram and Ahuja’s method to measure the ability to change in knowledge structure by 

comparing each licensee’s knowledge coupling matrix for the t-6 to t-4 period with that for the 

t-3 to t-1 period, considering only the significant changes in coupling, so as to rule out minor 

random fluctuations (Yayavaram & Ahuja, 2008: 352–353; Yayavaram & Chen, 2015: 386).  

Control Variables 

There are three groups of control variables that could be driving heterogeneous 

performance in learning-by-licensing activities: licensee-specific, licensor-specific, and deal-

specific control variables. We controlled first for licensee-specific factors that influence the 

learning results attributed to the heterogeneity of the licensees. Specifically, we controlled for 

age, which is the number of years between a firm’s founding and year t. We also controlled for 

the licensees’ average return on assets (ROA) in the five years preceding the licensing year. 

Next, we used the licensees’ total assets in the year preceding the focal licensing year to control 

for their firm size. And we included the firm and year fixed effects in all of our models. We 

also included a licensor-specific control variable in our models. That is, we controlled for the 
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level of dispersal of the sources that licensees explore, by using the total number of licensors 

the licensee has in a specific year. We label this variable “licensor”.  

We further included three deal-specific control variables: SIPO patent is the total number of 

licensed patents registered in the SIPO database (Chinese patents), and non-SIPO patent is the 

number of patents not registered in the SIPO database (foreign patents). We distinguished 

between Chinese and foreign patents because the application rules vary greatly between 

countries. In addition, we controlled for the licensees’ total number of licensing contracts 

signed in year t. We denoted this variable as “license” in our models. 

RESULTS 

As the all three dependent variables have relatively large means, so we choose linear 

models to test our hypotheses. Table 1 shows the summary statistics and correlation matrices 

for the variables of each model. 

--------------------------------- 

Insert Table 1 about here 

--------------------------------- 

The results for the hypotheses in our theoretical model are shown in Table 2. Model 1 

shows that the coefficient of the interaction term between license and the licensee’s absorptive 

capacity (z-statistic of 0.01) is positive at a 1% significance level, while the coefficient of the 

interaction between license and the squared value of the licensee’s absorptive capacity (z-

statistic of -0.86e-5) is significantly negative at 1% level. This result is consistent with our 

theoretical expectation that a licensee’s firm-specific level of absorptive capacity can facilitate 

its learning performance through inward licensing only up to a certain point. Once that 

maximum, the inflection point of the firm’s optimal level of absorptive capacity, has been 

reached, any increases in the internal technological capacity will impede the technological 

output resulting from the learning associated with inward licensing. We can interpret this 
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finding as meaning that the marginal returns on a licensee’s technological output increase along 

with increases in the intensity of that licensee’s internal technological capacity, but only up to 

a certain optimal level. The results of Model 1 therefore confirm our first hypothesis.  

--------------------------------- 

Insert Table 2 about here 

--------------------------------- 

To further investigate the different mechanisms of assimilation capability and 

transformation capability and how they affect licensees’ learning performance through inward 

licensing, we separated the licensees’ technological performance according to whether it 

generates new knowledge that builds on prior existing domains (i.e., technological exploitation) 

or strives for new domains (i.e., technological exploration).  

In Hypothesis 2a, we expected an inverted U-shaped relationship between a licensee’s 

assimilation capability and its performance in technological exploitation through inward 

licensing. Consistent with our theoretical expectations, the results in Model 2 show that the 

coefficient of the interaction term between license and the licensee’s assimilation capability, 

measured by the dispersion of its accumulated knowledge, is positive at a 10% significance 

level (z-statistic of 0.85), while the coefficient of the interaction between license and the 

squared value of the licensee’s assimilation capability is negative at a 10% significance level 

(z-statistic of -0.85). Therefore, we found strong evidence that the assimilation capability of 

licensees has an inverted U-shaped relationship with their technological exploitation 

performance through inward licensing. This finding supports Hypothesis 2a in our theoretical 

framework. In addition, we insert Model 3 to examine whether the licensees’ transformation 

capability can also affect their exploitative learning performance or not. The results also show 

significant values of both the linear term and the squared term of transformation capability in 

conjunction with license, which support our expectation in H2b. However, if we include both 

assimilation and transformation capability in the model (Model 4), the significance of the effect 
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of transformation capability on exploitation disappears. Therefore, we conclude that the H2b 

is partially supported. Besides, the magnitudes of the two inverted-U shapes are different. We 

plot our findings in Figure 3 to clearly illustrate the differences of the magnitudes of the two 

effects. This figure shows that the magnitude of the inverted U-shaped effect of assimilation 

capability on exploitation is greater than that of the transformation capability. This confirms 

our prediction in H2c. 

Model 5 to 7 show the results for the third set of hypotheses in our theoretical 

framework. The results in Model 5 suggest that the assimilation capability of licensees has a 

marginal inverted U-shaped effect on their technological exploration performance through 

inward licensing. In this model, the coefficient of the interaction term between license and the 

licensee’s assimilation capability is positive at a 10% significance level (z-statistic of 0.15), 

while the coefficient of the interaction between license and the squared value of the licensee’s 

assimilation capability is negative at a 10% significance level (z-statistic of -0.15). In addition, 

the results in Model 6 indicates that the licensees’ transformation capability also has an 

inverted-U shaped impact on exploration. However, if we include both assimilation and 

transformation capability into the model (Model 7), the significance of the effect of assimilation 

capability on exploration disappears. Therefore, we conclude that the H3a is strongly supported, 

whereas H3b is partially supported by our data. Using the similar method, we plot the different 

effects of assimilation and transformation capability on exploration to test whether the 

magnitudes of these effects are different. As shown in Figure 4, the magnitude of the inverted 

U-shape of the effect of transformation capability on exploration is greater than that of the 

assimilation capability. Therefore, the prediction of H3c is supported. 

CONCLUSION AND DISCUSSION  

Absorptive capacity has long been recognized as an important organizational factor in 
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determining a firm’s knowledge acquisition and application performance (e.g., Cohen & 

Levinthal, 1990; Jansen et al., 2006; Lane et al., 2001; Sears & Hoetker, 2014). Similarly, the 

ability to generate technological knowledge by accessing external knowledge is deemed an 

important indicator of a firm’s ability to remain competitive in rapidly changing markets 

(Henderson & Cockburn, 1994; Kogut & Zander, 1992; Teece, Pisano, & Shuen, 1997). In 

contrast to previous research focusing on the comprehensive role played by absorptive capacity 

in fostering knowledge generation and regarding firms’ absorptive capacity as having a unified 

impact on learning, in this paper, we deconstruct the absorptive capacity concept and 

investigate the distinct roles played by a firm’s assimilation capability and transformation 

capability in the distinct learning processes and their effects on the firm’s performance in 

generating two distinct types of learning outcomes – technological exploitation and 

technological exploration – through markets for technology. We argue that to understand how 

absorptive capacity affects technological performance through access to external knowledge, 

it is necessary to break down the concept of absorptive capacity and examine the different 

mechanisms behind the assimilation and transformation processes involved in generating new 

knowledge.  

Our findings reveal that a licensee’s technological performance benefits from licensed 

technologies when the focal licensee’s levels of absorptive capacity are reasonably high. This 

positive effect of absorptive capacity on the technological performance derived from inward 

licensing only applies up to a certain level, however. There is an inflection point represented 

by an optimal level beyond which any increase in absorptive capacity impedes the licensee 

from learning from inward licensing. That is, consistent with previous studies, there is an 

inverted U-shaped relationship between a firm’s internal technological capacity and its learning 

performance with regard to accessing external knowledge.  

Furthermore, we also found an inverted U-shaped relationship between a licensee’s 
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technological exploitation performance and its assimilation capability. This is due mainly to 

the fact that the assimilation process of learning is based on the routinization of the firms’ 

organizational activities in each of their area of expertise. These areas of expertise constitute 

effective channels for the licensees to assimilation external knowledge through the assimilation 

process of learning. Such process can increase the fitness in terms of combining external 

knowledge with the firms’ existing knowledge bases, resulting in increased exploitation 

performance that leads to incremental changes in knowledge. In addition, transformation 

capability also reveals an inverted U-shaped impact on exploitation. The underlying 

mechanisms here is that the transformation capability can offer flexibilities for the firms to 

integrate knowledge across existing knowledge domains within the organization. Nevertheless, 

we found that the magnitudes are different for the effects of assimilation capability and 

transformation capability on exploitation.  

Our results also show that both assimilation and transformation capability show 

inverted U-shaped impact on technological exploration performance from inward licensing. 

First, the broader scope associated with high assimilation capability offers greater opportunities 

and variations for the novel re-combinations between current and acquired knowledge, which 

fosters exploration. Second, transformation capability represents the malleability of a firm’s 

knowledge base, and it determines the firm’s ability to transform its existing knowledge 

coupling practices into new ones in order to accommodate and incorporate external knowledge 

for the generation of new knowledge in new technological domains. Nevertheless, we found 

that the effect of assimilation capability on exploration shows less impact than the effect of 

transformation capability on the licensees’ performance in the generation of exploratory 

learning outcomes. 

This paper contributes to the fields of organizational learning and innovation 

management in several ways. First, we consider the impact of distinct mechanisms of a firm’s 
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absorptive capacity on its future innovation performance, rather than viewing absorptive 

capacity as a single integrated factor (Deeds, 2001; Lane et al., 2001; Sears & Hoetker, 2014; 

Wales et al., 2013). We build on prior literature that separates assimilation capability from 

transformation capability (Todorova & Durisin, 2007) by theoretically and empirically 

disentangling these two dimensions of absorptive capacity and examining the different 

mechanisms affecting firms’ technological exploitation and technological exploration 

performance deriving from external knowledge acquisition. In doing so, we also suggest that 

the different types of technological performance pursued upon acquiring external knowledge 

(i.e., exploitation versus exploration) are fundamentally determined by different organizational 

characteristics.  

Second, our paper responds to the call from a growing number of scholars for empirical 

studies that measure the impact of firm-specific absorptive capacity in different dimensions on 

future performance in related corporate activities (Cohen & Levinthal, 1990; Dierickx & Cool, 

1989; Jansen, Van Den Bosch, & Volberda, 2005; Lane et al., 2006; Todorova & Durisin, 2007; 

Zahra & George, 2002). We come up with feasible methods to measure the firms’ assimilation 

capability and their transformation capability. Lastly, our focus on the demand side of the 

markets for technology in an emerging economy context echoes recent discussions on the role 

of such markets in diffusing technology and influencing the technological advancement of the 

acquiring firms (e.g., Arora et al., 2013; Arora & Gambardella, 2010; Cockburn et al., 2010). 

We find that firms can rely on the markets for technology to improve their own technological 

capabilities. However, such improvement is contingent on their internal abilities in terms of 

integrating the external knowledge.  

In addition to the aforementioned contributions to the literature, our study also has 

several important implications for managers. The most important of these is that managers 

should not only consider their firm’s internal capability to absorb external knowledge as an 
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integrated, comprehensive factor, but also separately consider its capability to generate 

different learning outcomes before searching for external technologies. The findings in our 

study suggest that firm managers should be aware of their specific organizational attributes 

when choosing to pursue either exploratory or exploitative development strategies. That is, 

variations in a firm’s assimilation and transformation capabilities can have a significantly 

different impacts on its performance in generating exploratory and exploitative learning 

outcomes from any external knowledge sourced. Our study suggests that firms that fail to take 

this into account can be subject to failure in achieving their goals to develop technological 

capabilities.  

Despite these considerable theoretical and managerial contributions, there are several 

possibilities for extending this study through future research. First, our research is based on the 

Chinese context, and it may not be generalizable to other emerging market contexts or to 

markets with well-developed technological capabilities. Second, the role played by absorptive 

capacity in integrating external knowledge may differ depending on how that knowledge is 

accessed. In this paper, we only consider the market for technology, but firms may choose more 

hierarchical governance modes to acquire external knowledge, such as forming equity alliances 

or acquiring other organizational entities. Future research could assume a portfolio perspective 

to simultaneously examine the role of absorptive capacity in various modes of governance for 

acquiring knowledge. Third, as shown in Figure 2, we are unable to test whether the firms need 

to go back and forth between the assimilation process and the transformation process in order 

to successfully integrate the externally sourced knowledge as suggested by Todorova and 

Durisin (2007: 779). Future research may complement our paper and try to empirically verify 

whether the assimilation capability can mediate the learning process between transformation 

capability and exploitative learning outcome, and whether the transformation capability is a 

mediator between assimilation and exploratory outcomes. 
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In addition, in their refined model of absorptive capacity, Todorova and Durisin (2007) 

introduced several contingent factors that may affect the firms’ establishment of competitive 

advantages through absorbing knowledge externally. Such contingent factors include activation 

triggers, social integration mechanisms, power relationships, and appropriability regimes. 

Although most of these contingent factors do not have direct moderation effects on the 

relationships between assimilation/transformation capability and exploitation/exploration3, the 

power relationship inside the licensees’ organizations is likely to affect their resource allocation 

decisions through the learning processes, which eventually leads to variations in the 

exploitative and exploratory learning outcomes. However, given our firm-level dataset of 

Chinese licensees, we are unable to observe the power relationship within each Chinese 

licensee. Therefore, we cannot empirically test of how the internal variations of power 

relationships between different licensees influence the effects of different capabilities on 

distinct learning outcomes. Nevertheless, we believe the core theory and main findings of this 

paper would not likely to be affected even we are unable to include this contingent factor, 

because we assume the intra-firm power relationship structure of different firms is randomly 

distributed across the sample firms in our dataset. This limitation of our paper, nonetheless, 

provides opportunities for future research that may try to pay more attention on the micro-

foundations within the firms that may have impact on the distinct learning processes. 

Finally, we measure the licensee’s assimilation capability based on the licensee’s 

knowledge base dispersion levels (Laursen et al., 2010). However, we believe the licensees’ 

knowledge depth could also be an effective factor that determine their exploitation performance 

through inward licensing (Katila & Ahuja, 2002). We were unable, however, to apply 

knowledge depth to our measurement of the licensees’ assimilation capability since the Chinese 

patent dataset we rely on does not provide us with the citation information. Therefore, we were 

                                                             
3 See Figure 3 in Todorova and Durisin’s article (Todorova & Durisin, 2007: 776). 
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unable to construct the variable of knowledge depth as suggested by Katila and Ahuja in their 

paper (Katila & Ahuja, 2002). Future research may try to apply the US patent data and construct 

the measurement for assimilation capability by using the citation information.  

 

  
Figure 1. A Model of Absorptive Capacity Based on Todorova and Durisin (2007: 776). 

 

 
Figure 2. A Refined Model of Absorptive Capacity and Research Scope of This Paper.
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Table 1. Descriptive Statistics and Correlation Matrix 

Variables Mean S.D. Min. Max. 1 2 3 4 5 6 7 8 9 10 11 12 13 

1 Technological performance 79.27 496.45 0.00 7657.00 1.00             

2 Exploitation 39.32 418.57 0.00 5216.00 0.43 1.00            

3 Exploration 22.03 256.01 0.00 2441.00 0.57 0.39 1.00           

4 Absorptive capacity 24.22 247.22 0.00 7115.00 0.29 0.45 0.08 1.00          

5 Assimilation capability 0.47 0.33 0.00 1.00 -0.20 -0.29 -0.03 -0.19 1.00         

6 Transformation capability 0.32 0.07 0.00 1.00 0.16 0.28 0.19 0.34 -0.11 1.00        

7 License 4.76 59.67 1.00 1941.00 -0.01 -0.01 -0.01 -0.01 0.08 -0.01 1.00       

8 SIPO Patent 0.84 3.92 0.00 75.00 0.03 0.02 0.03 -0.02 -0.03 -0.06 0.14 1.00      

9 Non-SIPO Patent 3.93 57.79 0.00 1887.00 0.06 0.06 0.09 -0.01 -0.08 -0.06 0.21 0.88 1.00     

10 Licensors 0.29 0.62 1.00 13.00 0.05 0.05 0.06 -0.01 -0.06 0.03 0.14 0.79 0.49 1.00    

11 Firm sizea 1.55 4.87 0.00 8.63 0.16 0.23 0.37 0.06 0.13 0.26 -0.01 0.01 0.01 0.01 1.00   

12 ROA 1.59 1.99 0.00 37.91 -0.04 -0.04 -0.04 0.01 -0.14 -0.01 -0.04 -0.03 -0.02 -0.05 -0.04 1.00  

13 Age 7.48 9.56 4.00 86.00 0.05 0.10 0.04 0.04 -0.10 0.06 -0.01 -0.02 -0.04 -0.02 -0.01 -0.12 1.00 
a Scaled by 1,000                  
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Table 2. Results of the generalized least squares (GLS) regressionsa,c 

Dependent variableb = 

Technological 
performance  Technological exploitation  Technological exploration 

 Model 1   Model 2   Model 3   Model 4   Model 5   Model 6   Model 7 

Main variables              

 License * Absorptive capacity 0.0104***             

  (2.83)             

 License * Absorptive capacity^2 -0.856e-5***             

  (-2.78)             

 License * Assimilation capability   0.854**    0.691*  0.150*    0.0904 

    (2.39)    (1.80)  (1.77)    (1.00) 

 License * Assimilation capability^2   -0.848**    -0.687*  -0.150*    -0.0912 

    (-2.18)    (-1.66)  (-1.77)    (-1.01) 

 License * Transformation capability     0.539**  0.0970    1.119**  0.992* 

      (2.27)  (1.49)    (2.27)  (1.86) 

 License * Transformation capability^2     -0.602**  -0.0975    -1.141**  -1.018* 

      (-2.39)  (-1.50)    (-2.12)  (-1.77) 

Control variables              

 Absorptive capacity 0.00343***  0.00200***  0.00198***  0.00199***  0.000934**  0.000946**  0.000938** 

  (4.69)  (7.46)  (7.41)  (7.46)  (2.52)  (2.56)  (2.54) 

 Absorptive capacity^2 -0.466e-6***  -0.269e-6***  -0.271e-6***  -0.269e-6***  -0.175e-6***  -0.171e-6***  -0.171e-6*** 

  (-4.08)  (-6.43)  (-6.50)  (-6.46)  (-3.03)  (-2.96)  (-2.97) 

 Assimilation capacity -3.443**  -1.386***  -1.529***  -1.506***  -0.473  -0.325  -0.448 

  (-2.55)  (-2.73)  (-2.99)  (-2.95)  (-0.67)  (-0.46)  (-0.63) 

 Assimilation capacity^2 2.262*  0.740  0.890*  0.865*  0.515  0.351  0.487 

  (1.89)  (1.63)  (1.94)  (1.89)  (0.81)  (0.56)  (0.77) 

 Transformation capacity 7.465***  2.371***  3.205***  2.509***  3.945***  2.889***  2.984*** 

  (4.14)  (3.07)  (4.67)  (3.20)  (4.15)  (2.70)  (2.75) 

 Transformation capacity^2 -6.271***  -1.998***  -2.733***  -2.109***  -2.914***  -1.956*  -2.026* 

  (-3.49)  (-2.64)  (-3.98)  (-2.76)  (-3.07)  (-1.87)  (-1.91) 
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 License 1.916**  0.913***  0.827***  0.814***  1.047**  1.121***  1.021** 

  (2.44)  (3.09)  (2.75)  (2.71)  (2.52)  (2.75)  (2.46) 

 SIPO Patent -1.839***  -0.823***  -0.630**  -0.689***  -1.157***  -1.381***  -1.240*** 

  (-2.79)  (-3.30)  (-2.41)  (-2.63)  (-3.20)  (-4.00)  (-3.42) 

 Non-SIPO Patent -0.916**  -0.243  -0.199  -0.230  -0.431*  -0.506**  -0.477** 

  (-2.22)  (-1.52)  (-1.22)  (-1.40)  (-1.91)  (-2.28)  (-2.11) 

 Licensors -0.0956  -0.0430  -0.123  -0.0890  0.158  0.267  0.217 

  (-0.21)  (-0.24)  (-0.69)  (-0.49)  (0.64)  (1.07)  (0.86) 

 Firm size 0.387e-4***  0.150e-4***  0.136e-4***  0.147e-4***  0.274e-4***  0.291e-4***  0.288e-4*** 

  (3.05)  (3.05)  (2.80)  (3.00)  (4.06)  (4.28)  (4.25) 

 ROA -0.116**  -0.0451**  -0.0436**  -0.0442**  -0.0129  -0.0144  -0.0139 

  (-2.06)  (-2.09)  (-2.02)  (-2.06)  (-0.43)  (-0.48)  (-0.47) 

 Age -0.0152*  -0.00475  -0.00471  -0.00464  -0.00315  -0.00310  -0.00304 

  (-1.77)  (-1.43)  (-1.42)  (-1.41)  (-0.69)  (-0.68)  (-0.67) 

 Year dummies Included  Included  Included  Included  Included  Included  Included 

 Constant 3.944***  1.332***  1.355***  1.341***  1.289***  1.264***  1.269*** 

  (8.83)  (7.84)  (7.95)  (7.90)  (5.46)  (5.38)  (5.40) 

Observations 1540   1540   1540   1540   1540   1540   1540 
a z statistics in parentheses              
b All dependent variables are in log-transformed term             
c * p<0.1  ** p<0.05  *** p<0.01 
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Figure 3. Distinct effects of assimilation and transformation capabilities on technological 

exploitation 

 

 
Figure 4. Distinct effects of assimilation and transformation capabilities on technological exploration 

 

1.2

1.25

1.3

1.35

1.4

1.45

1.5

1.55

1.6

0
.0

1

0
.0

7

0
.1

3

0
.1

9

0
.2

5

0
.3

1

0
.3

7

0
.4

3

0
.4

9

0
.5

5

0
.6

1

0
.6

7

0
.7

3

0
.7

9

0
.8

5

0
.9

1

0
.9

7

Technological 
exploitation

Assimilation capability Transformation capability

1.2

1.25

1.3

1.35

1.4

1.45

1.5

1.55

1.6

0
.0

1

0
.0

7

0
.1

3

0
.1

9

0
.2

5

0
.3

1

0
.3

7

0
.4

3

0
.4

9

0
.5

5

0
.6

1

0
.6

7

0
.7

3

0
.7

9

0
.8

5

0
.9

1

0
.9

7

Technological 
exploration

Assimilation capability Transformation capability



54 
 

  



55 
 

 

 

CHAPTER 34 

Knowledge Boundary Effects of Alliance Portfolio Configuration 

 

ABSTRACT 

Is a firm’s knowledge boundary affected by the knowledge distance in its 

alliance portfolio? Under what circumstances a firm stops internalizing 

knowledge from its alliance partners toward expanding its own knowledge 

boundary? We matched alliance information with complete patent records of 

Chinese firms, to examine how their own knowledge boundaries are affected 

by their alliance partners’ knowledge with different distances. While prior 

research suggests that leveraging knowledge with greater cognitive distance can 

help a firm overcoming local search, we find, surprisingly, that an increase in 

the cognitive distance between a firm and its partners leads to a gradually 

specialized knowledge base of the firm. Such effect becomes less pronounced 

only when the focal firm has either higher absorptive capacity or greater control 

over its alliances. 

