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Preface 
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Management master degree at the Eindhoven University of Technology. Although two 
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Nowadays, more often than not innovation occurs outside firm or domestic boundaries, 

and the ones not able to adapt and learn rapidly enough will fall behind. This thesis will 

address the phenomena of learning and knowledge transfer within global outsourcing of 

software development. Though targeted at scholars and practitioners in organizational 

learning and outsourcing, this thesis should be balanced; both in-depth as well as easy to read.  

Realization of this thesis has been made possible thanks to the invaluable support of 

several people, and its contents have been enriches as a result of their support, and critical and 

constructive comments. First and foremost, I am grateful to Dr. Alex Alblas, Assistant-

Professor and my mentor at the Eindhoven University of Technology, for his mentorship, 

guidance, examination of the text, and for the many ideas and suggestions for improvements. 

I would also like to thank Prof. Dr. Fred Langerak, Professor of Product Development & 

Management in the Innovation, Technology Entrepreneurship & Marketing (ITEM) group of 

the School of Industrial Engineering at Eindhoven University of Technology, who, with his 

critical and meticulous eye, provided me with so many insightful corrections and additions. 

Moreover, I am incredibly appreciative of the excellent guidance and feedback received from 

Ronald Hogenboom, Manager of Software Engineering, and Hans Aerts, VP of Software 

Engineering, at TomTom Custom Systems. They not only contributed to the results of this 

thesis, but also made it truly satisfying to work on this project at TomTom.  

In addition, I would like to thank my fellow students and friends Marco van Zon and 

Jimmy van Herwijnen, with whom I was happy to work in majority of my university projects. 

Many thanks also to my fellow TomTom’ers, in specific Veroni Schalks, for helping me with 

access to and collection of the immense amount of data, D. Dwarakanath, for his valuable 
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feedback from an Indian perspective, Matthijs den Otter, for his support in the development 

of the analytical model in Chapter 6, and all the project- and team leads. Although university 

and work are journeys you embark on individually, your peers make it the experience that it 

turns out to be.   

Finally, and without a doubt most importantly, I am extremely grateful to my parents Rob 

& Ilse Salomons, whom for my entire life have consistently supported me in my personal and 

academic endeavors. It is thanks to them that I have had the opportunity and inspiration to go 

to university, and become the person I am today. 

Jorn Salomons 

Eindhoven, the Netherlands 

August, 2016
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Management Summary 

Introduction 

The practice of outsourcing originated in the 1950s. Through its rapid development to one of 

the most sustained trends in business, many firms have now expanded their collaborative 

efforts to outside their domestic borders, referred to as offshoring or global outsourcing; a 

well-documented business strategy to achieve cost reductions. Less is known, however, about 

the potential benefits of exploiting knowledge generated through experience of offshore 

counterparts. This opts for integration of organizational learning theory in the domain of 

outsourcing, resulting in a relatively newer field of research: learning and knowledge transfer 

in global outsourcing.  

TomTom Custom Systems’ outsourcing efforts suffer from sub-optimal efficiency, due to 

unrefined learning and transfer of knowledge with their Indian offshore counterpart. Hence, 

increased awareness of the determinants for successful learning and knowledge transfer is 

needed, such that development processes can be streamlined to accommodate learning and 

knowledge transfer across firm and national boundaries, leading to more efficient outsourcing. 

The research question at the core of this research is as follows: 

How can TomTom Custom Systems adopt its organization and new product development 

processes in order to manage learning and knowledge transfer in the offshore strategic 

alliance with its Indian counterparty, in such a way that productivity and cost reductions 

are optimized?  

This research aims to investigate the impact of cultural heterogeneity, task dispersion, task 

heterogeneity and shared team experience on learning-by-doing and knowledge transfer on 

effort and costs, to ultimately make recommendations to Custom Systems’ management. 

These recommendations will be focused on improving organizational practices and 

quantification capabilities for successful management of offshoring of software development 

work.  

From a theoretical perspective, this research fills a gap in the literature that empirically 

addresses inter-firm knowledge transfer, using learning curves, in a global outsourcing 

relationship. Prior research has introduced plentiful conceptual work on knowledge transfer, 

or focused on intra-firm knowledge transfer. However, hitherto little is known about inter-

firm knowledge transfer and the impact of influencing factors on knowledge transfer. 