Keywords: Knowledge boundary, alliance portfolio, specialization, cognitive distance, patent 

 

  

                                                             
4 This chapter is the result of joint work with Geert Duysters and Victor Gilsing. 
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INTRODUCTION 

Prior research taking on a knowledge-based view recognizes that a key benefit offered 

by alliance portfolios is the provision of a platform for inter-organizational knowledge transfer 

and integration across partners (e.g., Hamel, 1991; Inkpen & Tsang, 2007; Inkpen, 1998; 

Khanna, Gulati, & Nohria, 1998; Kogut, 1988; Lane & Lubatkin, 1998). In this line of research, 

most studies suggest that the exposure to knowledge sources with a larger cognitive distance 

enables a firm to integrate knowledge with greater varieties (e.g., Nooteboom et al., 2007; 

Owen-Smith & Powell, 2004; Powell, Koput, & Smith-Doerr, 1996), brings greater benefits to 

the firm (Leiponen & Helfat, 2010), and leads to a gradually expanded knowledge base of the 

firm by pushing it to go beyond local search (Rosenkopf & Nerkar, 2001; Stuart & Podolny, 

1996). But this stream of literature that looks at the bright side yet to take consideration of the 

increased costs associated with the integration of such increasingly distant knowledge from 

partners. This ignorance causes the theoretical limitation of the current literature in explaining 

the existence of gradually specialized alliance partners who opt to keep their knowledge 

boundaries fixed.  

Considering not only the benefits but also the costs associated with integrating distant 

knowledge from alliance partners, our paper complements prior studies and offers valid 

explanations of why alliance partners choose to pull back their corporate borders through 

outsourcing and divestment of their “non-core” tasks that require greater cognitive distance 

and to merely utilize other firms’ knowledge (Grant & Baden-Fuller, 2004). In particular, we 

examine to what extent the cognitive distance of knowledge in the alliance portfolios affects 

the alliance partners’ strategic choices between knowledge integration and utilization, which 

consequently affects their knowledge boundaries. Through jointly considering knowledge 

integration and knowledge utilization as two alternative strategies available for the alliance 

partners to leverage each other’s knowledge, our results suggest that as the costs induced by 
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integrating partners’ knowledge increase with the cognitive distance of such knowledge, firms 

will instead tend to merely utilize such distant knowledge and keep it outside of their own 

knowledge boundaries rather than continuously internalize it.  

As alternative strategies to leverage partners’ knowledge in alliances, the knowledge 

integration strategy and the knowledge utilization strategy will lead different outcomes to the 

knowledge boundaries of the focal alliance partners. Specifically, integrating the partners’ 

knowledge enable the focal firms to fill the blanks in their own knowledge bases through 

internalization of the knowledge. This drives the focal alliance partners to gradually expand 

their knowledge boundaries (Inkpen & Tsang, 2007). In contrast, the alliance partners will keep 

their knowledge bases specialized and their knowledge boundary stabilized without 

internalizing each other’s knowledge when they choose just to utilize the knowledge. This is 

feasible since the alliances can provide a platform for the participating firms to cooperate with 

each other and to coordinate each other’s operational activities, which allow them to outsource 

the complementary tasks to their partners without incurring the costs to do those tasks by 

themselves (Grant & Baden-Fuller, 2004; Kavusan, 2015). Accordingly, if the alliance partners 

choose to use the knowledge utilization strategy to leverage each other’s knowledge, their own 

knowledge bases would remain stable and their knowledge boundaries would be fixed (Grant 

& Baden-Fuller, 2004; Lubatkin, Florin, & Lane, 2001; Mowery et al., 1998). Hence, given the 

distinct impacts on the alliance partners’ knowledge boundaries, it is keen for the focal alliance 

partners to better understand how to choose one strategy from the other in leveraging each 

other’s knowledge.  

The cognitive distance of the alliance partners’ knowledge plays an important role in 

determining which strategy they will adopt to leverage each other’s knowledge. From a cost-

benefit point of view, integrating partners’ knowledge will become less and less desirable as 

the cognitive distance of the partners’ knowledge increases. This is because as the distance of 
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the partners’ knowledge increases, the costs associated with internalizing such knowledge 

increases and the benefits decreases. However, in such a situation where the partners’ 

knowledge becomes increasingly distant, the net benefits of merely utilizing such knowledge 

without internalization will be increased. The rationale behind is that, on one hand, utilizing 

partners’ knowledge saves the firms from incurring the costs associated with knowledge 

integration (Kavusan, 2015), on the other, it helps them to leverage complementary knowledge 

and competences, spread uncertainties, and earn relational benefits from their partners (Grant 

& Baden-Fuller, 2004; Lubatkin et al., 2001; Mowery et al., 1998). Therefore, we expect that, 

as the knowledge distance increases in the alliance portfolios, the alliance partners will 

gradually shift their strategies from integration to utilization of each other’s knowledge, which 

will eventually lead to knowledge base specialization.  

Focusing on alliance portfolios5, this paper examines the mechanisms that determine 

the knowledge boundary of a firm that engages in multiple simultaneous inter-firm 

collaborations with different partners. We advocate that alliance partners’ attempts to integrate 

and utilize knowledge in their alliance portfolios are not mutually exclusive but rather 

complementary strategies, which jointly influence the way they leverage each other’s 

knowledge and the development of their knowledge boundaries. Specifically, we argue that the 

cognitive distance of knowledge between partners in the alliance portfolios determines the 

differences in the marginal benefits between adopting the knowledge integration versus the 

knowledge utilization strategy, which in turn affects the developments of the alliance partners’ 

knowledge boundaries (i.e., gradually expanded or specialized knowledge bases). We further 

identify two contingent factors that moderate the differences in the marginal benefits: the focal 

                                                             
5 As we study the issues about acquisition and accessing of external knowledge from alliance 

partners, we conceptualize alliance portfolio by following prior research (e.g., Anand & Khanna, 

2000; Hoang & Rothaermel, 2005; Kale et al., 2002; Simonin, 1997; Zollo, Reuer, & Singh, 2002) 

that merely includes the ongoing and active collaborations engaged by the focal firm (Wassmer, 

2008). 
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partner’s knowledge integration efficiency, which is represented by its internal level of 

absorptive capacity, and the level of the focal alliance partner’s control over its partnerships 

across its alliance portfolio.  

Our study makes three important theoretical contributions to extend our understanding 

at the intersection of the firms’ strategic choices in leveraging knowledge from alliance 

portfolios and the knowledge boundary of the firms. First, accounting for the marginal benefits 

that a firm may gain from leveraging other’s knowledge complements prior studies on inter-

organizational knowledge transfer based on the network and learning perspectives (e.g., 

Mowery et al., 1996; Owen-Smith & Powell, 2004; Powell et al., 1996; Tsang, 2002). As such, 

we provide a nuanced perspective by suggesting the importance of the alliance partners in 

knowing the frontier between integrating and utilizing knowledge from each other in their 

alliance portfolios. Knowing such frontier can help the alliance partners selecting the optimal 

strategy to obtain the maximum benefits in leveraging knowledge from each other. 

Second, our theoretical arguments imply the interrelationship between the 

organizational and the technological boundary-spanning activities of the firm. Building on 

previous literature on technological search across firms’ boundaries (e.g., Hoang & Rothaermel, 

2010; Rosenkopf & Nerkar, 2001), we demonstrate that a firm’s technology boundary-spanning 

efforts can be compensated by its organizational boundary-spanning activities. That is, a firm 

can save the effort of spanning its technology boundary into areas that require greater cognitive 

distances, but instead can outsource it to external parties who has already equipped with such 

competences in order to leverage the coordinative and collaborative benefits from alliances. 

This strategy reserves the firm’s innovative efforts from internally replicating its alliance 

partner’s knowledge to its respective areas of expertise. 

Third, we contribute to the debate on the competing perspectives (i.e., the knowledge 

integration perspective and the knowledge utilization perspective) from the knowledge-based 
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view on how to leverage knowledge externally (e.g., Grant & Baden-Fuller, 2004; Inkpen & 

Tsang, 2007; Lubatkin et al., 2001; Mowery et al., 1996). Our theoretical framework reconciles 

the paradoxes between the knowledge integration and the knowledge utilization perspectives, 

and the empirical evidence suggests these two perspectives are not mutually exclusive but 

rather complementary to each other in helping us to understand how firms manage external 

knowledge. 

THEORY AND HYPOTHESES 

Leveraging Knowledge in Alliance Portfolios 

Knowledge base heterogeneity among firms implies that they differ in their knowledge 

positions, and such heterogeneity creates cognitive distances between the firms that hold these 

different knowledge bases (Nooteboom et al., 2007). Alliances connect firms with 

heterogeneous knowledge bases together and enable the participating partners to leverage each 

other’s knowledge through joint development of commercial goods. Particularly, the 

opportunity to leverage each other’s knowledge in a portfolio of alliances is the main 

comparative advantage of a firm that engages in multiple alliances simultaneously (G. Ahuja, 

2000; Baum, Calabrese, & Silverman, 2000; Duysters et al., 1999; Hoffmann, 2007; Lavie, 

2006; Wassmer, 2008). Therefore, a firm that builds up a portfolio of alliances with multiple 

partners can receive portfolio benefits that may not be available if it engaged in only one 

alliance at a given point in time (Wassmer, 2008).  

It has been widely acknowledged in the current alliance literature that two parallel 

strategies are available for the alliance partners to choose from to leverage each other’s 

knowledge: knowledge integration strategy (Dussauge, Garrette, & Mitchell, 2000; Hamel, 

1991; Inkpen & Tsang, 2007) and knowledge utilization strategy (Lubatkin et al., 2001; 

Nakamura, Shaver, & Yeung, 1996). First, comprising multiple alliances, an alliance portfolio 
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offers the participating firms a repository of knowledge and can be viewed as a vehicle for 

inter-firm knowledge transfer and integration (George, Zahra, Wheatley, & Khan, 2001; 

Wassmer, 2008). As knowledge is embedded in each firm (Grant, 1996; Kogut & Zander, 1992), 

such embeddedness makes the firm-specific knowledge adhere to a firm and limits the 

transferability of the knowledge from one firm to another (Inkpen & Tsang, 2007; Von Hippel, 

1994). Alliances, as a cooperative agreement which connects two or more independent firms 

together, provide a firm with the opportunities to acquire and internalize partners’ knowledge 

(Nooteboom et al., 2007). Therefore, alliances can be viewed as effective vehicles for firms to 

integrate their partners’ know-how and organizational routines (Gulati, 1998; Hamel, 1991; 

Inkpen & Tsang, 2007). This, in turn, facilitates the focal firms’ potential to combine their 

existing capabilities with integrated ones and to reconfigure their own organizational 

competences (Cohen & Levinthal, 1990; Kogut, 1988; March, 1991).  

Compared to having only one alliance at a given point in time, a focal firm can access 

external knowledge across its partners and from multiple sources when it engages in an alliance 

portfolio. According to social network theory, an alliance portfolio offers a broader range of 

valuable network resources from different partners (Duysters et al., 1999) and induces 

motivation to exploit structural holes between partners (Gautam Ahuja, 2000; Gulati, 1998). 

This facilitates the knowledge flow within the network and helps the building of a knowledge 

repository from which each partner can draw knowledge. By having the opportunity to 

integrate external knowledge from a broader range of partners, firms can more easily 

reconfigure their current knowledge bases by combining their existing pieces of knowledge 

with the integrated knowledge from the alliance portfolios in order to generate novel 

knowledge thereby enabling the expansion of their current knowledge bases (Grant & Baden-

Fuller, 2004; Mowery et al., 1996). 

Second, similar as offering a broader range of choices for a firm wishing to integrate 
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external knowledge from its partners, an alliance portfolio also provides a coordination 

platform for the alliance partners to outsource their incompetent tasks to others who are 

competent with. In this way, they can enjoy the coordination benefits by merely utilizing each 

other’s knowledge without internalizing it (Duysters et al., 1999; Grant & Baden-Fuller, 2004; 

Mowery et al., 1998; Wassmer, 2008). Actually, utilizing knowledge in alliances is an effective 

alternative to integrate partners’ knowledge because it is not always feasible or desirable for 

alliance partners to internalize each other’s knowledge. First, highly tacit and complex 

knowledge cannot be effectively transferred across organizational boundaries without 

acquiring the organizational unit in which that knowledge resides (Huber, 1991). Second, 

internalizing external knowledge is a time- and resource-consuming process (Lubatkin et al., 

2001) and it induces high risks and uncertainties (Cyert & March, 1992; Kelly & Amburgey, 

1991). Given the highly competitive pressures to continuously introduce new products and 

services, it is not desirable for firms to invest significantly and consistently in integrating 

external knowledge and then convert it to commercial outcomes. Therefore, when the firms 

perceive that it is undesirable to integrate their alliance partners’ knowledge, they will choose 

an alternative way to leverage that knowledge by just utilizing it. 

Unlike the integration of external knowledge that strengthens a firm’s internal capability, 

mere utilizing of partners’ knowledge without internalizing it does not contribute to the 

expansion of a firm’s existing knowledge boundary, as the firm cannot recombine its internal 

knowledge with the non-integrated external knowledge to arrive at novel outcomes (Grant & 

Baden-Fuller, 2004). This, in turn, contributes to the development of gradually specialized 

knowledge bases in the firms that focus on consolidating existing knowledge within their 

current knowledge boundaries (Grant & Baden-Fuller, 2004; Mowery et al., 1998).  

So far, we can see that various kinds of benefits can be obtained by applying either the 

knowledge integration or the knowledge utilization strategy in leveraging alliance partners’ 
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knowledge. Nevertheless, not only benefits but also costs will be generated by applying these 

strategies, and the adoption of different strategies will lead to distinct types of costs that may 

offset the respective benefits they may gain. Only consider the benefits but ignore the 

associated costs, as a large number of prior studies did, will impede the alliance partners from 

selecting the right strategy to leverage each other’s knowledge in the alliance portfolios. We 

argue that the alliance partners’ knowledge distance determines the respective benefits and 

costs associated with applying different strategies to leverage each other’s knowledge. 

Accordingly, in the following sections, we provide nuanced theoretical arguments and 

empirical evidence to show the circumstances under which one strategy will be favored over 

another, and how this will further influence the focal alliance partners’ knowledge boundaries. 

Knowledge Distance in an Alliance Portfolio and the Knowledge Boundary of a Firm 

The foregoing discussion regarding the portfolio benefits are primarily stemming from 

the fact that the focal firm may selectively integrate external knowledge from its multiple 

alliance partners and keep the rest out of its “radar zone” of knowledge integration. Stated 

differently, alliance partners can purposively and proactively adopt knowledge integration 

and/or knowledge utilization strategies to leverage each other’s knowledge. To explore how 

firms make strategic choices from these two options, and to see how such choices influence the 

firms’ knowledge boundaries, we examine the determinant role played by the distance of 

knowledge across partners within an alliance portfolio through the cost-benefit perspective. In 

particular, the knowledge distance in a focal firm’s alliance portfolio determines the marginal 

benefits between employing the knowledge integration and the knowledge utilization strategies 

to leverage its partners’ knowledge. The differences in the marginal benefits between adopting 

these two strategies drive the firm to choose the one that can bring higher benefits and these, 

in turn, impact their knowledge boundaries. 
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Specifically, in an alliance portfolio with small knowledge distances among the partners, 

the marginal benefits for each partner to integrate other’s knowledge are greater than to merely 

utilize that knowledge without internalization. In these alliance portfolios, the focal partners’ 

knowledge bases are closely related to the knowledge repository offered by the partners, which 

enable them to better recognize, assimilate, and apply their partners knowledge6 (Lane & 

Lubatkin, 1998). Therefore, integrate closely related knowledge from alliance partners can 

enhance the focal firms’ integration efficiency because of the decreased costs incurred in the 

integration process, which in turn increase their marginal benefits from internalizing closely 

related knowledge from the partners. However, the marginal benefits in merely utilizing 

partners’ knowledge are minimized in this situation since the costs associated with knowledge 

utilization will be increased. In alliance portfolios with closely related knowledge among the 

partners, much of the alliance partners’ knowledge in the knowledge repository is similar to 

and duplicate with other’s knowledge. This redundancy diminishes the benefits for the alliance 

partners to utilize each other’s knowledge because it is so similar in nature to their own. Taken 

together, alliance partners in alliance portfolios with small knowledge distances among them 

will favor integrating over utilizing each other’s knowledge, and this in turn leads to the 

gradually expanded knowledge boundaries of these firms. 

As the knowledge distance increases in the alliance portfolios, the partnering firms will 

focus more and more on consolidating their existing organizational routines and technological 

capabilities in order to leverage each other’s novel knowledge and to squeeze collaboration 

benefits (Hoffmann, 2007; Lavie, 2006) by handing exploratory tasks that require distant 

knowledge to the partners. In another word, using the knowledge utilization strategy to leverage 

                                                             
6 Nevertheless, since the related knowledge contains less information for the focal firm, there are 

fewer possibilities of creating radical innovation that is new to the world. But the focal firm can still 

combine its existing knowledge with the integrated knowledge to create novel knowledge that is new 

to the firm itself, and this leads to a gradual expansion of the firm’s knowledge boundary. 
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partners’ knowledge will become increasingly favorable as the knowledge distance in the 

alliance portfolios increases. Practically, each partner will focus on developing specialized 

capabilities and skills, and let its partners to do exploratory work on its behalf. Such division 

of tasks and responsibilities is beneficial to all the parties in the alliance portfolio, because it 

allows each of them to leverage each other’s comparative advantages, and to rely on their own 

distinct competitive advantages and core competences (Hoang & Rothaermel, 2010). In 

addition, this will save their efforts and costs to integrate external knowledge from the others. 

Collaborating with firms with greater knowledge distance enables the focal alliance 

partners to access new and cutting-edge knowledge (Nooteboom et al., 2007). However, the 

barrier for successfully integrating partners’ knowledge will be raised as the knowledge 

distance among the alliance partners getting larger. Such raised barriers result in diminishing 

marginal benefits of continuously integrating distant knowledge. First, the efficiency in 

integrating distant knowledge decreases, which requires more inputs for obtaining the 

equivalent amount of outputs as before. This, in turn, erodes the benefits for the focal alliance 

partners to integrate distant knowledge from their alliance portfolios. Second, the knowledge 

tacitness increases as the cognitive distance of knowledge increases in the alliance portfolios 

(Nooteboom et al., 2007), which causes the level of ambiguity rises when transferring tacit 

knowledge across different firms (Simonin, 1999). Thus, the attempts to integrate distant 

knowledge bring greater uncertainty to the focal alliance partner due to the raised ambiguity, 

and it requires them to invest significantly in order to mitigate such ambiguity. Such extra 

investments increase the costs for the alliance partners to integrate distant knowledge from 

each other. Accordingly, the diminished benefits and the increased costs in integrating distant 

knowledge dampens the alliance partners’ incentives to internalize such knowledge with the 

purposes to expand their current knowledge boundaries, and instead motivates them to focus 

more on their existing areas of expertise. 
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In contrast, the extra costs incurred for resolving the high ambiguity can be saved if the 

firm choose to adopt the knowledge utilization strategy. Actually, they can hand over the tasks 

that require distant knowledge to the partners who are competent with, and reserve the scarce 

resources to reinforce their existing areas of expertise. In this way, they can leverage the 

collaborative benefits across the partners in their alliance portfolios by just utilizing the distinct 

knowledge and competences of their partners (Grant & Baden-Fuller, 2004; Wassmer, 2008). 

This, in turn, enables them to become more successful in searching for new technologies within 

their existing technological boundaries, promoting continuous investment in these areas in the 

future. Therefore, when the knowledge distance in the alliance portfolio becomes larger, the 

alliance partners will become increasingly selective in choosing the knowledge that they would 

internalize. Particularly, they will become more prone to integrate the knowledge that is 

relatively closer to their own, but keep the rest with larger distance outside.  

In sum, the comparatively higher marginal benefits for the alliance partners to integrate 

each other’s knowledge in alliance portfolios with small knowledge distance, and the higher 

marginal benefits for them to merely utilize such knowledge in alliance portfolios with greater 

knowledge distance leads to our first hypothesis: 

Hypothesis 1 (H1): In an alliance portfolio, an increase in the cognitive 

distance between a focal firm’s knowledge and the knowledge of its 

partners will positively impact on the focal firm in building a gradually 

specialized knowledge base. 

Contingent Effect of Absorptive Capacity and Control over Alliances 

The aforementioned marginal benefits between integrating and utilizing knowledge in 

alliance portfolios are subject to the variations of two contingent factors of the focal alliance 

partners, namely, their internal absorptive capacity and the level of control over the 
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collaborative relationships.  

Absorptive capacity  

A firm’s internal absorptive capacity can enhance the efficiency in integrating 

cognitively distant knowledge (Nooteboom et al., 2007). Exposure to external knowledge does 

not guarantee a successful acquisition and integration of that knowledge, as it is just the 

necessary but insufficient condition for successfully internalizing the accessed external 

knowledge. In fact, the absorptive capacity of firms, defined as its ability to value, assimilate, 

and apply externally accessible knowledge (Cohen & Levinthal, 1990), helps them to realize 

the potential in integrating external knowledge, especially when such knowledge lies beyond 

the firm’s existing knowledge boundary and has a larger cognitive distance (Nooteboom et al., 

2007). Recall our previous argument that alliance partners may encounter rising barriers in 

integrating distant knowledge from each other in the alliance portfolios, the possession of 

higher absorptive capacities can effectively enhance the alliance partners’ efficiency in 

successfully integrating each other’s knowledge with increased cognitive distance. Moreover, 

higher internal capability imposes greater pressures on firms to be more innovative and grant 

them the ability to identify emerging opportunities more easily (Lavie & Rosenkopf, 2006). 

Therefore, a higher absorptive capacity offers the alliance partners both the motivation and the 

ability to integrate distant knowledge and to expand their current knowledge boundaries. This 

facilitates them to be more willing and successful to integrate each other’s knowledge in the 

alliance portfolios. 

However, if the cognitive distance of knowledge is small in the alliance portfolio, the 

alliance partners who have a higher absorptive capacity will be less likely to integrate each 

other’s knowledge. This is because, when their knowledge bases are closely related with the 

others, having a higher absorptive capacity internally can impel the focal alliance partners to 

fall into the so-called “core rigidity” (Leonard-Barton, 1992b), which impede them from 
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obtaining benefits from integrating knowledge from the others. State differently, higher internal 

absorptive capacity will leave the focal firms with very limited spaces for internalizing closely 

related knowledge from their alliance partners. Therefore, a focal alliance partner’s absorptive 

capacity is an effective moderator, because it promotes the firm to be more likely to integrate 

external knowledge with greater cognitive distance, and it rises the risk of the firm to fall into 

core rigidity and constrains them to integrate partners’ knowledge with smaller cognitive 

distance. Taken together, therefore, we hypothesize that, as the cognitive distance of knowledge 

in an alliance portfolio increases, the alliance partners with higher absorptive capacity will be 

less likely to merely utilize each other’s knowledge. Instead, they will be more likely to 

integrate such distant knowledge, which causes their knowledge boundary to become less 

specialized.  

Hypothesis 2 (H2): Absorptive capacity negatively moderates the 

positive effect of a focal firm’s cognitive distance in relation to its 

partners on a gradually specialized knowledge base of the firm.  

Control over alliances 

The level of control over alliances in an alliance portfolio is another contingent factor 

that moderates the main relationship we proposed in the first hypothesis. A greater control over 

alliances allows the focal partner to have greater authorities to coordinate the outsourced 

activities across the other partners because of a greater share of equities in the alliances. Thus, 

a greater control enables the focal alliance partner to mitigate the redundancies in utilizing 

external knowledge from partners with similar knowledge bases. Put differently, a firm that has 

greater controls over its alliances can gain greater coordination benefits by having greater 

flexibility in strategically outsourcing desired tasks that require distant knowledge to the most 

appropriate partners. This also mitigates the redundancies of investing scarce organizational 

resources in utilizing duplicated knowledge from different partners. Thus, when a firm has a 
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high level of control over an alliance portfolio with small knowledge distance, it will have 

greater motivation to outsource those activities that require distinct knowledge outside of the 

firm’s current knowledge boundary, and to reserve organizational resources to reinforce the 

knowledge within its existing knowledge boundary. This will lead to a gradually more 

specialized knowledge base.  

In contrast, when a firm’s knowledge is cognitively distant from the knowledge of its 

alliance partners, a greater control over these alliances enables a more effective transfer of 

organizationally embedded knowledge from these partners to the focal firm (Kogut, 1988; 

Mowery et al., 1996), which in turn enhance the knowledge integration efficiencies. This is 

because a more dedicated alliance partner with more equity shares in the alliances will have a 

stronger effect of integrating knowledge, especially the tacit knowledge, from its alliances 

(Mowery et al., 1996: 79). As indicated in prior studies, having a greater control over its 

alliances, a focal alliance partner can mitigate the contractual ambiguity associated with the 

alliances in question (Anand & Khanna, 2000), especially for alliances with cognitively distant 

partners. The contractual ambiguity is rooted in the nature of alliances as they are incomplete 

contracts between firms. Thus, it is difficult to manage knowledge being transferred between 

partners (Simonin, 1999) as “detailed interactions between the alliance partners can rarely be 

fully prespecified” (Anand & Khanna, 2000: 297). A control over alliances with knowledge 

distant partners, however, signals that the focal firm is more dedicated to the highly uncertain 

collaborations following from larger partner dissimilarity. This, in turn, facilitates the 

establishment of mutual trust between knowledge distant partners in an alliance, and 

contributes to a higher effect for focal firms to extract and integrate knowledge (especially tacit 

knowledge) from alliance partners. 

In this situation, where the alliance partners are cognitively more distant, the transferred 

knowledge that the focal firm integrates is quite new and is more likely to help the firm expand 
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its existing knowledge boundary. In essence, the primary motivation for a firm to have a greater 

control over its alliances with knowledge-distant partners is to gain easier access to new 

knowledge which resides in those partners. Since it is always risky and costly for firms to 

manage alliances with partners who have larger cognitive distances (Lavie & Rosenkopf, 2006; 

Nooteboom et al., 2007), from a behavioral perspective, when a firm is willing to engage 

heavily in alliances with knowledge-distant partners who are difficult to work with, it will be 

more likely for the firm to focus principally on the primary motivation (i.e., integrating new 

knowledge from cognitively distant partners).  

In sum, the level of control over alliances can have a buffer effect on the knowledge 

boundary of a firm. It motivates a firm to search for knowledge beyond the current knowledge 

boundary, and the firm becoming less specialized when collaborating with knowledge-distant 

partners. We therefore predict: 

Hypothesis 3 (H3): Level of control over alliances negatively moderates 

the positive effect of a focal firm’s cognitive distance in relation to its 

partners on a gradually specialized knowledge base of the firm.  

METHODS 

Data and Sample 

We design our study base on the alliances formed by the Chinese listed companies and 

their domestic partners from 1993 to 2007. Chinese firms are keen on upgrading their 

technological capabilities, and inter-firm collaboration provides them with a handy method of 

accessing knowledge beyond their organizational boundary. The Chinese listed companies in 

our sample are traded either in the Shanghai or in the Shenzhen exchange with RMB 

denominated shares (so-called “A shares”). We include all the alliances formed among 

domestic Chinese partners and we then combine this information with their patenting behaviors 
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in China. This research setting can automatically rule out the noisiness raised by the different 

intellectual property regimes in different countries. Moreover, the public corporate information 

of the listed firms makes the operational statistics more reliable and more accurate.  

We draw data from multiple sources to construct our sample. We extract the information 

on alliances between focal Chinese listed firms and their domestic partners between 1993 and 

2007 from the Chinese Stock Market & Accounting Research (CSMAR) database. The 

CSMAR database is a comprehensive database on the Chinese listed companies and has been 

included in the Wharton Research Data Services (WRDS) database. All the information on the 

formation of alliances is then verified and double-checked manually using the SDC Platinum 

database, the listed firms’ annual reports, as well as the alliance announcements in press 

releases using the Factiva database and corporate websites. Almost all the alliance records have 

been cross-validated by at least two resources. By following these procedures, we correct, add, 

and confirm the information on the individual deals of the alliances in our sample, including 

the announcement year, the equity shares held by the focal firm in the alliances, and the year 

the alliance was terminated7 (if applicable). Overall, we identify 10,564 alliances forged by 

231 focal Chinese listed firms. Since the unit of analysis in this paper is firm (i)-year (t), we 

aggregate the information on alliances at the firm level to construct the alliance portfolios for 

each focal Chinese firm. This yield 1,206 firm-year observations across our sampling period.  

To complete our sample, we then match the information on the Chinese listed firms’ 

alliances with the focal listed firms’ patent profiles that we obtain from the Chinese Patent 

Database in the Chinese Patent Database Project (CPDP)8. CPDP researchers have matched 

patents from China’s State Intellectual Property Office (SIPO) with Chinese listed companies 

                                                             
7 The CSMAR database only records the announcement and the formation year of the alliances, but it 

does not have the information of whether the alliance has been terminated, as well as the termination 

year. Given the high failure rate of the alliances, it is vital to control for the termination of the 

alliance.  
8 See https://sites.google.com/site/sipopdb/home 

https://sites.google.com/site/sipopdb/home
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(“Main Board”). This project follows the methods in Hall et al.’s (2001) pioneering work in 

matching U.S. patents to COMPUSTAT listed firms (He & Tong, 2013). The CPDP takes a 

universal view that encompasses all Chinese listed firms that filed patent applications after 

their initial public offering (IPO), the earliest being 1990, through 2010 (inclusive) or the year 

of delisting, whichever came first. This database contains an unbalanced panel of a total of 

17,829 firm-year observations (He & Tong, 2013: 16) with detailed patent information (e.g., 

patent application number, application year, inventor, main patent class, etc.). We also extract 

the technology portfolio information of the focal listed firms’ alliances partners. If the alliance 

partner is also a listed firm, we could similarly rely on the CPDP database in determining its 

technological profile. If the alliance partner is a non-listed firm, we compile its technology 

profile by totaling its patent applications in the SIPO patent database. Finally, we obtain the 

financial information from the CSMAR database to construct our control variables. 

Dependent Variable 

The dependent variable, 𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 , captures the extent to which a firm’s 

knowledge boundary evolves. A larger value of this variable means the focal firm focuses more 

on consolidating knowledge in its existing knowledge boundary and keeps its knowledge base 

fixed rather than on developing new competences to expand its current knowledge boundary. 

To get this variable, we first measure separately a firm’s changes over time in the creation of 

new knowledge that goes beyond its existing knowledge boundary, and the changes over time 

in consolidating knowledge that falls into its existing knowledge boundary. Here, for the 

purpose of simplicity, we use exploration to denote the variable which captures the extent to 

which firms generate new knowledge that goes beyond their existing knowledge boundaries. 

Whereas we use exploitation to denote the variable which captures the extent to which firms 

generate new knowledge that falls within their existing knowledge profiles. According to 
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Benner and Tushman (2002: 679), “exploitation innovations involve improvements in existing 

components and build on the existing technological trajectory, whereas exploration innovation 

involves a shift to a different technological trajectory”. Therefore, we measure exploration of 

a firm by tracing the number of patent applications that are outside of its existing patent classes; 

whereas we measure exploitation of a firm by counting the number of patent applications in 

the patent classes that it has already patented in before. These measurements of exploration and 

exploitation are consistent with prior studies (e.g. Nooteboom et al., 2007).  

The Chinese patent system uses the International Patent Classification (IPC) created by 

the World Intellectual Property Organization (WIPO)9 to categorize the patent applications 

based on the various claims in the application that define the novel features of the innovation 

concerned. Consistent with prior research (e.g. Alcácer & Chung, 2007; Lerner, 1994), we 

regard patents as being in the same patent class if the first three digits of their primary patent 

class10 are the same. To capture the dynamic nature of the focal firms’ knowledge boundaries, 

we run a yearly-moving comparison of exploration and exploitation (we denote the results as 

Δexploration and Δexploitation, respectively) to check the yearly changes of each firm’s 

patenting behavior in new versus existing patent classes. We then divide Δexploration by 

Δexploitation and calculate the value with a three-year moving window to measure 

𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛.   

Independent Variable and Moderators 

Knowledge distance  

The main relationship in our theoretical framework examines the impact of the 

cognitive distance between the focal firm’s knowledge base and the alliance portfolio partners’ 

                                                             
9 For a full list of IPC in WIPO, please see: http://web2.wipo.int/ipcpub/#refresh=page. 
10 The SIPO assigns each patent one or more technology classification codes that correspond to its 

various claims, and the first or primary class covers the controlling or most important claim. 

http://web2.wipo.int/ipcpub/#refresh=page
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knowledge bases on the development of the firm’s knowledge boundary. We first calculate the 

knowledge proximity between partners and then obtain the values of distance by subtracting 

the values of the knowledge proximity variable from 1. We follow prior research (e.g., Gautam 

Ahuja, 2000; van de Vrande, 2013) and use the approach suggested by Jaffe (1986) to measure 

the knowledge proximity between alliance partners based on the uncentered correlation 

between their firm-specific patent portfolio vectors, ikF  and jkF , respectively. The formula 

is as following: 
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The value of the measurement of proximity ( ijP ) ranges from 0 to 1, and the value of 

knowledge distance also ranges from 0 to 1 because knowledge distance is measured by 

subtracting proximity from 1. Therefore, a relative higher value in knowledge distance implies 

that the partners are cognitively distant from each other and means they have very different 

technological profiles and have fewer patents in the shared patent classes. If the partners focus 

on similar technology classes and have very close patent portfolios across the patent classes, 

then the value of this variable will be relative lower. Consistent with prior research (e.g., 

Gautam Ahuja, 2000), we compute the knowledge proximity between all the focal firm’s 

partners and then calculate the average to obtain the value for a given firm-year observation. 

Since our study is in an alliance portfolio setting, we compare the cognitive distance between 

a focal firm and all the partners in its alliance portfolio. That is, we construct the vector jkF

by pooling all the patents of the firm’s partners together, and then calculate the knowledge 

proximity. From the value of this variable, we can see whether a focal firm’s knowledge base 

is closely or distantly related with the partners across its alliance portfolio. 

Absorptive capacity 
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Following Cohen and Levinthal’s (1990) seminal work, we measure a firm’s absorptive 

capacity (i.e., Absorptive_Cap) by using the log-transformed value of its R&D expenditures. 

This variable captures a firm’s willingness to invest in technological development. We include 

the average value of the firms’ R&D expenditure five years prior to the alliance year to 

compensate for annual fluctuation.  

Control over alliances 

To keep consistency with prior research (e.g., Mjoen & Tallman, 1997; Mowery et al., 

1996), we include the focal Chinese firm’s equity shares as a proxy for the level of control over 

the alliances (denoted as EquityShare). We construct this variable by calculating the value of 

the average equity share hold by the Chinese firms in their individual alliance portfolios. Equity 

shareholding by each partner is a good indicator of the level of control over an alliance since 

the levels of control in an alliance can be reflected by the relative equity positions (Mjoen & 

Tallman, 1997). In the meantime, the overall control and equity ownership of the alliance can 

protect the partner firms’ valuable strategic resources that are committed to the alliances 

(Hennart, 1991). 

Control Variables 

We control for several time-variant, firm-specific, and alliance-specific factors that may 

influence the inter-firm knowledge transfer and the technological performance of a firm. Firstly, 

the size of a firm, which pertains to the amount of resources a firm possesses, may have 

opposite effects on a firm’s knowledge boundary (March, 1991). We measure firm size by using 

a logarithmic transformation of the value of a focal firm’s total assets in the preceding year to 

enhance the normality of the variable’s underlying distribution (Rothaermel & Alexandre, 

2009). Moreover, we control for firm age. As firms gradually mature, they are more likely to 

rely on their existing routines and skills (Hannan & Freeman, 1984) and less likely to alter their 
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organizational trajectories towards boundary-spanning (Kelly & Amburgey, 1991; Lavie & 

Rosenkopf, 2006). In the same vein, prior alliance experience may also influence the firms’ 

tendency in the generation of existing versus new knowledge (Anand & Khanna, 2000; Hoang 

& Rothaermel, 2010), as well as their technological performance (Gautam Ahuja, 2000; Tsai, 

2002). Prior alliance experience helps the development of collaborative skills that further 

enhances a firm’s ability in coordination with its partners (Anand & Khanna, 2000; Sampson, 

2005). Firms that have more effective coordination skills can better extract both explicit and 

tacit technological knowledge from their collaborations and utilize the obtained knowledge to 

reconfigure their existing routines. Thus, consistent with prior research (e.g., Lavie & 

Rosenkopf, 2006; Rothaermel & Alexandre, 2009), we calculate prior alliance experience as a 

count variable that accounts for all the prior alliances formed by the focal firm up until one 

year before the year of alliance.  

Firm profitability, which is measured by the focal firm’s average return on assets (ROA) 

in the preceding year, is controlled as it may reinforce existing routines that may drive out 

innovations that beyond the existing knowledge boundary (Lavie & Rosenkopf, 2006), and 

may have impact on the focal firm’s ability to convert the integrated collaborative knowledge 

into their own activities (Yang, Zheng, & Zhao, 2014). The innovativeness of a firm has a huge 

impact on the future direction of its technological advancement as a firm’s technological 

development activities are heavily path dependent (Baum et al., 2000; Rothaermel & Deeds, 

2004). We measure this variable by following prior research that use patents as the proxy for 

innovativeness (e.g., Gautam Ahuja, 2000; Owen-Smith & Powell, 2004). In particular, we 

count all the patent applications five years prior to the alliance year (Nooteboom et al., 2007) 

and then log transform it to compensate for the skewness. Financial liquidity may reduce the 

organizational resource constraint and enable the firm to venture into new technological areas. 

We capture liquidity with the variables cash, which is the natural logarithm of a firm’s cash 
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and short-term investment, and DebtEquity, its debt equity ratio. Finally, we control for the 

intertemporal trends by including the year dummies.  

Empirical Model 

Firms normally choose partners with pre-defined purposes. This renders the 

relationship in our empirical model liable to the risk of being driven by unobserved firm-

specific factors. This self-selection bias brings endogeneity problem to our model, where a 

firm’s subsequent knowledge boundary development may result from the firm’s initiative in 

selecting its collaboration partners. In another word, firms may choose to collaborate with 

cognitively distant partners in order to access non-redundant knowledge. Therefore, the 

endogeneity issue will bias the estimates in our empirical model.  