Furthermore, this research contributes to learning curve literature in the context of software 

development.  
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Research Model 

Traditionally, outsourcing is approached from a Transaction Cost Economics (TCE) 

perspective. Claims are, however, that the benefits of potential inter-firm transfers of 

knowledge remain greatly underestimated. For this reason, current study on outsourcing is 

conducted from the organizational learning curve- and knowledge-based view (KBV).  

Conforming to organizational learning theory, experience in the application of knowledge 

(i.e. learning by completing software tasks) leads to the creation of new knowledge, which is 

hypothesized to benefit performance, measured through decreases in effort and costs. Due to 

offshoring, different experience portfolios are built up at on- and offshore locations, with 

different performance levels. When experience at one location affects the experience, 

performance or learning of the other location, knowledge transfer occurs, represented by the 

diagonal arrows. In turn, learning and knowledge transfer may be influenced by the 

contextual factors; cultural heterogeneity, task dispersion, shared team experience and task 

heterogeneity. This research model is presented in Exhibit 1. 

Research Methodology 

The aforementioned research model is tested with development of learning curve models to 

investigate the longitudinal effects of learning and knowledge management on software 

engineering performance. Essentially, learning curves focus on examining how individuals, 

groups or organizations learn to work more efficiently by the basic principle that experience 

creates a growing stock of knowledge that can be applied to improve productivity or costs.  

The learning curve models were tested on six diverse projects. Furthermore, this study 

makes use of objective rather than subjective data. The time series dataset includes 566 weeks 

of 27,948 software issues across the six projects, completed by 266 employees, between 

March 2012 and March 2016.  

Results 

Empirical findings reveal that performance is improved through intra-firm learning and 

knowledge transfer. Moreover, performance is benefited with higher degrees of task 

heterogeneity and shared team experience, while cultural heterogeneity diminishes 

performance. Furthermore, shared team experience improves intra-firm learning, and task 

heterogeneity hampers inter-firm learning. Increased task dispersion is found to negatively 

affect learning and performance in the Netherlands, whereas it is found beneficial for 

performance in and knowledge transfer to India.  
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Theoretical Implications 

First and foremost, the empirical findings suggest learning curves are clearly present in this 

software development context, albeit that the learning curves in this context are steeper in the 

Netherlands than in Indian teams. Thereby this study extends the scarce body of learning 

curve literature in the context of learning from experience in software development, and 

offshoring of software development in particular. Second, learning rates and performance in 

offshore software development work are affected by cultural and distance factors inherent to 

outsourcing, and the variation in experience and with whom this experience is acquired. 

Dispersion of work across organizational and national borders has a significant influence and 

performance and inter-firm knowledge transfer. In addition, cultural differences raise social 

hurdles that may impede performance of teams. Experience working together, through 

fostered relational and cooperative skills, benefits performance and learning. The effect of 

variation in the experience portfolio of engineers is two-sided; it benefits performance, but it 

hampers inter-firm transfer of knowledge. Third, this study sheds new light on inter-firm 

learning and knowledge transfer in a global outsourcing context. Inherent to a global 

outsourcing strategy, resources and work are distributed, inducing geographical separation 

and dissimilarities with respect to cultural background and native language amongst 

collaborating team members. This requires careful consideration by managers, as the effects 

are not homogenous for all locations.  

Practical Implications 

The findings also have practical implications for managers. Cost benefits from relocation of 

resources to offshore locations have to be contemplated against the potential loss of overall 

productivity and increase of costs due to task dispersion, cultural heterogeneity, and the 

challenges in management of these interdependent resources. Furthermore, managers should 

carefully consider their routines to achieve the anticipated results. The goal to achieve optimal 

productivity at a certain location may not require the same approach as for improving the 

inter-firm transfer of knowledge. For instance, a higher degree of task dispersion improves 

productivity and knowledge transfer to India, while the contrary is the case for the 

Netherlands.  