To mitigate this embedded self-selection bias, we apply a two-stage least squares (2SLS) 

model to test the hypotheses in our theoretical framework. We use an exogenous policy shock 

(Cunningham & Finlay, 2013) in the first stage of our model (Marx, Strumsky, & Fleming, 

2009; Toh & Kim, 2013) to capture the unobserved and evolving firm-specific factors that are 

unable to be controlled by the control variables or firm fixed effects with year dummies. In the 

first stage, we use the China’s accession to the World Trade Organization (WTO) in the year 

2001 as an exogenous shock to estimate the firm’s cognitive distance from its collaboration 

partners. This exogenous shock, however, is not likely to affect the firms’ knowledge 

boundaries or other omitted variables. We employ a similar approach described by Toh and 

Kim (2013) by using a Difference-in-Difference (DiD) approach in the first stage of our 

empirical model “to suppress other possible confounding effects of other events that occur 

around the same time period” (Toh & Kim, 2013: 1223). In fact, by employing this approach, 

we trace whether the shock has different impact on the resulting changes in the cognitive 

distance in relation to partners in firms that are more likely to be affected by the shock 
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(treatment group) than in firms that are less likely to be affected by the shock (control group) 

over the same time. Actually, the observations in our samples are randomly assigned by the 

policy shock into pre- and post-shock groups (i.e., alliances formed before and after the China’s 

WTO accession) and into treatment and control groups (i.e., a group of firms that are more 

likely to be affected and a group of firms that are less likely to be affected by the policy shock). 

Therefore, our 2SLS approach circumvents the self-selection bias discussed above. In the 

second stage, to demonstrate the results of our propositions, we regress the dependent variable, 

i.e., 𝑠𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛, on the predicted change in cognitive distance that we obtained from the 

first-stage model.  

For the first-stage DiD method, we use 𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘 to capture all firm-years in our 

data occurring one year after the accession; i.e., 𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘 equals to 1 for observations in 

year 2002 and 0 otherwise. To define the treatment group and the control group that receive 

different impact from the policy shock, we use the variable 𝑆𝑂𝐸 to capture firms that are 

controlled by the Chinese government as a state-owned enterprise (SOE). Because all the firms 

in our sample are listed firms, we define whether a firm is an SOE according to the “ultimate 

controller” information in the CSMAR database. 𝑆𝑂𝐸 equals to 0 if the ultimate controller of 

this firm in year 2002 is the government at all levels, or the government agencies, or state 

owned business groups, and 1 otherwise to represent the non-state-owned enterprises (non-

SOEs). This means that the shareholding by the government may be lower than fifty percent 

for the SOEs in our sample. We then multiply these two variables (i.e., 𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘 and 

𝑆𝑂𝐸) to form the key variable in the first-stage estimation. The coefficient of this variable from 

the first-stage estimation indicates the effect of the policy shock on cognitive distance from 

partners of firms who are more likely be affected by the shock, relative to other changes in the 

knowledge distance from firms that are less likely be affected by the shock over the same period. 

Model Specification 
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The estimations for each stage of our 2SLS model are as following: In the first stage, 

changes in the knowledge distance in relation to collaboration partners (i.e., 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡) are 

estimated with  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 = 𝛽0 +  𝛽1𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 + 𝛽2𝑆𝑂𝐸𝑖𝑡 +

𝛽3𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 × 𝑆𝑂𝐸𝑖𝑡 + 𝛽𝑔𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 +  휀𝑖𝑗𝑡.  (2)      

The DiD estimator, 𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 × 𝑆𝑂𝐸𝑖𝑡 , is the main variable of interest in this 

estimation. The predicted change in 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 from this estimation will then be used in the 

second stage to estimate the firm’s changes in its knowledge boundary in the following years. 

The second-stage estimation model is:  

𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑖𝑡+1 = 𝛿0 +  𝛿1𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 + 𝛿𝑔𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 +

 𝜏𝑖𝑗𝑡+1.                             (3) 

Here, 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 is the main variable of interest and 𝛿1 tests Hypothesis 1. To test the 

moderation effects in Hypothesis 2 and Hypothesis 3, we interact 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  with 

𝐴𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑣𝑒_𝐶𝑎𝑝𝑖𝑡  and 𝐸𝑞𝑢𝑖𝑡𝑦𝑆ℎ𝑎𝑟𝑒𝑖𝑡 , respectively, and test the significance of their 

coefficients in the second stage. 

RESULTS 

Table 1 reports the descriptive statistics and correlations for all the variables in our 

empirical models. The correlations suggest that multicollinearity should not affect our results. 

Preliminary tests confirmed that the VIFs of our explanatory variables were all below 10 

(Kutner, Nachtsheim, & Neter, 2003), providing further evidence that multicollinearity did not 

affect our results. 

--------------------------------- 

Insert Table 1 about here 

--------------------------------- 
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We make a preliminary check on whether the exogenous shock technique works. As 

described in previous sections, our first-stage DiD model requires that the policy shock should 

have greater impact on the 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 of the treatment group than that of the control group. 

To verify this, we split the entire sample into treatment and control groups (𝑆𝑂𝐸𝑖𝑡 = 1 or 0), 

and we show in Figure 1 the plot of the 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  separately for observations that are 

affected and not affected by the shock (𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 = 1 or 0). As clearly shown in this 

figure, although both the treatment group and the control group exhibit an increase in 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 over the shock, the increase of the treatment group is visibly larger than the control 

group. This finding provides us with confidence that the China’ WTO accession is an 

appropriate instrument for 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡. 

--------------------------------- 

Insert Figure 1 about here 

--------------------------------- 

Table 2 illustrates tests of the effect of the policy shock on 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 in the first-

stage DiD model. We include the base model with main variables in Model 1. Model 2 includes 

the DiD estimator 𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 × 𝑆𝑂𝐸𝑖𝑡 , and Model 3 allows for robust standard errors. 

𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡  is significantly positive across all models, suggesting that 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  for 

sample firms is higher in 2002 compared with the average of other years. More importantly, 

𝑃𝑜𝑙𝑖𝑐𝑦𝑆ℎ𝑜𝑐𝑘𝑖𝑡 × 𝑆𝑂𝐸𝑖𝑡 is significantly positive in both Model 2 and Model 3 (t-statistic of 

5.00 and 2.89, respectively), indicating that the WTO accession increases 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  for 

firms are more likely to be affected by the policy (i.e., non-SOEs), relative to other firms that 

are less likely to be affected the policy (i.e., SOEs). This provides further evidence beyond our 

preliminary check indicating that the policy shock is an effective instrument for 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡. 

In the second-stage estimation, we use the estimator from Model 2 as the first-stage estimation 

to predict 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡. 
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--------------------------------- 

Insert Table 2 about here 

--------------------------------- 

Table 3 shows findings for the impact of cognitive distance in alliance portfolios on the 

gradually specialized knowledge base of a firm. We only include control variables in Model 1. 

In Model 2, we include a simple ordinary least squares (OLS) model to examine the effect of 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  without instruments in order to have a baseline comparison with our 2SLS 

approach. The coefficient of 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  is positive at a one percent significant level (z-

statistic of 4.27), which strongly supports our prediction in H1. We acknowledge that this 

measure of 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 by itself without instruments may be noisy (Toh & Kim, 2013: 1226), 

as it includes other unobservable portions of the distance in relation to partners due to reasons 

of self-selection. The rest of the models show findings of the 2SLS approach. Model 3 reports 

the main effect of 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 for the 2SLS model. 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 is significantly 

positive in Model 3 (z-statistic of 3.05), suggesting that in the situation where a firm has greater 

cognitive distance from the partners in its alliance portfolio, the pace in further reinforcing its 

current knowledge boundary will be subsequently increased, compared with its pace in 

expanding the current knowledge boundary. The coefficient of 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡  is 

significantly positive in the rest models. This strongly supports H1.  

Model 4 and 5 separately test the predicted moderating effects in H2 and H3, and we 

show the complete model in Model 6. For H2, the coefficient of the interaction term 

𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 ∗ 𝐴𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑣𝑒_𝐶𝑎𝑝𝑖𝑡  is significantly negative in both Model 4 (z-statistics 

of -8.83) and Model 6 (z-statistics of -8.66). This strongly supports our prediction in H2, 

suggesting that the level of absorptive capacity dampens the positive effect of cognitive 

distance in relation to alliance partners on a gradually specialized knowledge base. Similarly, 

the coefficient of the other interaction term 𝑃𝑟𝑒𝑑_𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖𝑡 ∗ 𝐸𝑞𝑢𝑖𝑡𝑦𝑆ℎ𝑎𝑟𝑒𝑖𝑡  is also 

significantly negative in both Model 5 (z-statistics of -2.40) and Model 6 (z-statistics of -1.82). 
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These findings are in line with our hypothesized negative moderating effect in H3. 

--------------------------------- 

Insert Table 3 about here 

--------------------------------- 

To clearly demonstrate the moderating effects, we show the changes in 

𝑆𝑝𝑒𝑐𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑖𝑡+1  at different levels of the two moderators in Figure 2 and Figure 3. As 

Figure 2 shows, the absorptive capacity dampens the positive effect on knowledge 

specialization of cognitive distances between alliance partners. As expected, firms with higher 

level of absorptive capacity are less likely to keep their knowledge bases specialized when they 

are engaged in alliance portfolios with greater knowledge distances. In contrast, firms with 

lower level of absorptive capacity will develop a gradually specialized knowledge base if they 

are cognitively distant from the partners in the alliance portfolio. Figure 3 visualizes that the 

positive effect of cognitive distance in alliance portfolios on a gradually specialized knowledge 

base of the focal partner is dampened by the firm’s level of control over its alliances. In line 

with our prediction in H3, the more a firm is involve in collaboration with cognitive distant 

partners, the less likely it will be to develop a gradually specialized knowledge base.  

------------------------------------------------ 

Insert Figure 2 and Figure 3 about here 

------------------------------------------------ 

CONCLUSION AND DISCUSSION 

Drawing from the alliance portfolio angle, the present research extends our 

understanding of the effects of knowledge distance among alliance partners on defining their 

knowledge boundaries, through their strategic choices between adopting the knowledge 

integration and knowledge utilization strategy to leverage each other’s knowledge. We identify 

that not only benefits but also costs are caused by the application of these two different 

strategies. Revealing the knowledge distance as the antecedent of the marginal benefit 
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differences between adopting knowledge integration and knowledge utilization strategy to 

leverage alliance partners’ knowledge, this paper contributes to the knowledge-based view 

research by extending prior studies that only looked at the bright side for firms to integrate 

cognitively distant knowledge. In particular, increased distance of knowledge among alliance 

partners will squeeze the marginal benefits out of the attempts to integrate that knowledge, and 

this squeezing effect pushes the focal alliance partner to increasingly utilize that knowledge 

rather than to integrate. Such increasingly reliance on the knowledge utilization strategy to 

leverage other partners’ knowledge with increased cognitive distance leads the focal alliance 

partner’s knowledge boundary to be gradually specialized.  

Beyond research on knowledge distance, the findings presented in this paper have also 

implications for research on knowledge management in alliances. We show the importance of 

the firm knowing the extent to which they should stop integrating knowledge from their 

alliance partners. Prior literature on inter-organizational knowledge transfer in alliances often 

solely emphasize the knowledge integration as the only possible channel to leverage partners’ 

knowledge (e.g., Dussauge et al., 2000; Hamel, 1991; Inkpen & Tsang, 2007). This paper, 

however, offers another option for the alliance partners to leverage each other’s knowledge by 

introducing the knowledge utilization that has been largely ignored in previous literature, with 

a few exceptions (Lubatkin et al., 2001; Nakamura et al., 1996). That is, alliance participants 

can just choose to utilize each other’s knowledge without internalize it. In this way, they can 

avoid incurring extra costs in knowledge integration and put the reserved resources and efforts 

to their own areas of expertise. Our findings highlight that a firm will focus on reinforcing its 

existing knowledge base and outsource tasks that require cognitively distant knowledge to its 

alliance partners. Overall, our theoretical framework provides a strong insight on the 

determinants of the knowledge boundaries when firms are facing external knowledge 

exposures.  
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We also provide a nuanced perspective in investigating the trade-off between the extents 

of organizational and technological boundary-spanning activities. Departing from previous 

literature on technological search across firm boundaries (e.g., Hoang & Rothaermel, 2010; 

Rosenkopf & Nerkar, 2001), we show that the level of a firm’s organizational boundary-

spanning is substitutable for that of its technological boundary-spanning. We argue that the 

boundary of the knowledge base on which a firm concentrates, is determined by the relative 

cognitive distance between its own knowledge portfolio and that of its partners in the existing 

collaboration network. A firm can decide the extend of its technological boundary-spanning 

activities based on the overall cognitive distance in relation to the knowledge portfolios of all 

the partners in its collaboration networks, which is a reflection of the firm’s existing 

organizational boundary-spanning structure.  

Our study further contributes to the debate on the alternative perspectives of the 

knowledge-based view on alliances in unravelling the convergence and non-convergence of 

alliance partners’ knowledge bases (Grant & Baden-Fuller, 2004; Mowery et al., 1996, 1998). 

The knowledge integration perspective emphasizes the learning mechanism in acquiring 

partners’ firm-specific knowledge through forming alliances (Hamel, 1991; Inkpen & Tsang, 

2007) that leads to convergent knowledge bases among partners. By contrast, the knowledge-

utilization perspective focuses on the utilization of partners’ knowledge without internalizing 

it and this results in gradually specialized (i.e., non-convergent) knowledge bases (Grant & 

Baden-Fuller, 2004; Mowery et al., 1998). Our theoretical arguments suggest that these two 

alternative perspectives of the knowledge-based view on how to leverage external knowledge 

in alliances are not mutually exclusive but rather complementary to each other. We argue that 

whether a firm tends to integrate or to utilize the external knowledge hold by its partners 

depends on the comparison of the marginal benefits between integrating and utilizing that 

knowledge, and this is fundamentally determined by the cognitive distance of that knowledge 
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between partners in an alliance portfolio. The larger the distance, the higher the marginal 

benefits of utilizing knowledge over integrating it. We further identify two contingent factors 

that may influence the marginal benefit differences in leveraging distant knowledge from 

partners: the focal firm’s ability of absorbing external knowledge, which is reflected by its 

absorptive capacity, and the extent to which the focal firm controls its partnerships.  

Moreover, we offer a nuanced perspective on the knowledge boundary of a firm as a 

result of the exposure to external knowledge from partners in alliance portfolios. Our 

theoretical arguments suggest that the knowledge boundary of a firm is not static but is evolving 

based on the firm’s trajectory choices in developing its knowledge base. Here, the trajectory 

choices are induced by the firm’s strategic decisions on how to leverage external knowledge 

over time. Since the composition of its alliance partners is not static, a focal firm’s decisions 

on how to leverage external knowledge (i.e., integration versus utilization of that knowledge) 

is changing over time depending on the cognitive distance of knowledge in its alliance 

portfolios. This study is unique in that it tests the track of development of a focal partner’s 

knowledge boundary, i.e., we measure the level of knowledge specialization of the focal firm 

on a temporal moving basis.  

Three important managerial implications emerge from this study on how to efficiently 

and effectively leverage knowledge from alliance partners. First, our findings provide insight 

on how to manage alliance knowledge networks. Instead of dealing with individual alliances, 

a firm should take on a portfolio approach because the composition of alliance partners can 

affect the net benefits between integrating versus utilizing of alliance partners’ knowledge. 

Second, our results suggest that firms with weak absorptive capacities cannot achieve the target 

of expanding their existing knowledge bases by collaborating with cognitively distant partners. 

Therefore, managers should first evaluate their firms’ competences before formulating 

seemingly unrealistic goals. Finally, firms can proactively choose greater control authorities 
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over their alliance partners with distant cognition for the purpose of more efficiently capturing 

their cognitively distant knowledge.     

Our theoretical model stresses the role of collaboration in defining a firm’s knowledge 

boundary. Inter-firm collaborations offer both inducements and opportunities for firms to 

leverage external knowledge from collaboration partners (G. Ahuja, 2000). Nevertheless, the 

structure heterogeneity in different collaboration networks gives unequal resources and 

opportunities for participants who take different network positions in order to leverage external 

knowledge. This core message is also potentially applicable to other research areas that our 

theoretical arguments are not able to cover. Yet there are conceivably situations where 

collaboration does not form the only theme in alliances: competition is happening in parallel 

with collaboration within alliances (Tsai, 2002). Thus, one of the future research directions that 

springs from our propositions is to take a different perspective by bringing competition into the 

picture and investigating the joint effect of collaboration and competition (i.e., coopetition) in 

shaping a firm’s knowledge boundary.  

Likewise, studies of corporate development activities (i.e., alliance, acquisitions, and 

divestitures) typically focus on internal resource constraints and market inducements as the 

motivations for firms to reconfigure their organizational boundaries (Hennart & Park, 1993; 

Villalonga & McGahan, 2005). Yet, future research can look at how different knowledge 

leverage strategies and needs can shape a firm’s organizational boundary and change its 

behaviors in pursuing different corporate development activities. In addition, since we cannot 

track the knowledge overlap by using the common and cross citation measures (c.f., Mowery 

et al., 1998) due to the lack of patent citation records in the Chinese patent system (He & Tong, 

2013), future research can apply our theoretical framework to other contexts and evaluate 

whether the citation-based knowledge relatedness among partners in alliance portfolios can 

affect the knowledge boundary of the alliance partners. 
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Moreover, one may argue that firms’ boundary-spanning activities are subjective to   

their own intentions and discretions. Certain firms may enjoy being as specialist to take 

advantage of their unique market position by offering specialized and complementary 

technologies to a specific set of alliance partners. The alliance formation strategies of these 

deliberately specialized firms may reveal two totally opposite scenarios with respect to with 

whom to collaborate. First, specialized firms can provide highly specialized and 

complementary technologies, and these technologies are normally demanded by those firms 

who do not have the competences to produce due to large cognitive gaps. Therefore, the 

“customers” of the technologies provided by the specialized firms are those firms who are 

relatively cognitively distant from these specialists. Reversely, the technological scope of these 

specialists is constrained and they are more likely to have a narrow focus in searching for 

partners. Given the relationship between “specialization” and “choosing partners with larger 

distance” can be positive and negative, empirically, we assume that the strategic choices by 

these intended specialists are randomly distributed across the observations in my sample. 

Future studies may try to access to the primary data from the firms and examine how likely the 

variations of the firms’ own discretion on partner selection may causes variations to the finding 

of this study. 

Another limitation of this paper is that we cannot observe whether a certain alliance 

partnership has dissolved within the time span of this study. Therefore, the measurement on the 

changes of cognitive distances in an alliance portfolio cannot capture all the possible changes. 

In current research field on alliance, the dissolution information of alliance is very limited and 

difficult to access. We believe future efforts on compelling the dataset on alliance dissolutions 

can help the current understandings on how to better manage alliance activities and all the 

related topics. 

In conclusion, our study has shown that firms will abandon the strategy to integrate 
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partners’ knowledge when such knowledge is on average cognitively distant across their 

alliance portfolios, but instead adopt a strategy of simply utilizing that knowledge which leads 

to gradually specialized knowledge bases of the firms. The rationale behind either integrating 

or utilizing external knowledge from partners is stemming from their comparison of the 

marginal benefits by employing either of these two strategies in leveraging external knowledge 

from their alliance networks. Our findings suggest that in alliance portfolios with greater 

cognitive distance knowledge on average, firms will be more likely to simply utilize each 

other’s knowledge without internalizing it. This leads to gradually specialized knowledge bases 

of the firms. However, this tendency can be attenuated if the firms have higher level of 

absorptive capacities and higher level of control over their alliances. 
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Table 1. Descriptive Statistics and Correlation Matrix 

Variable No. of obs. Mean S.D. Min. Max. 1 2 3 4 5 6 7 8 9 10 11 

1 Specializationit+1 1,206 2.84 0.41 -1.00 9.00 1           

2 Distanceit 1,206 0.82 0.30 0 1 0.17* 1          

3 Absorptive_Capit
a,b 1,299 39.81 418.27 0 24,305 -0.06* -0.09* 1         

4 EquityShareit 1,206 0.36 0.28 0 1 -0.01 0.06* -0.10* 1        

5 Ageit 1,206 7.71 8.72 0 21 -0.31* -0.20* 0.08* -0.05 1       

6 Alliance_Expit 1,206 1.16 2.31 0 22 -0.15* -0.18* 0.41* -0.29* 0.43* 1      

7 Profitabilityit 1,300 0.14 6.10 -86.17 803.39 -0.00 0.03 -0.00 0.01 0.02* -0.01 1     

8 DebtEquityit
a 1,300 0.01 0.25 -1.79 1.91 -0.01 0.06* 0.00 -0.17* 0.01 0.02* 0.00 1    

9 Cashit
b 1,277 1.21 2.12 0 254.65 -0.06* -0.07* 0.39* -0.16* 0.03* 0.32* 0.07* 0.00 1   

10 FirmSizeit
a,b 1,300 1.97 2.92 0.01 71.86 0.01 0.05* 0.04* -0.21* -0.02* 0.19* -0.00 0.03* 0.28* 1  

11 Innovativenessit
b 1,206 16.84 34.51 0 1,430 -0.06* -0.10* 0.14* -0.09* 0.10* 0.38* -0.00 0.00 0.36* 0.04* 1 

 a Scaled by 1,000.                 

 b Variables are not in logarithm in these descriptive statistics and correlations. They are subsequently logged in the regression analyses (see Table 2 and 3) 

 *p<0.05                 
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Table 2. First-stage Regressions — Effect of Policy Shock on Knowledge Distance between Partners in 

Alliance Portfolio 

Dependent Variable: Distanceit 

    Model 1 Model 2 Model 3a 

PolicyShockit 0.0352*** 0.0346*** 0.0346*** 

  (3.32) (3.70) (12.70) 

SOEit 0.0189*** 0.103*** 0.103*** 

  (6.01) (6.325) (10.88) 

PolicyShock * SOE  0.139*** 0.139*** 

   (5.00) (2.89) 

Absorptive_Capit-1
b,c 0.00215 0.00167 0.00167 

  (0.33) (0.26) (0.18) 

EquityShareit-1 -0.0793*** -0.0809*** -0.0809** 

  (-2.66) (-2.75) (-2.49) 

Ageit-1 -0.00827 -0.00887 -0.00887** 

  (-0.86) (-0.93) (-2.50) 

Alliance_Expit-1 -0.0134*** -0.0129*** -0.0129 

  (-2.80) (-2.73) (-1.42) 

Profitabilityit-1 0.0155 0.0115 0.0115 

  (0.30) (0.23) (0.18) 

DebtEquityit-1
c 0.912 0.404 0.404 

  (0.64) (0.28) (0.60) 

Cashit-1
b -0.00930 -0.00803 -0.00803 

  (-1.41) (-1.23) (-1.00) 

FirmSizeit-1
b,c 0.00388 0.00255 0.00255 

  (0.55) (0.36) (0.29) 

Innovativenessit-1
b -0.0143 -0.00933 -0.00933 

  (-0.83) (-0.55) (-0.17) 

Constant 1.095*** 1.077*** 1.077*** 

  (6.27) (6.24) (6.00) 

Year dummies Included Included Included 

Firm fixed effect Included Included Included 

N, firm-year 1,206 1,206 1,206 

N, firm 231 231 231 
Note. t-statistics in parentheses. 

 a Model allows for robust errors.  

 b Variables are in logarithm. 

 c Scaled by 1,000.    

  *** p<0.01; ** p<0.05; * p<0.1. 
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Table 3. Second-stage Regressions — Effect of Knowledge Distance between Partners in Alliance Portfolio on Knowledge Specialization 

Dependent Variable: Specializationit+1 

    Model 1   Model 2   Model 3   Model 4   Model 5   Model 6 

Distanceit   0.270***         
    (4.27)         

Pred_Distanceit
a     1.249***  1.532***  1.699***  1.989*** 

      (3.05)  (3.02)  (3.20)  (3.52) 

Pred_Distanceit
 * Absorptive_Capit       -0.769***    -0.755*** 

        (-8.83)    (-8.66) 

Pred_Distanceit
 * EquityShareit         -1.475**  -1.056* 

          (-2.40)  (-1.82) 
 Absorptive_Capit

b,c -0.185***  -0.188***  -0.185***  0.455***  -0.185***  0.444*** 
  (-12.18)  (-12.54)  (-12.20)  (6.16)  (-12.27)  (6.00) 

 EquityShareit -0.0901  -0.0785  -0.0875  -0.142  1.077**  0.694 
  (-1.09)  (-0.96)  (-0.95)  (-1.64)  (2.18)  (1.49) 
 Ageit 0.0270**  0.0334***  0.0278**  0.0148  0.0264*  0.0140 
  (2.36)  (2.94)  (2.00)  (1.13)  (1.91)  (1.07) 
 Alliance_Expit 0.0280***  0.0302***  0.0283**  -0.0117  0.0371***  -0.00468 
  (2.66)  (2.91)  (2.20)  (-0.91)  (2.79)  (-0.35) 
 Profitabilityit -0.234  -0.248*  -0.235  -0.227  -0.241  -0.231* 
  (-1.56)  (-1.68)  (-1.57)  (-1.62)  (-1.62)  (-1.66) 
 DebtEquityit

c -17.21  -15.70  -16.66  -12.85  -15.41  -12.02 
  (-1.42)  (-1.32)  (-1.38)  (-1.14)  (-1.28)  (-1.07) 
 Cashit

b -0.0644***  -0.0558**  -0.0649***  -0.0594***  -0.0609**  -0.0567** 
  (-2.76)  (-2.42)  (-2.70)  (-2.64)  (-2.55)  (-2.52) 
 FirmSizeit

b,c 0.0293**  0.0264*  0.0287**  0.0267**  0.0281**  0.0263** 
  (2.09)  (1.91)  (2.03)  (2.01)  (1.99)  (1.98) 
 Innovativenessit

b 0.0723**  0.0772**  0.0720**  -0.145***  0.0917***  -0.127*** 
  (2.26)  (2.45)  (2.21)  (-3.70)  (2.73)  (-3.16) 
Constant 0.682  0.250  0.660  -0.495  0.0245  -0.930 
  (1.48)  (0.54)  (0.84)  (-0.66)  (0.03)  (-1.19) 

Year dummies Included  Included  Included  Included  Included  Included 

Firm fixed effect Included  Included  Included  Included  Included  Included 

N, firm-year 765  765  756d  756  756  756 

N, firm 190   190   184d   184   184   184 
Note. z-statistics in parentheses. *** p<0.01; ** p<0.05; * p<0.1.         

 a Pred_Distanceit is the predicted technological distance from the first stage (see Table 2, Model 2).     

 b Variables are in logarithm.           

 c Scaled by 1,000.            

 d Observations are reduced from first-stage regressions because of the leading of Specializationit+1.     
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Figure 1. Effect of Policy Shock on Firm-level Knowledge Distance 
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Figure 2. Effect of Knowledge Distance on Specialization: Moderated by Absorptive Capacity 

 

 

Figure 3. Effect of Knowledge Distance on Specialization: Moderated by Control over Alliances 
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CHAPTER 411 

The Effect of Knowledge Decomposability on Technological 

Exploration in Technological Acquisitions 

 

 

ABSTRACT 

We investigate the effect of the acquiring firm’s knowledge-base 

decomposability on its post-acquisition technological exploration. We develop 

arguments to explain how organizational variations in a firm’s capability to 

understand the interdependencies between internal knowledge elements affect 

the generation of exploratory technologies from technological acquisitions. We 

also examine how the malleability and size of the acquired knowledge base 

compensate the magnitude of this effect. Our findings suggest that firms with a 

moderate understanding of the interdependencies between internal knowledge 

elements (i.e., with a near-decomposable knowledge base) generate the most 

exploratory technologies from technological acquisitions. We also find that the 

magnitude of this effect can be enhanced by acquiring knowledge bases with 

higher malleability, or with a larger size.   

Keywords: Technological acquisition, exploration, knowledge-base decomposability, 

malleability, size. 

 

 

  

                                                             
11 This chapter is the result of joint work with Geert Duysters and Victor Gilsing. 
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INTRODUCTION 

Extant research on technological acquisitions has focused on the relationship between 

post-acquisition performance and the characteristics of the knowledge bases at the acquiring 

and the target firm (Ahuja & Katila, 2001; Kapoor & Lim, 2007; Sears & Hoetker, 2014). 

Studies on this topic have examined the characteristics of the interplay between the knowledge 

bases of acquirers and targets from various perspectives – from the effect of the size of the 

knowledge bases acquired (Ahuja & Katila, 2001) through the effect of technological 

similarities and complementarities between the acquiring and the target firm (Makri, Hitt, & 

Lane, 2010) to the effect of the knowledge bases’ technological overlap (Sears & Hoetker, 

2014). In this paper, we extend this stream of literature in two dimensions in an attempt to 

understand the relationship between the acquirer’s post-acquisition performance and the 

characteristics of the knowledge bases at both acquirer and target.  

First, we echo recent calls in the strategy and innovation management field of research 

for a better understanding of the impact of the knowledge base structure on innovation 

performance (Yayavaram & Ahuja, 2008; Yayavaram & Chen, 2015). We consider the impact 

of the decomposability of the knowledge base at an acquiring firm on its technological 

boundary-spanning performance after an acquisition (Rosenkopf & Nerkar, 2001). The level 

of decomposability is an important characteristic of a firm’s knowledge structure, since it 

determines that firm’s efficiencies in combining its existing knowledge elements with external 

ones when sourcing external knowledge, as well as the usefulness of the newly generated 

knowledge (Yayavaram & Ahuja, 2008). Organizational variations in knowledge-base 

decomposability will thus lead to differentiated post-acquisition technological outcomes in new 

knowledge generation.  

Second, in addition to identifying knowledge-base decomposability as an antecedent to 

the acquirer’s post-acquisition technological outcomes, we further focus on the role played by 
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the target firm’s knowledge bases and examine how the malleability and size of the acquired 

knowledge bases compensate for the effect of the acquirer’s knowledge-base decomposability 

on their outputs in generating new knowledge from technological acquisitions. While previous 

studies have examined the direct effects of the quantity and nature of the acquired knowledge 

bases on an acquiring firm’s overall innovation performance after acquisition (Ahuja & Katila, 

2001), we examine the roles played by these factors on the acquiring firm’s post-acquisition 

innovation performance with respect to generate exploratory technologies. By doing so, we are 

able to show how the acquiring and the acquired knowledge bases jointly affect the acquirer’s 

ability to generate technologies beyond its existing technological domains, based on both its 

own knowledge base decomposability and the attributes of the knowledge bases it acquires 

from the target firm.  

 Our study contributes to the following four primary aspects of the current understandings 

regarding technological acquisitions. First, it provides a nuanced perspective that complements 

prior studies on the relationship between the characteristics of knowledge bases and post-

acquisition innovation performance by jointly considering the acquirers and the targets. Second, 

it contributes to a deeper understanding of the underlying drivers of a firm’s technological 

boundary-spanning performance in light of its endeavors to span organizational boundaries 

(Rosenkopf & Nerkar, 2001). Third, it extends our current understanding of the effects of the 

quantity and nature of the acquired knowledge base by incorporating their compensate roles in 

the overall impact of the acquirer’s decomposability on acquisition performance with respect 

to innovations (c.f., Ahuja & Katila, 2001), and examine how they affect the magnitude of such 

impact. Finally, it complements previous studies on technological acquisitions by addressing a 

surprisingly neglected dependent variable, which is the outcomes in the generation of new 

technologies beyond the acquiring firm’s existing technological domains (i.e., technological 

exploration).  
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THEORY AND HYPOTHESES 

Technological acquisition is an effective complement to internal innovation in helping 

firms remain innovative and sustain their dynamic capabilities in highly competitive 

technology-led markets, allowing them to overcome the time-consuming, path-dependent, and 

uncertain development processes (Dierickx & Cool, 1989; Leonard-Barton, 1995) inherent to 

the rapid, frequently changing technological frontiers of the high-velocity innovation 

environment (McGrath, 2001; Sears & Hoetker, 2014). Accordingly, technological acquisition 

has drawn great attention both in the stream of acquisition literature and in the broader strategy 

field (e.g., Ahuja & Katila, 2001; Capron & Mitchell, 2009; Graebner, 2004; Kapoor & Lim, 

2007; Makri et al., 2010; Paruchuri, Nerkar, & Hambrick, 2006; Puranam, Singh, & Chaudhuri, 

2009; Puranam, Singh, & Zollo, 2006; Sears & Hoetker, 2014).  

Research on technological acquisition has focused primarily on acquisitions of 

technology-based firms (Ahuja & Katila, 2001; Leonard-Barton, 1995; McEvily, Eisenhardt, 

& Prescott, 2004; Puranam et al., 2006; Puranam & Srikanth, 2007). Analyzing such 

acquisitions allows researchers to understand the antecedents and consequences of 

technological integration and synergies among different knowledge bases and ignore 

potentially confounding factors that may be driving the latent motivations for engaging in such 

acquisitions, such as achieving economies of scale and/or scope. As such, in this paper we do 

the same by focusing exclusively on technologically motivated acquisitions by large and 

established firms (Ahuja & Katila, 2001; Sears & Hoetker, 2014).  

Extensive evidence from previous studies has shown that firms can generate new 

knowledge from technological acquisitions (Ahuja & Katila, 2001; Graebner, 2004), in the 

sense that they can leverage the acquired technological capability to “graft” onto their own 

knowledge bases (Puranam et al., 2006; Puranam & Srikanth, 2007). Technological 

acquisitions have thus been found to be an effective strategy in facilitating the acquirer’s 
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technological performance and extending its existing technological capabilities within its 

existing knowledge domains, as well as for building new technological capabilities that span 

other knowledge domains (Rosenkopf & Nerkar, 2001). In this paper, we draw on the concepts 

of exploration and exploitation from organizational learning (March, 1991) to account for the 

acquiring firm’s post-acquisition technological performance. 

Prior studies have examined the antecedents of this performance from various 

perspectives, based on the distinct characteristics of the knowledge bases involved, such as 

their sizes (Ahuja & Katila, 2001), similarities and complementarities (Makri et al., 2010), and 

overlaps (Sears & Hoetker, 2014). Generally, research in this stream has viewed the technical 

knowledge in the acquiring firms’ knowledge bases as stand-alone elements and the 

organizational knowledge bases as sets of knowledge elements or individual pieces of 

knowledge (Ahuja & Katila, 2001; Fleming, 2001). Our understanding of how the coupling 

patterns between the knowledge elements or knowledge contents of acquiring firms affect their 

post-acquisition performance has been limited, however. Yayavaram and Ahuja (2008) argued 

in their seminal work that variations in the coupling patterns between a firm’s knowledge 

elements were more fundamental than the knowledge elements themselves in determining the 

way knowledge was managed. Thus, examining the acquiring firm’s knowledge-base structure 

in terms of its coupling patterns between knowledge elements (i.e., the level of decomposability) 

allows us to explore the microfoundations and underlying mechanisms of the recombination 

processes the two previously separate knowledge bases undergo. In addition, we further 

consider the role played by specific attributes of the knowledge bases acquired (i.e., the target 

firm’s knowledge bases) that compensate for the effect of the acquiring firms’ knowledge-base 

decomposability on the post-acquisition performance. In particular, we further develop 

differential hypotheses to conceptually and empirically examine the different compensate 

effects of the malleability and size of the acquired knowledge bases on the magnitude of the 



100 

impact of the knowledge-base decomposability on post-acquisition technological performance 

at the acquiring firm. Incorporating these three distinct characteristics of knowledge bases (i.e., 

decomposability, malleability, and size) into technological acquisitions by focusing on both the 

acquiring and the target firm allows us to simultaneously test, in a way never done before, 

various factors in the post-acquisition knowledge integration stage: the effects of the acquiring 

firm’s capability to understand interdependencies in their existing knowledge elements; the 

ability of the acquired knowledge bases to undergo changes; and the recombinant efficiency. 

An acquiring firm’s post-acquisition performance can be measured in multiple ways. 

Previous studies in this stream have considered the creation of economic value (Sears & 

Hoetker, 2014), the generation of new patents (Ahuja & Katila, 2001), and the development of 

productivity from the integrated capabilities (Paruchuri et al., 2006) as performance measures 

to account for the technological acquisition outcomes. In this paper, unlike prior studies, we 

focus on an important, but widely neglected, measure of the performance related to 

technological acquisitions – technological exploration – and examine the impact of the 

acquiring firm’s knowledge base structure and the target firm’s knowledge malleability and 

size on the post-acquisition technological exploration performance relative to that of the 

technological exploitation. Technological exploration refers to the extent to which a firm 

generates new technologies that span its existing technological boundaries and pursues new 

knowledge to develop new products and services for emerging customers or markets, whereas 

technological exploitation represents the generation of incremental innovations that build on 

knowledge within existing technological boundaries and extend existing products and services 

for existing customers (Jansen et al., 2006; March, 1991; Rosenkopf & Nerkar, 2001).  

We focus on the innovation performance in terms of generating exploratory 

technologies because this has such key implications for the acquiring firms, given that such 

technologies impact their long-term, sustained success in the high-velocity environment for 
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innovations. In this paper, we are essentially examining the ill-explored question of what 

influences the generation of new technologies that span a firm’s existing technological 

boundaries in the wake of its organizational boundary-spanning endeavors (i.e., technological 

acquisitions, in our context). We believe that a deeper understanding of this question can 

provide significant contributions to the search literature, specifically, and to the strategic 

management literature, in general, because the new boundary-spanning technologies that 

emerge from a firm’s organizational boundary spanning have the greatest impact on the future 

evolution of technical knowledge in industries (Rosenkopf & Nerkar, 2001).  

In our empirical analyses, we operationalize our measure of post-acquisition innovation 

performance by calculating the proportion technological exploration takes in the total 

combined amount of technological exploration and exploitation at an acquiring firm after an 

acquisition. Although this measure is not commonly used in the study of technological 

acquisitions, it offers particular advantages in our context, since we assume that exploration 

and exploitation are two extremes of a continuum, rather than orthogonal variables (Gupta, 

Smith, & Shalley, 2006). This assumption is based on the rationale that an acquiring firm’s 

resources are constrained when attempting to develop these two types of innovation 

simultaneously, despite it having acquired limited external resources from target firms.  

Technological Acquisitions and the Acquirers’ Knowledge-base Decomposability 

Technological acquisitions are acquisitions that provide the acquiring firm with 

technological inputs from the acquired knowledge bases, adding external technological 

capabilities (Ahuja & Katila, 2001). However, these added technological capabilities only have 

potential value for the acquiring firms if they can be combined with and integrated into their 

existing knowledge bases. It is thus essential to understand the underlying drivers that facilitate 

combination and integration processes in technological acquisitions. To effectively integrate 
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the external technological inputs and to be able to successfully generate exploratory 

technologies out of them, acquiring firms must simultaneously embrace two important 

capabilities. First, they must be able to change their existing couplings between knowledge 

elements internally to create more possibilities for combining existing elements with newly 

acquired ones. Second, they must be able to select internal knowledge elements from multiple 

knowledge domains to facilitate cross-domain knowledge combinations in the post-acquisition 

phase. In order to fully understand the organizational variations in these two capabilities, we 

focus first on the acquiring firms themselves by disentangling the structures of their knowledge 

bases. 

A firm’s knowledge base can be viewed as a network consisting of individual 

knowledge elements representing the content of what the firm knows: an individual tie between 

two knowledge elements can be viewed as a knowledge coupling (Yayavaram & Ahuja, 2008; 

Yayavaram & Chen, 2015). Collectively, all knowledge couplings constitute a firm’s 

knowledge network, with the patterns of the knowledge couplings delineating the structure of 

the network. A firm’s pattern of knowledge couplings can be situated anywhere along a 

continuum from “fully decomposable (the knowledge base is composed of distinct clusters of 

knowledge elements coupled together with no significant ties between clusters) through nearly 

decomposable (knowledge clusters are discernable but are connected through cross-cluster 

couplings) to non-decomposable (no knowledge clusters emerge, and the couplings are 

pervasively distributed)” (Yayavaram & Ahuja, 2008: 333).  

We argue that, in technological acquisitions, the variations in the structure of the 

acquiring firm’s knowledge bases in terms of decomposability cause variations in their 

consequent technological exploration. This is because the decomposability of the acquiring 

firm’s knowledge bases determines, first, the ability to change their existing couplings of 

knowledge elements across different clusters within their existing knowledge bases (i.e., the 
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ability to dissolve unnecessary or less productive knowledge couplings and form new ones 

across multiple knowledge clusters); and second, the ability to choose internal knowledge 

elements from multiple clusters to combine with the acquired knowledge bases (Yayavaram & 

Ahuja, 2008; Yayavaram & Chen, 2015). Simultaneously embrace these two types of capability 

is the prerequisite for the acquiring firms to perform better with respect to generate more 

exploratory technologies from technological acquisitions, and they vary according to the 

different levels of decomposability in the acquiring firms’ knowledge bases. The variations of 

these two abilities, therefore, determines how the acquiring firms generate recombinant 

technologies by “grafting” the acquired knowledge bases onto their existing ones. These 

variations still exist even when two firms have the exact same sets of knowledge elements in 

their knowledge bases, since the fundamental difference is the way that they understand the 

interdependencies of their existing knowledge elements (Yayavaram & Ahuja, 2008).  