Ultimately, this thesis presents a trade-off analysis to optimize productivity and costs, 

depending on the degree of outsourcing. This research contributes to scholarly literature on 

outsourcing and organizational learning curve theory in software development, and provides 

insights into strategies that help managers in outsourcing and designing work processes to 

maintain optimal learning curves. 
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Exhibit 1: Research model. 
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1 

1 Introduction 

The practice of outsourcing originated in the 1950s and is now one of the most sustained 

trends in business. Through its rapid development from a transactional orientation in the early 

days to a developmental focus in current days (Hätönen & Eriksson, 2009), many firms have 

now expanded their collaborative efforts to outside their domestic borders. Information 

technology and the Internet being two of the main enablers of global product development, it 

is no surprise that software developers were quick in its adoption. Microsoft, Accenture, 

Siemens, Intel, Hewlett-Packard and Toshiba have all located software development 

operations in Bangalore, India (Eppinger & Chitkara, 2006). Global outsourcing is a well-

documented business strategy to achieve cost reductions. Less is known, however, about the 

potential benefits of learning and exploiting knowledge generated through experience of 

offshore counterparts (Cha, Pingry, & Thatcher, 2008). This opts for integration of 

organizational learning from experience theory in the domain of outsourcing, resulting in an 

interesting, relatively newer field of research: inter-organizational learning in global 

outsourcing. 

Research on organizational learning and knowledge management has increased 

significantly since the late 1990s (Argote, 2013; Argote & Epple, 1990). Organizational 

learning theory focuses on firms’ ability to create knowledge by learning from their 

experience and environment to sustain current competitive advantage or help develop new 

advantages. In the context of outsourcing, research suggests firms can learn from alliance 

formation, as they provide access to new information and knowledge that may contribute to 

superior adaptation to their competitive environment (Ireland et al., 2002).  

Overall, both outsourcing and organizational learning have proven to be paramount in 

creating competitive advantage in the world we live in today. This thesis develops and 

empirically tests learning curve models to determine the extent and influencers of intra- and 

inter-organizational learning from experience in cooperative offshore software development 

projects.    

The remainder of this thesis is organized as follows. The next section discusses the 

research plan, including a definition of the research objective, context and problem statement. 

Subsequently, drawn from organizational learning, outsourcing and software engineering 

literature, a theoretical background of the research is presented. Based on this and the 

research setting, five hypotheses are specified relating intra- and inter-firm learning rates, 

effort and costs with task heterogeneity, task dispersion, cultural heterogeneity and shared 

team experience. Afterwards follows a description of the methods used for empirical analysis 

and the findings. Based on the findings, a solution is designed, accompanied by an 
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implementation plan. Finally, a discussion is provided on the results of this research, 

implications for research and practice, and limitations and future directions for research.  

1.1 Business Context 

The study is conducted at TomTom International B.V. (TomTom), a high-tech software 

development company with headquarters located in The Netherlands. It delivers products in 

the business-to-consumer as well as the business-to-business markets, and is world market 

leader in the personal navigation market. Currently, the firm counts over 4,500 employees in 

56 offices in 37 countries worldwide. The department of interest, Custom Systems (CS), 

develops software for original equipment manufacturers (OEM) in the automotive industry. 

Software engineering is highly knowledge-intensive, as it requires a significant amount of 

abstract, technical, theoretical and experimental knowledge. Yet, unlike pure knowledge work 

like research or design, it is more routinized and structured (Boh et al., 2007), thereby sharing 

some similarities with manufacturing work.  

This study focuses on six projects (identified ‘Alpha’ to ‘Zeta’), each of which teams can 

be part of different organizations and be located in different geographical sites: the focal 

onshore firm, TomTom in The Netherlands, and an offshore firm in India. Projects may be 

working on various sub-components, which are split up in various releases.  

The organization uses an iterative and incremental agile software development process 

(i.e. scrum). Agile software development is commonly used to develop, evolve and enhance 

requirements and solutions by self-organizing, cross-functional teams (Beck, et al., 2001; Lee 

& Yong, 2010). With scrum, contrary to a sequential waterfall approach, systems 

incrementally and iteratively evolve through product upgrades (i.e. releases), which include 

new features and modifications to existing features. Releases are completed in multiple 

iterations, which in turn are defined in sprints. Sprints are two-to-three week time periods in 

which teams develop and test a distinct set of pre-planned issues in its entirety. Issues, similar 

to the concept of work orders, provide a description of a workable software engineering task 

that can be classified in various typologies. Hence, a set of issues representing a significant 

upgrade to the software make up a new release.  