To understand how the variations of these two types of capability affect the acquiring 

firms’ post-acquisition technological exploration performance, we begin by considering the 

continuum of an acquiring firm’s knowledge-base decomposability at one of the extremes. In 

particular, when the acquiring firm has a non-decomposable or fully integrated knowledge base, 

the couplings will be extremely dense across all possible combinations of knowledge elements, 

and there are no visible boundaries among differentiated technological domains represented by 

distinct clusters of knowledge elements. In this situation, on one hand, the acquiring firm’s 

ability to undergo changes within its existing knowledge base is low, and on the other, it will 

be less likely to be able to choose knowledge elements from multiple distinct technological 

domains jointly to combine with the target firm’s knowledge base. This is due first to the fact 

that since almost all the knowledge elements in such integrated knowledge bases are 

interconnected, making changes to any one of them will have a considerable impact on its 

neighbors. Consequently, making changes within highly integrated knowledge networks is 
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complex and difficult, and firms that have non-decomposable knowledge bases will resist 

changing their existing couplings. Second, given the highly dense nature of non-decomposable 

knowledge bases, in which there are no distinct knowledge clusters, the acquiring firm cannot 

choose individual elements from multiple clusters internally to combine with the target firm’s 

knowledge bases, and it is less likely that the newly generated knowledge in the recombinant 

technologies will span technological domains. Therefore, firms with a non-decomposable 

knowledge base will be limited in combining their existing knowledge base with acquired 

knowledge bases to generate exploratory technologies.  

Likewise, on the opposite extreme of coupling patterns (i.e., fully decomposable 

knowledge bases), the knowledge bases are highly modularized and there are rarely any ties 

between knowledge clusters. In this situation, although the ability to change existing couplings 

is possible, such changes occur largely within independent knowledge clusters. In addition, 

when knowledge bases are modularized, the possibilities for acquirers to combine external 

knowledge elements with multiple knowledge clusters within them are lower. That is, the only 

option for the acquiring firm in the post-acquisition phase is to connect the external knowledge 

elements to existing elements within a single cluster, because there are no preexisting ties 

between knowledge clusters. Accordingly, the possibility to generate novel technologies that 

span the acquiring firm’s existing knowledge boundaries is small, thus minimizing the 

technological exploration performance resulting from technological acquisitions.  

Finally, when an acquiring firm’s knowledge base reveals a near-decomposable 

structure it means that it has distinct clusters of knowledge, on the one hand, and a few 

integrative couplings linking the clusters, on the other (Yayavaram & Ahuja, 2008: 340). Firms 

with a near-decomposable knowledge base can eliminate the disadvantages associated with 

having either a non-decomposable or fully decomposable one that impede the search for 

exploratory technologies in the post-acquisition period. First, the impact on other knowledge 



105 

couplings of any single change in the existing knowledge base will be significantly lower than 

with a non-decomposable knowledge base. Second, as opposed to both non-decomposable and 

highly decomposable knowledge bases, having a near-decomposable knowledge base allows 

firms to efficiently choose knowledge elements from multiple clusters to combine with the 

acquired knowledge bases, thus enhancing their post-acquisition technological exploration 

performance. In sum, we expect that, whereas at lower levels knowledge-base decomposability 

may positively impact the acquiring firms’ exploration performance, at higher levels such 

performance is negatively related to the decomposability in the acquiring firms’ knowledge 

bases:  

Hypothesis 1 (H1): An acquiring firm’s post-acquisition innovation 

performance in technological exploration is related to the level of 

decomposability of its knowledge base in an inverted U-shaped manner.  

Compensate Effects of the Malleability and Size of the Acquired Knowledge Bases 

  While the knowledge base structure of the acquiring firms may have the determinant 

role in influencing their post-acquisition technological exploration performance, the attributes 

of the acquired knowledge bases can impose variations in terms of how acquiring firms 

incorporate those knowledge bases internally. Here, we focus on both the nature and the 

quantity of the acquired knowledge bases and examine how their malleability and size 

compensates for the effect of the acquiring firm’s knowledge-base decomposability with 

respect to its magnitude. First, the malleability the acquired knowledge bases can compensate 

for the acquiring firms’ inability to change their internal existing knowledge couplings and their 

inability to combine external knowledge by selecting internal knowledge elements from 

multiple knowledge clusters. Second, the size of the acquired knowledge bases can increase 

the acquiring firms’ efficiency in creating new couplings of elements beyond their existing 
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knowledge domains. 

Malleability of the acquired knowledge base 

As discussed earlier, both the acquiring firms’ ability to change existing couplings 

between knowledge elements as well as their ability to select internal knowledge elements from 

multiple clusters to combine the external knowledge is determined by their knowledge-base 

decomposability. First, in either non-decomposable or fully decomposable knowledge bases, 

the capability to introduce changes across multiple knowledge clusters is low. On one hand, a 

non-decomposable knowledge structure constrains a firm’s ability to change existing couplings 

within its highly integrated knowledge base. On the other, although a highly decomposable 

knowledge structure can promote changes of couplings within each independent knowledge 

cluster, it makes introducing changes across modularized knowledge clusters extremely 

difficult, since there are rarely any existing ties connecting those isolated knowledge clusters. 

Second, the ability of selecting internal knowledge elements from multiple clusters to combine 

the external sourced knowledge is limited in the non-decomposable case and in the fully 

decomposable case. On one hand, because of having only one highly integrated knowledge 

cluster, a firm who has a non-decomposable knowledge base cannot select internal knowledge 

elements from multiple clusters to combine the external knowledge. On the other, since there’s 

no existing ties among the knowledge clusters in a firm who has fully decomposable knowledge 

base, it obviously does not have the ability to combine the external knowledge with multiple 

knowledge clusters internally. 

However, these inabilities inherent in the acquiring firms’ knowledge structures can be 

compensated by the malleability of the acquired knowledge bases. That is, we argue that, in 

the post-acquisition phase, the malleability of the acquired knowledge base can compensate for 

the acquiring firms’ lack of ability to undergo change across knowledge clusters in their 

knowledge bases, and it also can compensate for their inability to combine external knowledge 
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with internal knowledge elements that span multiple clusters. These compensate effects can 

facilitate the acquiring firms’ performance in the generation of exploratory technologies from 

technological acquisitions, regardless of the level of decomposability in their knowledge bases. 

The malleability of a firm’s knowledge base represents the extent to which knowledge 

couplings are able to change over time (Yayavaram & Ahuja, 2008); it is a measure of the 

flexibility of the interdependencies among elements of a firm’s knowledge structure12 . In 

technological acquisitions, with a given degree of the acquiring firm’s knowledge-base 

decomposability, the flexibility the acquired knowledge bases to undergo changes can lead to 

variations in the effectiveness and efficiency of the acquiring firms in integrating acquired 

knowledge elements to generate new technologies in the post-acquisition phase. Specifically, 

at one extreme, “grafting” a malleable knowledge base onto a knowledge base that is non-

decomposable increases the possibility of the acquiring firm creating new technologies that 

span their existing knowledge boundaries (i.e., exploratory technologies). This is because, 

although the acquiring firm may encounter difficulties in changing their internal knowledge 

couplings, the couplings in the malleable acquired knowledge base can be easily changed 

during the post-acquisition integration phase, which enhances the possibilities for combining 

its elements with those of the acquiring firm’s base to create new combinations. Actually, these 

new combinations are more likely to emerge outside of the acquiring firm’s highly integrated 

knowledge domain, with its densely coupled knowledge elements.  

At the other extreme, when the acquiring firm’s knowledge base is fully decomposable, 

with loosely coupled elements among the independent knowledge clusters, an acquired 

                                                             
12 The malleability of the acquired knowledge bases represents the nature of such bases in terms of the extent 
to which the existing knowledge couplings can undergo changes. It is fundamentally different from the 
decomposability of the target firms’ knowledge bases since it cannot capture the target firms’ capabilities in 
understanding the interdependencies of their knowledge couplings. Because after being acquired, the target 
firms do not exist anymore and the associated organizational capabilities will be vanished. Therefore, only the 
nature of the acquired knowledge bases is still effective in the post-acquisition phase. 
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knowledge base that is malleable can increase the acquirer’s efficiency and effectiveness in 

integrating elements and combining them with hitherto isolated knowledge clusters or 

technological domains (Ahuja & Katila, 2001; Yayavaram & Ahuja, 2008). Meanwhile, this 

increased ability to change can also make it easier for acquiring firms with nearly 

decomposable knowledge bases to recombine cross-domain knowledge by opening up more 

possibilities that further facilitate novel combinations. Thus, we expect an acquiring firm’s 

technological exploration performance can be enhanced, regardless of the level of 

decomposability in their knowledge bases, if the acquired knowledge base is more malleable. 

Hence, we hypothesize that the malleability of the acquired knowledge bases will compensate 

for the effect of the acquiring firms’ decomposability, and the magnitude of the effect on the 

post-acquisition technological exploration performance will be increased: 

Hypothesis 2 (H2): The malleability of the acquired knowledge base will 

compensate for the impact of the acquiring firms’ knowledge-base 

decomposability in such a fashion that the magnitude of the inverted U-shaped 

effect of the acquiring firm’s knowledge-base decomposability on its post-

acquisition innovation performance in technological exploration is greater 

when the acquired knowledge base is more malleable. 

Size of the acquired knowledge base 

As noticed by Ahuja and Katila (2001), the size of an acquired knowledge base can 

affect the acquiring firm’s knowledge recombination efficiencies in the post-acquisition period. 

From the traditional perspective on knowledge combination, the number of new combinations 

that a firm can create from acquiring other firms’ knowledge bases will be increased by the size 

of those bases (Ahuja & Katila, 2001; Henderson & Clark, 1990; Kogut & Zander, 1992). That 

is, the larger the knowledge base of the target firm, the higher the possibility that the acquiring 

firm can combine its existing knowledge elements with the acquired ones. However, whether 
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or not these new knowledge combinations can span the acquiring firm’s existing knowledge 

boundaries depends largely on the level of decomposability of the acquiring firm’s knowledge 

structure.  

In our arguments for Hypothesis 1, we pointed out the variations of firms’ capabilities 

in understanding the interdependencies of their existing knowledge elements. We also pointed 

out that such variations have varying impacts on the creation of boundary-spanning 

technologies from technological acquisitions, because they determine the firms’ efficiency in 

creating new couplings of elements beyond their existing knowledge domains. Such efficiency 

can also be facilitated, regardless of the structure of the acquiring firms’ knowledge bases, by 

access to a larger knowledge pool from which to choose new elements to combine with their 

existing ones. When the knowledge bases acquired are vast, the acquiring firms can execute 

more experiments with various recombinations of elements across different knowledge clusters 

and domains (Cohen & Levinthal, 1990; March, 1991; Yayavaram & Chen, 2015).  

Therefore, we argue that the size of the acquired knowledge bases will universally 

compensate for the impact of the acquiring firms’ knowledge-base decomposability on its post-

acquisition technological exploration performance. Hence, we expect: 

Hypothesis 3 (H3): The size of the acquired knowledge base will compensate 

for the impact of the acquiring firms’ knowledge-base decomposability in such 

a fashion that the magnitude of the inverted U-shaped effect of the acquiring 

firm’s knowledge-base decomposability on its post-acquisition innovation 

performance in technological exploration is greater when the size of the 

acquired knowledge base is larger. 
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METHODS 

Data and Sample 

  We drew our sample of technological acquisitions conducted by Chinese listed 

companies from the China Stock Market & Accounting Research (CSMAR) and SDC Platinum 

Mergers and Acquisitions databases for 2004 to 2007 and used Chinese patent information 

drawn from China’s State Intellectual Property Office (SIPO) to construct our main variables. 

The CSMAR database is a comprehensive database on Chinese listed companies that is also 

included in the Wharton Research Data Services (WRDS) database. We chose 2004 as the 

starting point for our sampling because that was the year that Chinese listed companies started 

systematically disclosing merger and acquisition (M&A) information in their annual reports. 

Prior to that, there was a lot of missing information on the M&A deals of Chinese listed firms. 

We were forced to use 2007 as the ending date of our sample on M&As, so that we could 

construct a three-year patent-based dependent variable: 2010 was the last year for which we 

could obtain patent data from the SIPO patent database.  

  Since the M&A deals drawn from the CSMAR database include acquisitions 

motivated by things other than chasing technologies, it was essential for us to identify the 

acquisitions in our sample that were technologically driven. To do so, we first identified 

technological acquisitions in which both the acquirer and the target had applied for patents, 

based on the patent application records in the SIPO patent database. This is in line with well-

established norms in the existing literature on technological acquisitions (Ahuja & Katila, 2001; 

Sears & Hoetker, 2014). Because all the acquirers in our sample are publicly listed firms, we 

then searched each acquirer’s annual reports and website. Later, we searched newspaper and 

magazine articles and analyst reports, in both Chinese and English, through China National 

Knowledge Infrastructure (CNKI), Baidu.com, Google.com, Business Monitor Online, 
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IBISWorld, ABI/Inform Global, and Business Source Complete, and used these other sources 

to verify and cross-check our sample of technological acquisitions. Following previous 

research (Puranam et al., 2009, 2006; Sears & Hoetker, 2014), we limited the sample to 

manufacturing firms because firms in the manufacturing sector are the main forces applying 

patents. In addition, we only included acquisitions in which the acquirer acquired 100 percent 

of the target, and we excluded toehold purchases and divestitures (Graebner, 2004; Puranam et 

al., 2006; Sears & Hoetker, 2014). By doing so, we excluded possible confounding factors that 

might influence our results due to variations in the modes of corporate governance. 

Given the possibility that an acquirer could have conducted more than one 

technological acquisition during our time frame, we limited our final sample of observations 

to those that had had only one deal. That is, we excluded acquirers that had more than one 

technological acquisition from 2004 to 2007. We used this strict filter in our sample selection 

procedure because if we allowed multiple technological acquisitions by a single acquirer, then 

the value of its technological performance, as captured in the dependent variables, would 

become a mixture of consequences resulting from its acquisition of multiple targets. With this 

sampling strategy, we actually ended up with a sample at the dyadic-level of one-on-one 

technological acquisitions. This allowed us to better examine how the characteristics of the 

acquirer’s and target’s knowledge bases jointly influence the acquiring firm’s performance in 

technological acquisitions by looking at both knowledge bases simultaneously. After using the 

aforementioned methods to filter our initial sample, we were left with 98 acquisitions involving 

98 different pairs of acquirers and targets.  

We then matched these acquirers and targets with their portfolios of patent applications. 

In keeping with prior research, we used a firm’s accumulated patent applications to account for 

its knowledge base (Ahuja & Katila, 2001; Henderson & Cockburn, 1994; Puranam & Srikanth, 

2007; Sears & Hoetker, 2014). The patents applied by a firm represent the knowledge that the 
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firm is acknowledged as having created (Jaffe, Trajtenberg, & Henderson, 1993). Therefore, 

the patents applied by the target firm prior to the acquisition measure its knowledge base. The 

patents applied by the acquirers after the acquisitions represent additional knowledge created 

through successful inventive activities after the acquisition (Ahuja & Lampert, 2001; 

Henderson & Cockburn, 1994; Puranam & Srikanth, 2007).  

We matched the acquirers with their patents by leveraging the Chinese Patent Database 

in the Chinese Patent Database Project (CPDP)13. CPDP researchers have matched patents from 

the SIPO with Chinese listed companies (“Main Board”). This project follows the methods in 

Hall et al.’s (2001) pioneering work in matching U.S. patents to COMPUSTAT listed firms (He 

& Tong, 2013). The CPDP takes a universal view that encompasses all Chinese listed firms 

that filed patent applications after their initial public offering (IPO), the earliest being from 

1990, through 2010 (inclusive) or the year of delisting, whichever came first. This database 

contains an unbalanced panel of a total of 17,829 firm-year observations (He & Tong, 2013: 

16) with detailed patent information (e.g., patent application number, application year, inventor, 

main patent class, etc.). Moreover, if the target firm was also a listed firm, we could similarly 

rely on the CPDP database in determining its technological profile. If the target firm was a non-

listed firm, we compiled its technology profile by totaling its patent applications in the SIPO 

patent database. Finally, we obtained financial information on the acquiring firms from the 

CSMAR database to construct our control variables. 

Dependent Variable 

We applied a patent-based measurement to construct the dependent variable in our study. 

The dependent variable, technological exploration, captures the extent to which the acquiring 

firm spans its existing technological boundaries through an organizational boundary-spanning 

                                                             
13 See https://sites.google.com/site/sipopdb/home 

https://sites.google.com/site/sipopdb/home
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activity – technological acquisition. To construct this variable, we first differentiated the 

acquiring firm’s innovation performance in the area of technological exploration versus that in 

technological exploitation by looking at whether or not patents applied by the acquiring firm 

post-acquisition belonged to the same patent classes14 that had been patented in before the 

technological acquisition. That is, if a new patent application belonged to a patent class in 

which the acquirer has already patented, then we viewed this patent as exploitative output 

generated by the acquiring firm through its technological acquisition. If an acquirer applied for 

a new patent in a patent class in which it had never before patented, then we regarded this 

patent application as an exploratory output.  

For each technological acquisition deal, we calculated the acquirer’s total exploratory 

and exploitative outputs in the subsequent three years. We then constructed our dependent 

variable by calculating, for the period after the acquisition, the value of the percentage of 

technological exploration in the acquiring firm’s total technological exploration and 

exploitation activities combined. This measurement of the acquiring firm’s post-acquisition 

innovation performance in terms of technological exploration is consistent with Rosenkopf and 

Nerkar’s notion of a firm’s technological boundary-spanning activities (Rosenkopf & Nerkar, 

2001). 

Independent Variables 

We followed Yayavaram and Ahuja’s procedure to construct the level of 

decomposability of the acquiring firm’s knowledge base (Yayavaram & Ahuja, 2008). To do 

this, we first collected information on all the patents the acquiring firms had applied in the five 

years preceding the year of a focal technological acquisition. Using a five-year window for a 

firm’s patenting behavior to measure its knowledge base is consistent with prior research in 

                                                             
14 In this paper, we look at patents at the three-digit patent class level. 
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this area (Ahuja & Katila, 2001; Nooteboom et al., 2007; Sears & Hoetker, 2014). Each patent 

was assigned to at least one patent class when the patent applicant registered it with the SIPO. 

Consistent with prior research, we assume these patent classes represent the knowledge 

elements in the firm’s knowledge base (Fleming & Sorenson, 2001; Yayavaram & Ahuja, 2008). 

The SIPO is in charge of assigning the appropriate patent class or classes to each patent based 

on the International Patent Classification (IPC) system. Next, we followed prior research in 

calculating the acquiring firm’s knowledge-base decomposability (Yayavaram & Ahuja, 2008). 

As we have mentioned before, we view the structure of a firm’s knowledge base as a network; 

accordingly, the nodes in this network represent the technology classes assigned to a patent and 

the ties represent the multiple classes to which a given patent is assigned.  

For each firm i , the coupling between its technology classes j  and k , jkiL , , can be 

calculated as: )/(, jkkjjkjki nnnnL  , where jkn  is the number of patents assigned to both 

classes j and k; whereas jn  is the number of patents assigned to class j but not k and kn is the 

number of patents assigned to class k but not j. After that, we calculated the coupling matrix, 

Li,jk, of a focal acquiring firm i ’s knowledge base, which consists of all the possible pairs of 

the knowledge elements, jkiL , , in the firm’s knowledge base. We then identified the strength 

of association between patent classes based on the coupling matrix. If the coupling between 

classes was strong (i.e., above the median), the patent classes were argued to be clustered for 

the firm. We took into account the fact that the median degree of coupling depends largely on 

the size of the patent portfolio. Following Yayavaram and Ahuja (2008), we estimated the 

median value of coupling as a function of portfolio size and time, to provide a comparable 

measure across portfolios. We then calculated the level of integration as

]2/)1'*('/['  jjjj kknnIntegratio , where 'n  represents the neighbors of node j  outside 

its cluster, and the denominator represents the maximum number of ties between those out-of-
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cluster nodes. Finally, we took this measure to the firm level by summing up the clustering 

coefficients of each node multiplied by its weight in terms of patents in the class. The level of 

decomposability of focal firm i ’s knowledge base was calculated as: 


total

jclass
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patent

patent
nIntegratioilityDecomposab

#

#
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The malleability of the acquired knowledge base is determined by the nature of the 

target firm’s knowledge structure and represents its ability to undergo change (Yayavaram & 

Ahuja, 2008; Yayavaram & Chen, 2015). To measure this contingent variable in our theoretical 

model, we followed Yayavaram and Chen’s method, which directly measures the extent to 

which a firm’s knowledge structure can change (Yayavaram & Chen, 2015). That is, we 

compared each target firm’s knowledge coupling matrix for the t-6 to t-4 period with that for 

the t-3 to t-1 period. Doing so precluded common patents between the two coupling matrices 

being compared. We then calculated the weighted number of technology class pairs that 

experienced a significant change in coupling between these two time periods (Yayavaram & 

Ahuja, 2008; Yayavaram & Chen, 2015). Similar to the procedure used to measure the 

acquiring firm’s knowledge-base decomposability, we first calculated each target firm’s 

coupling matrix, L’j,k. Then, we compared the matrix for the t-6 to t-4 period with that for the 

t-3 to t-1 period and only considered significant changes in coupling, to rule out minor random 

fluctuations (Yayavaram & Ahuja, 2008: 352–353; Yayavaram & Chen, 2015: 386). 

Consistent with prior studies, we counted each target firm’s total number of patents in 

the five years prior to its acquisition to calculate the size of the acquired knowledge base (Ahuja 

& Katila, 2001: 207). We used a logarithmic transformed value of this variable in the 

regressions to enhance the normality of the variable’s underlying distribution. 
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Control Variables 

  We included several time-variant, firm-specific, and acquisition-specific control 

variables that may influence the performance of acquiring firms in integrating the acquired 

knowledge bases. We also constructed four control variables to account for acquirer-specific 

characteristics. First, we controlled for the acquisition experience of the acquirers. The value 

of this variable is the total number of acquisitions conducted in the five years preceding the 

announcement year of the focal technological acquisition. We limited this to five years because 

extant empirical evidence has shown that there is a depreciation in the managerial knowledge 

gained from such experiences (Sampson, 2005; Sears & Hoetker, 2014). Second, we used the 

acquirer’s total assets in the year preceding the focal acquisition year to control for its firm size. 

We included the natural logarithm of the value of this variable in our regressions. Furthermore, 

we controlled for the acquiring firms’ average R&D intensity and average return on assets 

(ROA) in the five years preceding the acquisition year, since these variables affect their ability 

to convert acquired knowledge into innovative performance (Makri et al., 2010), as well as 

their ability in generating technological outputs based on their internal capabilities. 

We included the transaction value as another control variable to account for the deal-

specific characteristics of the technological acquisitions in our sample. We also controlled for 

the industry relatedness between acquiring and target firms with a dummy variable, coded as 

1 when they were both in the same four-digit SIC class. Finally, we included year dummies to 

control for unobserved heterogeneity associated with the acquisition years in our sample 

(Schijven & Hitt, 2012). In addition, to control for a potential specification bias arising from 

unobserved heterogeneity, we included the acquiring firm’s lagged technological exploration 

measure.  
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RESULTS 

Table 1 shows the descriptive statistics and pairwise correlations of the variables in our 

empirical model. To check whether our empirical models were affected by multicollinearity 

among the variables, we examined the variance inflation factors (VIFs) of our variables. The 

resulting VIF values were all below the commonly accepted threshold value of 10, so we 

concluded that multicollinearity did not pose a significant problem in our analyses.  

--------------------------------- 

Insert Table 1 about here 

--------------------------------- 

  The main results of our hypotheses are presented in Table 2. Model 1 depicts the 

baseline model, including all the control variables, as well as the compensate factors (i.e., 

malleability and size of the acquired knowledge bases) in our theoretical framework. As we 

expected, the malleability of the acquired knowledge base is positively related to the post-

acquisition technological exploration of the acquiring firms (p < 0.05 in Model 1). However, 

the size of the acquired knowledge bases do not show significant correlation with the post-

acquisition technological exploration of the acquiring firms. This is probably because of the 

way we operationalized the dependent variable, technological exploration, as a proportion of 

technological exploration and exploitation combined, rather than following the previous 

literature and testing it by using the overall technological output after acquisition (e.g., Ahuja 

& Katila, 2001).  

--------------------------------- 

Insert Table 2 about here 

--------------------------------- 

In Model 2, we included the main independent variable, decomposability, and its 

squared term in the regression to test the direct effect in our theoretical model. In Hypothesis 

1, we expected that the relationship between an acquiring firm’s knowledge-base 
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decomposability and its post-acquisition technological exploration would be an inverted-U 

shape. This implies that acquiring firms with near-decomposable knowledge bases can achieve 

the greatest outputs in generating exploratory technologies through technological acquisitions. 

The results in Models 2 support our prediction in Hypothesis 1, because the linear terms for 

decomposability are positive and significant (β = 0.446, p < 0.01), whereas the squared terms 

for decomposability are negative and significant (β = -0.264, p < 0.05). 

Models 3 to 6 show the results for testing the two compensate effects as we predicted 

in Hypotheses 2 and 3. We did so by testing Hypothesis 2 with the sample split at the median 

of the acquired knowledge-base malleability and then testing Hypothesis 3 with the sample 

split at the median of the acquired knowledge-base size. Model 3 and 4 display the results for 

our test of Hypothesis 2. At both levels of the acquired knowledge-base malleability, the 

coefficients of the linear terms for decomposability of the acquiring firm’s knowledge bases 

are positive and significant, whereas the coefficients of its squared terms are negative and 

significant, which further confirmed our prediction in Hypothesis 1 that the relationship 

between decomposability and technological exploration is in an inverted U-shaped manner. 

However, the magnitudes of the two inverted-U shapes are different at different levels of the 

malleability of the acquired knowledge bases. At high levels of malleability (i.e., Model 4), the 

maximum value of the technological exploration (0.482) and the intercept (0.210) of the 

inverted-U shape are larger than the values at low levels in the Model 3 (maximum value is 

0.270, and intercept is 0.170). Therefore, at a given level of decomposability of the acquiring 

firms’ knowledge bases, the post-acquisition technological exploration is greater when the 

acquired knowledge bases are more malleable. A comparison of the coefficient differences of 

decomposability and its squared term between low and high malleability of the acquired firms’ 

knowledge structure shows that the two coefficients of the linear term are statistically different 

from each other at 1% significance level (β = -0.152, p < 0.01), and the two coefficients of the 
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squared term are also statistically different from each other at 5% significance level (β = 0.377, 

p < 0.05) Overall, these results support Hypothesis 2 that the malleability of the acquired 

knowledge bases can compensate for the effect of decomposability on technological 

exploration at the acquiring firms. 

Model 5 and 6 report the results of splitting the sample at the median of acquired 

knowledge-base size to test Hypothesis 3. The coefficients for the linear term of 

decomposability are positive and significant, whereas the coefficients of its squared terms are 

negative and significant. These results indicate that at both levels of the acquired knowledge-

base size, the relationships between decomposability and technological exploration reveal an 

inverted U-shaped manner at the acquiring firms. However, the magnitudes of the two inverted-

U shapes are different at different levels of the size of the acquired knowledge bases. At high 

levels of size (i.e., Model 6), the maximum value of the technological exploration (0.941) and 

the intercept (0.436) of the inverted-U shape are larger than the values at low levels in the 

Model 5 (maximum value is 0.325, and intercept is 0.179). Therefore, at a given level of 

decomposability of the acquiring firms’ knowledge bases, the post-acquisition technological 

exploration is greater when the acquired knowledge bases are larger in the size. This result 

support Hypothesis 3 that the size of the acquired knowledge bases can compensate for the 

effect of decomposability on technological exploration at the acquiring firms. We also 

compared the coefficients of decomposability and its squared term between small and large 

size of the acquired firms’ knowledge bases. Results show that the two coefficients of the linear 

term are statistically different from each other at 1% significance level (β = -0.264, p < 0.01), 

and the two coefficients of the squared term are also statistically different from each other at 

1% significance level (β = 0.686, p < 0.01) 

We plot our finding in Figure 1, 2, and 3 to clearly illustrate the relationships that we 

found in our empirical analyses. Figure 1 shows that there is indeed an inverted U-shaped 
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relationship between decomposability and the acquiring firms’ post-acquisition exploration. 

Figure 2 visualizes that the magnitude of the inverted U-shaped effect of decomposability on 

exploration is greater when the acquired knowledge bases are at higher levels of malleability. 

In particular, at a given level of decomposability, the value in the y-axis is greater when 

malleability is higher. Similarly, Figure 3 shows that the size of the acquired knowledge bases 

can compensate for the effect of decomposability as well. That is, at a given level of 

decomposability, the value in the y-axis is greater when the size of the acquired knowledge 

base is larger. In consistent with the results of the regressions in Table 2, we find support for 

our hypotheses from these figures. 

------------------------------------------- 

Insert Figure 1, 2, and 3 about here 

------------------------------------------- 

CONCLUSION AND DISCUSSION 

Technological acquisition is a widely used strategy for firms to quickly access external 

technological capabilities beyond their existing organizational boundaries. This study advances 

our understanding in this context by unravelling the effect of an acquiring firm’s knowledge-

base structures on its post-acquisition innovation performance and by incorporating the 

compensate effects of the characteristics of the acquired knowledge bases. As such, this paper 

makes four primary contributions. 

First, it provides theoretical insight into the underlying mechanisms of how firms’ 

organizational variations in understanding interdependencies among the knowledge elements 

in their knowledge bases influence their innovation performance when accessing external 

technological knowledge. This not only complements prior research (Ahuja & Katila, 2001; 

Hoang & Rothaermel, 2005, 2010; Mowery et al., 1996, 1998; Puranam et al., 2009; Sears & 

Hoetker, 2014) on the learning mechanisms in corporate strategies that firms employ to 

incorporate external technological knowledge, but also extends the field of study that examines 
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firms’ knowledge base structures (Yayavaram & Ahuja, 2008; Yayavaram & Chen, 2015) to 

understand the impact of variations in those structures on their performance in incorporating 

external knowledge. Although our study focused on technological acquisitions, we believe that 

the importance of taking knowledge-base structure into consideration is equally applicable to 

other forms of inter-firm learning activities (Laursen et al., 2010; Mowery et al., 1996, 1998). 

The second contribution of this paper is that it extends our previous understanding of 

two kinds of boundary-spanning behaviors engaged in by firms: organizational and 

technological. It provides theoretical insight into the interactions between these two types of 

activities and explains one of the underlying drivers of firms’ boundary-spanning technological 

performance (i.e., technological exploration) as rooted in their endeavors to span organizational 

boundaries (Rosenkopf & Nerkar, 2001).  

Third, this study broadens the theoretical explanation of acquiring firms’ post-

acquisition innovation performance in technological acquisitions by simultaneously 

incorporating three drivers: the capability of acquiring firms to understand interdependencies 

among knowledge elements in their existing knowledge bases; the ability of the acquired 

knowledge bases to undergo change; and the size of the acquired knowledge bases. Drawing 

on prior literature that has discussed each factor in isolation, our comprehensive and integrated 

research model allowed us to consider them simultaneously.  

Lastly, the fourth contribution of this paper is to extend the studies on technological 

acquisitions by examining post-acquisition exploratory technologies as outcomes. Although 

relatively less studied as a dependent variable in technological acquisitions, post-acquisition 

technological exploration provides theoretical and managerial insights. It is a direct measure 

of the degree to which the acquiring firms accomplish their desired goal of generating novel 

technologies that can have a big impact on the future evolution of technical knowledge in their 

industry. Since this measure was used as the dependent variable, the findings in our paper 
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complement other studies on post-acquisition innovation performance (Ahuja & Katila, 2001; 

Graebner, 2004; Makri et al., 2010; Paruchuri et al., 2006; Puranam & Srikanth, 2007; Sears & 

Hoetker, 2014).  

Three useful insights flow from the aforementioned theoretical contributions. The first 

comes from our first finding that when the knowledge decomposability at an acquiring firm is 

low, the resulting rigidity in terms of changing existing couplings in its knowledge base 

decreases the likelihood of its generating exploratory technologies by incorporating the 

knowledge bases acquired from technological acquisitions. But a high level of decomposability 

was also a problem, because the isolation between the clusters of knowledge couplings impedes 

the acquiring firms’ ability to choose knowledge elements from multiple knowledge clusters to 

combine with the acquired knowledge bases. Only the acquiring firms with a moderate level 

of interdependencies between their internal knowledge elements (i.e., near-decomposable 

knowledge base) generated the most exploratory technologies from technological acquisitions. 

This finding suggests that acquiring managers should better recognize their actual needs in 

implementing a technological acquisition strategy based on the firm’s current knowledge 

structure. When a firm’s knowledge-base decomposability is either too low or too high, it 

should focus first on further exploring internal knowledge capabilities before conducting 

technological acquisitions.  

The second insight suggests that an acquiring manager should deliberately examine the 

malleability of the target knowledge bases before initiating a technological acquisition. The 

more malleable an acquired knowledge base, the more the exploratory technologies the 

acquiring firms can generate in general after the acquisition, and this is regardless of the level 

of their knowledge-base decomposability. That is, regardless of whether an acquiring firm has 

a knowledge base with high or low decomposability, if it can be combined with a malleable 

knowledge base from the target, the malleability of the couplings in the acquired knowledge 
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bases will provide the acquiring firm with the flexibility needed to undergo change and generate 

exploratory technologies. This situation allows boundary-spanning technologies to emerge. 

When the malleability of an acquired knowledge base is low, there is less opportunity for the 

acquiring firm to flexibly combine internal knowledge elements with acquired ones, even in 

cases where it has a moderate understanding of the interdependencies between its internal 

knowledge elements (i.e., near-decomposable knowledge base).  

The third insight examines the efficiency with which acquired knowledge bases are 

integrated by taking the size of the target knowledge bases into consideration. Integration 

efficiency in technological acquisitions is affected by the quantity of the knowledge elements 

acquired from the target firms. Larger knowledge bases can offer greater combination 

possibilities to the acquiring firms. Increases in the combination possibilities help acquiring 

managers recognize the potential for achieving variation in their firms’ knowledge combination 

processes. This reinforcement in recognizing the recombination potential from the acquired 

knowledge elements has a unified impact across different levels of decomposability in an 

acquiring firm’s knowledge structures. 

Like many empirical studies this paper has some limitations that could be addressed by 

future research. First, while we developed our hypotheses by relying on a large body of 

theoretical literature and rich empirical findings, we were unable to directly observe the 

underlying mechanisms of the post-acquisition integration processes inside the acquiring firms. 

Future research on the microfoundations of an acquiring firm’s ability to understand 

interdependencies among its knowledge elements and their relationship to acquired knowledge 

elements would be helpful to address this limitation of our study. In particular, it would be 

interesting to see how the mobility of employees in the acquiring firms following the 

technological acquisition influences the productivity of the acquiring firm in generating 

exploratory technologies. Also, a further detailed examination of the level of integration of the 
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acquired units in the post-acquisition stage would shed light on the underlying processes at the 

acquiring firms in integrating acquired knowledge bases.  

Second, as have shown in Figure 2 and 3, the inverted-U shapes between high levels 

and low levels of malleability and size are not parallel to each other. We can clearly see from 

these figures that at high levels of malleability and size, the inverted-U shapes are steepened. 

This suggests that there are some latent mechanisms that inherent in these two factors can 

moderate the relationship between decomposability and technological exploration at the 

acquiring firms (Haans, Pieters, & He, 2015). However, in the present paper, we are unable to 

disentangle these inherent latent mechanisms, so we only include the malleability and size of 

the acquired knowledge bases as having compensate effects that can impact the magnitude of 

the main effect of decomposability. Therefore, future research that addresses this limitation in 

this paper may provide significant contribution to the field by teasing out these latent 

moderating mechanisms intertwined in the effects of malleability and size of the acquired 

knowledge bases. 

Third, we built the theoretical arguments for our hypotheses based on changes in the 

acquiring firm’s patent portfolio to determine its post-acquisition innovation performance. 

While patents are widely used as the bases of a firm’s technological capabilities (e.g., Ahuja & 

Katila, 2001; Hoang & Rothaermel, 2010; Mowery et al., 1996), they represent the ex post 

development of the firm’s technological capability. Therefore, future research could 

supplement this patent-based analysis with ex ante measures of post-acquisition innovation 

performance to broaden the implications of such study. 

Lastly, as a multifaceted phenomenon, technological acquisition can be studied from 

various angles. While, in this paper, we emphasize on understanding how the acquirer’s 

knowledge-base characteristics can have impact on their own innovation performance through 

acquiring target firm’s knowledge bases, future research can further study a different theoretical 
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model to see whether the target’s knowledge-base characteristics can have direct impacts on 

the acquiring firm’s technological exploration (c.f., Ahuja & Katila, 2001), and whether these 

relationships can be moderated by the acquiring firm’s knowledge-base decomposability. 

In conclusion, we have shown in this study that an acquiring firm’s capability to 

understand the interdependencies among its knowledge elements is an important determinant 

of its post-acquisition technological exploration when acquiring external knowledge bases. Our 

findings suggest that firms that can moderately understand the interdependencies among the 

knowledge elements within their existing knowledge bases will enjoy the greatest innovation 

performance in generating exploratory technologies from technological acquisitions. In 

addition, this causal relationship is reinforced by the malleability and size of the acquired 

knowledge bases.  
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Table 1 – Descriptive Statistics and Pairwise Correlationsa 

    Mean S.D. Min. Max. 1 2 3 4 5 6 7 8 9 10 

1 Technological exploration 0.67 0.40 0.00 1.00 1          

2 Decomposability 0.56 0.34 0.00 1.00 0.04 1         

3 Malleability 3.49 2.32 0.12 11.06 0.07 0.04 1        

4 Sizeb 23.69 345.62 1.00 3756.00 -0.18 0.15 0.11 1       

5 Acquisition experience 2.06 4.21 0.00 26.00 0.22 -0.12 -0.06 -0.04 1      

6 Firm size 7.75 2.04 2.23 12.56 0.13 0.03 -0.17 0.15 -0.11 1     

7 R&D intensity 0.56 1.36 0.02 6.15 0.37 0.18 0.05 0.08 -0.04 0.13 1    

8 ROA 0.09 0.26 -1.09 0.36 -0.19 0.08 0.12 0.03 0.05 0.08 0.24 1   

9 Transaction value 5.11 8.06 0.50 56.96 -0.05 -0.19 0.06 -0.00 0.17 0.01 0.02 -0.05 1  

10 Industry relatedness 0.40 0.52 0.00 1.00 -0.02 0.04 0.05 0.08 -0.08 0.02 0.07 0.04 0.01 1 
a 

All correlations above 0.16 are significant. 
b 

Values are not in logarithm in these descriptive statistics and correlations. They are subsequently logged in the regression analyses (see Table 2) 
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Table 2 – Effects of acquirer knowledge-base decomposability, and target firm knowledge-base malleability and size on acquiring firms’ post-

acquisition technological exploration performance 

     Malleability  Size 

     Low  High  Small  Large 

DV = Technological exploration (1)   (2)   (3)   (4)   (5)   (6) 

Constant 0.199   0.204   0.170   0.210   0.179   0.436 

 (1.07)   (1.10)   (0.55)   (1.15)   (0.68)   (0.64) 

Controls            

Lagged technological exploration 0.064  0.142*  0.012  0.019  0.124  0.160 

 (0.57)  (1.79)  (0.11)  (0.16)  (0.83)  (1.59) 

Acquisition experience 0.096*  0.038*  0.090*  0.067  0.036  0.012 

 (0.94)  (2.27)  (1.03)  (0.69)  (0.89)  (1.25) 

Firm size 0.651  0.164*  0.083*  0.210*  0.016  0.034 

 (1.15)  (1.87)  (1.82)  (1.94)  (1.40)  (0.66) 

R&D intensity 0.063  0.117  0.023  0.123*  0.210*  0.128 

 (0.46)  (0.93)  (0.54)  (1.73)  (1.94)  (1.57) 

ROA 0.651  0.164*  0.083*  -0.115  -0.054**  0.014 

 (1.45)  (1.87)  (1.80)  (-1.47)  (-0.97)  (0.25) 

Transaction value 0.021  -0.032  -0.022  -0.028**  -0.020  -0.048* 

 (1.19)  (-1.40)  (-0.94)  (-2.04)  (-1.16)  (-2.05) 

Industry relatedness 0.002  0.007  -0.072  -0.164**  -0.061  -0.018 

 (0.06)  (0.08)  (-1.28)  (-2.36)  (-0.74)  (-0.14) 

Year dummies Included  Included  Included  Included  Included  Included 

Malleability 0.280**  0.264***  –  –  0.164**  0.270* 

 (4.01)  (4.14)  –  –  (2.11)  (1.88) 

Sizea 0.245  0.458  0.199  0.160  –  – 

 (1.01)  (1.35)  (1.07)  (1.59)  –  – 

Main effect            

Decomposability –  0.446***   0.329***   0.889***   0.423***   1.465** 
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 –  (3.56)   (4.46)   (3.27)   (4.53)   (2.47) 
Statistical difference of coefficient: 

Decomposability –  –  -0.152***  -0.264*** 

 –  –  (-4.98)  (-6.33) 

Decomposability^2 –  -0.264**   -0.270*   -0.726*   -0.306*   -1.062* 

 –  (-2.58)   (-1.83)   (-1.72)   (-1.88)   (-2.33) 
Statistical difference of coefficient: 

Decomposability^2 –  –  0.377**  0.686*** 

 –  –  (2.07)  (3.12) 

Observations  98  98  49  49  49  49 

Prob > F 0.00  0.00  0.00  0.00  0.00  0.00 

R-squared 0.305   0.269   0.181   0.163   0.213   0.194 

Note. t-values are reported in parentheses; *** p<0.01; ** p<0.05; * p<0.1.       
a 

Variables are in logarithm.       
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Figure 1. Effect of acquiring firms’ knowledge-base decomposability on post-acquisition 

technological exploration performance 

 
 

 
Figure 2. Compensate effect of acquired knowledge-base malleability 
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Figure 3. Compensate effect of acquired knowledge-base size 

 

  

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0.01 0.11 0.21 0.31 0.41 0.51 0.61 0.71 0.81 0.91

Post-acquisition 
technological 
exploration 

performance

Decomposability

Small size Large size



131 
 

 

 

CHAPTER 5 

General Conclusion and Discussion 

The increasing importance of developing technological capability by sourcing external 

knowledge requires firms to have a deeper understanding of the attributes embedded in their 

own knowledge structures. Although a vast body of research has examined firms using inter-

organizational collaboration strategies to source external knowledge from a diverse range of 

theoretical lenses, variations still exist in terms of the performance in successfully integrating 

external knowledge for firms who share similar knowledge structures. This implies a need to 

guide this stream of research to a deeper level with detailed analyses on the underlying 

mechanisms that cause the performance variations of firms in developing technological 

capabilities through external knowledge sourcing. In this dissertation, my goal is to make a 

step further in this direction to bring fine-grained analyses to help managers to have a deeper 

understanding of how firms can better use different external knowledge sourcing strategies to 

develop various types of technological capabilities based on the heterogeneous characteristics 

and dimensions of their internal knowledge structures.  

To answer the overarching research question – “how do the internal antecedents and 

different dimensions of the firms’ knowledge structures influence their performance in 

generating technological knowledge from external sources?” – the findings of the three 
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empirical chapters in this dissertation show that it is necessary and of great importance to 

consider the impact of the distinct attributes of knowledge base structures on firms’ 

heterogeneous performance in developing their own technological capabilities from external 

knowledge sourcing activities. This dissertation relies on multiple theoretical lenses, such as 

organizational learning theory, technological search perspective, and recombination theory to 

shed some lights on the theoretical importance in understanding firms’ strategies in developing 

technological capabilities through sourcing knowledge externally. The findings of the three 

empirical studies in this dissertation provide several theoretical contributions to the literature.  

Main Findings and Conclusions 

Main findings and contributions of first study 

The first study has taken a closer look at the content of the licensee’ knowledge structure. 

By going back to the work of Zahra and George (2002) and Todorova and Durisin (2007), 

distinct dimensions of absorptive capacity have been discerned – i.e., assimilation and 

transformation dimension. The findings of this study reveal that a licensee’s technological 

performance benefits from licensed technologies when the focal licensees’ levels of absorptive 

capacity are reasonably high. This positive effect of absorptive capacity on the technological 

performance derived from inward licensing only applies up to a certain level, however. There 

is an inflection point represented by an optimal level beyond which any increase in absorptive 

capacity impedes the licensee from learning from inward licensing. That is, consistent with 

previous studies, there is an inverted U-shaped relationship between a firm’s internal 

technological capacity and its learning performance with regard to accessing external 

knowledge.  

Furthermore, it has been found that an inverted U-shaped relationship exists between a 

licensee’s technological exploitation performance and its assimilation capability. This is due 
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mainly to the fact that the assimilation process of learning is based on the routinization of the 

firms’ organizational activities in each of their area of expertise. These areas of expertise 

constitute effective channels for the licensees to assimilation external knowledge through the 

assimilation process of learning. Such process only increases the fitness in terms of combining 

external knowledge with the firms’ existing knowledge bases, and it only contributes to the sort 

of exploitation performance that leads to incremental changes in knowledge, rather than the 

sorts of leaps that span technological boundaries. The results also show that transformation 

capability, another dimension of absorptive capacity that differs fundamentally from 

assimilation capability, has an inverted U-shaped relationship to technological exploration 

performance from inward licensing. Transformation capability represents the malleability of a 

firm’s knowledge base, and it determines the firm’s ability to transform its existing knowledge 

coupling practices into new ones in order to accommodate and incorporate external knowledge 

for the generation of new knowledge in new technological domains. Nevertheless, we find that 

the transformation capability has no significant effect on the licensees’ performance in the 

generation of exploitative learning outcomes. 

This study contribute primarily to the organizational learning literature. In particular, it 

decomposes the concept of absorptive capacity and investigates the distinct effects of the firms’ 

assimilation capability and transformation capability on their performance in generating two 

different types of learning outcomes – technological exploitation and technological exploration 

– through markets for technology. This paper complements prior literature that separate 

assimilation capability from transformation capability (Todorova & Durisin, 2007) and 

addresses their distinct mechanisms rather than viewing absorptive capacity as one integrated 

factor (Deeds, 2001; Lane et al., 2001; Sears & Hoetker, 2014; Wales et al., 2013). We also 

come up with feasible methods to measure the firms’ assimilation capability and their 

transformation capability. In addition to offer a fine-grained analysis on the distinct effects of 
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the different components of a firm’s absorptive capacity, this study also responses to recent 

discussions on the role of the markets for technology in diffusing technological knowledge and 

in influencing the technological capability development of firms at the demand side (e.g., Arora 

et al., 2013; Arora & Gambardella, 2010; Cockburn et al., 2010). 

Main findings and contributions of second study 

The second study focuses on the relative knowledge structures between collaborative 

partners, and examines the extent to which they should stop integrating knowledge from their 

alliance partners. The findings highlight that a firm will focus on reinforcing its existing 

knowledge base and outsource exploratory tasks that require cognitively distant knowledge to 

alliance partners. However, firms with higher level of absorptive capacity are less likely to keep 

their knowledge bases specialized when they are engaged in alliance portfolios with greater 

knowledge distances. In contrast, firms with lower level of absorptive capacity will develop a 

gradually specialized knowledge base if they are cognitively distant from the partners in the 

alliance portfolio. In addition, the level of control over alliances can have a buffer effect on the 

knowledge boundary of a firm. It motivates a firm to search for knowledge beyond the current 

knowledge boundary, and the firm becoming less specialized when collaborating with 

knowledge-distant partners. At the same time, it drives a firm prone to remain specialized to 

outsource exploratory tasks to partners with high knowledge relatedness. 

Drawing from the alliance portfolio angle, the present research extends our 

understanding of the effects of knowledge distance among alliance partners on defining their 

knowledge boundaries, through their strategic choices between adopting the knowledge 

integration and knowledge utilization strategy to leverage each other’s knowledge. We identify 

that not only benefits but also costs are caused by the application of these two different 

strategies. Revealing the knowledge distance as the antecedent of the marginal benefit 

differences between adopting knowledge integration and knowledge utilization strategy to 
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leverage alliance partners’ knowledge, this paper contributes to the knowledge-based view 

research by extending prior studies that only looked at the bright side for firms to integrate 

cognitively distant knowledge.  

The primary contribution of this study is that, accounting for the marginal benefits that 

a firm may gain from leveraging other’s knowledge, this paper complements prior studies on 

inter-organizational knowledge transfer based on the network and learning perspectives (e.g., 

Mowery et al., 1996; Owen-Smith & Powell, 2004; Powell et al., 1996; Tsang, 2002). As such, 

we provide a nuanced perspective by suggesting the importance of the alliance partners in 

knowing the frontier between integrating and utilizing knowledge from each other in their 

alliance portfolios. 

 Second, this study contributes to the debate on the alternative perspectives of the 

knowledge-based view on alliances in unravelling the convergence and non-convergence of 

alliance partners’ knowledge bases (Grant & Baden-Fuller, 2004; Mowery et al., 1996, 1998). 

The theoretical arguments in this paper suggest that these two alternative perspectives of the 

knowledge-based view on how to leverage external knowledge in alliances are not mutually 

exclusive but rather complementary to each other. Third, this paper provides a nuanced 

perspective in investigating the trade-off between the organizational and technological 

boundary-spanning activities. Departing from previous literature on technological search 

across firm boundaries (e.g. Hoang & Rothaermel, 2010; Rosenkopf & Nerkar, 2001), this 

study shows that the level of a firm’s organizational boundary-spanning is substitutable for that 

of its technological boundary-spanning.  

Main findings and contributions of third study 

The third essay focuses on firms using technological acquisitions to access knowledge 

from the target firms. This paper advances our understanding in this context by unravelling the 
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effect of the acquiring firms’ heterogeneous abilities in understanding the interdependencies of 

their knowledge structures on their performance in developing technological capabilities. To 

comprehend, I incorporate in this paper the joint effects of the characteristics between the 

acquiring and the acquired knowledge bases. I found that when the knowledge decomposability 

at an acquiring firm is low, the resulting rigidity in terms of changing existing couplings in its 

knowledge base decreases the likelihood of its generating exploratory technologies by 

incorporating the knowledge bases acquired from technological acquisitions. But a high level 

of decomposability was also a problem, because the isolation between the clusters of 

knowledge couplings impedes the acquiring firms’ ability to choose knowledge elements from 

multiple knowledge clusters to combine with the acquired knowledge bases. Only the acquiring 

firms with a moderate level of interdependencies between their internal knowledge elements 

(i.e., near-decomposable knowledge base) generated the most exploratory technologies from 

technological acquisitions. This finding suggests that acquiring managers should better 

recognize their actual needs in implementing a technological acquisition strategy based on the 

firm’s current knowledge structure. When a firm’s knowledge-base decomposability is either 

too low or too high, it should focus first on further exploring internal knowledge capabilities 

before conducting technological acquisitions.  

Second, the managers of the acquiring firms should deliberately examine the 

malleability of the target knowledge bases before initiating a technological acquisition. The 

more malleable an acquired knowledge base, the more it will reinforce the effect of the 

acquiring firm’s knowledge-base decomposability on its post-acquisition exploration 

performance. Regardless of whether an acquiring firm has a knowledge base with high or low 

decomposability, if it can be combined with a malleable knowledge base from the target, the 

malleability of the couplings in the acquired knowledge bases will provide the acquiring firm 

with the flexibility needed to undergo change and generate exploratory technologies. This 
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situation allows boundary-spanning technologies to emerge. When the malleability of an 

acquired knowledge base is low, there is less opportunity for the acquiring firm to flexibly 

combine internal knowledge elements with acquired ones, even in cases where it has a 

moderate understanding of the interdependencies between its internal knowledge elements (i.e., 

near-decomposable knowledge base). 

Lastly, this study suggests that the integration efficiency in technological acquisitions 

is affected by the quantity of the knowledge elements acquired from the target firms. Larger 

knowledge bases can offer greater combination possibilities to the acquiring firms. Increases 

in the combination possibilities help acquiring managers recognize the potential for achieving 

variation in their firms’ knowledge combination processes. This reinforcement in recognizing 

the recombination potential from the acquired knowledge elements has a unified impact across 

different levels of decomposability in an acquiring firm’s knowledge structures. 

The analyses in this chapter provide theoretical insights into the underlying 

mechanisms of how firms’ organizational variations in understanding the interdependencies of 

knowledge elements in their knowledge bases influence their technological performance when 

accessing to external technological knowledge. This paper also extends our previous 

understanding of the firm’s two kinds of boundary-spanning behaviors, organizational and 

technological boundary-spanning activities by providing theoretical insights on the interactions 

between them (Rosenkopf & Nerkar, 2001). Moreover, this study broadens the theoretical 

explanation of the acquiring firm’s post-acquisition technological performance in technological 

acquisitions by simultaneously incorporating three drivers: the capability of the acquiring firms 

in understanding the interdependencies of knowledge elements in their existing knowledge 

base, the ability to undergo changes of the acquired knowledge bases, and the size of the 

acquired knowledge bases. 
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Overall Contributions to the Literature 

Besides the distinct theoretical implications to their respective research domains, the 

three empirical chapters in my dissertation jointly make two broad contributions to the research 

topic on external knowledge sourcing and technological capability development. First, my 

findings highlight that the knowledge structure of firms is a multi-dimensional concept. A 

firm’s knowledge structure pertains not only to the content of knowledge in its own knowledge 

base (i.e., know-what), but also to the way of how it understands the knowledge content (i.e., 

know-how). With respect to the organizational variations on the firm’s know-what and the 

content of knowledge structures, my findings in Chapter 2 show that although different firms 

may have the same knowledge profiles, meaning, they share the same set of knowledge 

elements, variations in the performance still emerge from the knowledge integration processes 

due to the variations in different components (i.e., assimilation capability and transformation 

capability) of their knowledge structures. Nevertheless, Chapter 4 focuses on another 

dimension of the knowledge structure by underscoring the importance of the firms’ 

heterogeneities in understanding the coupling patterns of the knowledge elements in their 

knowledge structures. Looking at the firms’ knowledge structures from a different angle, 

Chapter 3 investigates how collaborative partners’ relative knowledge structures (Lane & 

Lubatkin, 1998) can shape their strategies in leveraging each other’s knowledge. Taking them 

together, Chapter 2, Chapter 3, and Chapter 4 jointly demonstrate the importance of the firms 

to have a better understanding of their internal knowledge structures thoroughly from different 

angles and in various dimensions when conducting external knowledge sourcing activities.  

Second, external knowledge sourcing activities that span firms’ organizational 

boundaries can generate both explorative and exploitative technologies. A comparison between 

these two types of outcomes reveals to what extent does a firm’s technological boundary-

spanning performance can be affected by conducting such organizational boundary-spanning 
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activities described by Rosenkopf and Nerkar (2001). My dissertation in general offers a 

nuanced perspective to understand what determines the focal firms’ technological boundary-

spanning performance through their organizational boundary-spanning endeavors. Chapter 2 

studies how the variations in the firms’ absorptive capacity and its distinct components 

influence their performance in generating exploitative and exploratory technologies under the 

condition of signing inward licensing agreement for technologies. From an alliance portfolio 

perspective, Chapter 3 examines how firms formulate strategies to develop their own 

technological capabilities from engaging in multiple alliance partnerships simultaneously. It 

demonstrates the importance of the firms to know the extent to which they should stop 

integrating knowledge from their alliance partners. With respect to the firm’s attempts of using 

the most hierarchical boundary-spanning method, i.e., technological acquisitions, to tap into 

the external knowledge bases, the findings in Chapter 4 imply that the acquiring firms should 

be aware of their current understandings of the coupling patterns in their knowledge bases 

before conducting technological acquisitions. This dissertation, therefore, provides a more 

fine-grained analysis on the effect of firms’ external knowledge sourcing activities on their 

technological capability development (Ahuja & Katila, 2001; Hoang & Rothaermel, 2010; 

Mowery et al., 1996; Sears & Hoetker, 2014). 

Managerial Implications 

Several useful managerial implications can be drawn from the findings of the empirical 

studies in this dissertation. First, managers should not only consider the internal capability to 

absorb external knowledge of the firm as one integrated and comprehensive factor. Instead, the 

managers should separately consider the firm’s capability in generating different learning 

outcomes from different aspects. Specifically, the findings in Chapter 2 suggest that the 

managers of the firms should be aware of their specific organizational attributes when selecting 
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exploratory development strategies from exploitative ones or vice versa. That is, the variations 

in the firm’s assimilation capabilities and in the transformation capabilities can impose 

significant impact on their performance in generating exploratory and exploitative learning 

outcomes, respectively, from sourcing external knowledge. Our study suggests that firms 

failing to do so can be subject to failure in achieving their goals to develop different types of 

technological capabilities.  

Second, instead of dealing with each individual alliance, the managers of a firm should 

take on a portfolio approach to focus on the entire portfolio of the firm’s existing alliances 

because the composition of alliance partners can affect the net benefits between integrating 

versus utilizing alliance partners’ knowledge. The findings in Chapter 3 indicate that firms with 

weak absorptive capacities cannot achieve the target of expanding their existing knowledge 

bases by collaborating with cognitively distant partners. Therefore, managers should first 

evaluate their firms’ competences before formulating seemingly unrealistic goals. 

Third, my findings in Chapter 4 suggest that acquiring managers should better 

recognize the actual needs to implement technological acquisition strategies bases on the firm’s 

current knowledge structure. When the firm’s knowledge-base decomposability is either too 

low or too high, the firms may first focus on further exploring their internal knowledge 

capabilities before conducting technological acquisitions. Also, the managers of the acquiring 

firms should focus on a deliberate examination towards the malleability of the target knowledge 

bases before conducting a technological acquisition. An acquired knowledge base with higher 

malleability and larger size can reinforce the relationship between the acquiring firm’s 

knowledge-base decomposability and their post-acquisition technological exploration 

performance from technological acquisitions. 
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Limitations and Future Research 

Despite these aforementioned theoretical and managerial contributions, there are 

several limitations inherent in the three empirical studies of this dissertation that could be 

addressed by future research. First, I rely on the Chinese patent data to measure my sample 

firm’s technological performance through sourcing external knowledge. This choice may cause 

two limitations. On one hand, although patents are widely used as the bases of a firm’s 

technological capabilities (e.g. Ahuja & Katila, 2001; Hoang & Rothaermel, 2010; Mowery et 

al., 1996), using patent data to measure a firm’s performance in developing its technological 

capability may fail to account for the overall technological performance from sourcing 

knowledge externally. This is because not all types of technological competences are patentable 

and firms are not likely to patent all of their innovations. Therefore, the patent application 

records can only partially cover a firm’s performance in generating new technologies from 

external knowledge sourcing activities. On the other hand, the systematic lacking of citation 

information in the Chinese patent system constrained my attempts to investigate the impact of 

the externally sourced technological knowledge on my sample firms, as well as the impact of 

the new technologies generated from the sample firm’s activities in sourcing external 

knowledge. Therefore, future research can supplement these patent-based measures in this 

dissertation by providing more detailed qualitative measurements to increase the robustness of 

the analyses.  

Second, while I develop the hypotheses in all the three chapters by relying on a large 

theoretical literature and rich empirical findings, it is unable to directly observe the underlying 

behaviors of the firms in the inter-firm interaction processes. For example, in Chapter 2, I am 

unable to observe how the focal licensees disentangle the in-licensed technologies and combine 

their internal technological competences with them. Likewise, in Chapter 3, I cannot trace from 

which alliance partner a particular knowledge element comes in the focal firm’s alliance 
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portfolio. By acknowledging this limitation in my analyses, I look forward to future research 

to deliberately examine the inter-firm interaction processes in details by addressing the impact 

of the latent behavioral antecedents on technological capability development that have not been 

able to observe in this dissertation.  

Finally, the analyses in Chapter 4 cannot directly tap into the underlying mechanisms 

of the post-acquisition integration processes inside of the acquiring firms. Future research on 

the micro-foundations of the acquiring firm’s ability to understand interdependencies between 

knowledge elements and its relationship with the acquired knowledge elements would help 

address this limitation. In particular, it would be helpful to see how the mobility of the 

employees in the acquiring firms after the technological acquisition influence the productivity 

of the acquiring firm to generate exploratory technologies. Also, a further detailed examination 

on the level of integration of the acquired units in the post-acquisition stage would shed some 

lights on the underlying processes of the acquiring firms in integrating the acquired knowledge 

bases. 

Final Statement 

I conclude by stressing that the firms’ choices of using external knowledge sourcing 

strategies to tap into other firm’s knowledge should not be taken randomly. Instead, firms 

should proactively evaluate their actual needs of conducting such activities to develop their 

own technological capabilities by having a thorough understanding of the various dimensions 

of their own knowledge structures. In addition, firms should also purposively adopt the most 

appropriate mode of governance to source other firm’s knowledge based on their actual needs 

in technological capability development. This implies that the method they choose to source 

external knowledge must be in conjunction with their expectations of the final outcomes they 

want to achieve.   
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