1.2 Problem Statement 

Part of the software engineering workload is offshored to a third party in India, with the aim 

to reduce development costs, gain access to external expertise and to increase operational 

flexibility. These outsourcing activities have been in place for several years, with increasing 

success, scope and size of the pool in offshore India. However, the process could benefit from 

more structure and clearly defined generic procedures for optimal functioning. Significant 

problems with transfer and retention of knowledge between the two firms are experienced, 
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with sub-optimal productivity and costs reduction as a result. This is well exemplified by the 

team lead V of project Gamma, who is heavily involved in outsourcing with the Indian 

counterparts: 

“I think there is a productivity difference, but it is important to understand there is a 

knowledge gap, you have the time difference, and communication and ways of working are 

different. It requires investment and willingness of the teams to overcome this knowledge 

gap and these differences.  

“We have a couple of specific domains they need knowledge about. And if they work on 

activities for which they miss the knowledge, they have to ask. However, they never end up 

at the right person to ask the question to. […] What you see is, especially with the junior 

engineers in India, that their way of working or their knowledge level absolutely do not 

align with the information they receive; either with communication or technical aspects 

they do not understand it.” – Team Lead Gamma 

Furthermore, the actual benefits of their offshoring efforts have, until now, not been 

sufficiently and consistently expressed quantitatively. Based on preliminary analysis of the 

problem, through a threefold of early interviews, the following initial problem statement is 

defined: 

The outsourcer is experiencing sub-optimal efficiency and effectiveness in their offshoring 

efforts with their partner in India. 

Through thorough analysis and diagnosis of the problem,
1
 as extensively discussed in 

Salomons (2016b), this initial problem statement is explored further. First and foremost, it 

was found that offshoring is still regarded effective; the cost benefits compared to not 

outsourcing the work are clearly present. Hence, the issue related effectiveness is dropped 

from the problem statement. However, stakeholders notice a difference in productivity 

between the two parties, which suggests that, although offshoring is effective with respect to 

cost reduction, there is room for improvement with respect to efficiency. The problem owners 

suspect part of the outsourcing inefficiency is rooted in problems with inter-firm learning, and 

knowledge transfer. Subsequently, several causes for this are identified. Firstly, cultural 

                                                      

1
 Problem- and process-oriented analysis and diagnosis included desk research, 12 semi-structured 

interviews with representatives of TomTom CS and the Indian partner, and 4 observatory sessions of 

important inter-firm interactions. Due to anonymity and confidentiality reasons, transcripts of the 

interviews and observations are excluded from this report, and can be obtained from the author upon 

request. 
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differences not only raise issues with respect to the understanding and interpretation of 

language, but also the perceptions and attitudes towards initiative-taking, the need for 

direction, hierarchy in the inter-firm relationship and communication. Secondly, issues with 

respect to communication and coordination are exacerbated due to geographical separation. 

Geographical separation, and thus the dispersion of tasks, hinders coordination and face-to-

face communication, even though digital communication systems are in place. Furthermore, it 

prevents team members from getting to know each other. Thirdly, the characteristics of the 

work, and with whom this work is executed, promises a crucial factor for optimal 

performance and learning. Software tasks are typically complex, which also makes the 

knowledge that is to be shared highly complex. Additionally, the experience and knowledge 

gained with development of new features is significantly different from that of bug fixing; 

bug-fixing tasks are less clearly specified and thus require more effort to understand the code 

and identify the problems areas to be rectified. In general, complexity of the job requires 

engineers to look for the knowledge elsewhere if the knowledge is not yet present internally. 

Hence, this underlines the importance of knowing who knows what, which develops as team 

members acquire experience with working together.  

Overall, the root of the issues is that TomTom CS is not aware of the determinants, and 

does not have a structured approach for successful knowledge management with their Indian 

outsourcing partner, which leads to ineffective knowledge transfer, and ultimately to 

inefficient outsourcing.  

From the findings of the problem analysis and diagnosis, it can be concluded that 

TomTom’s outsourcing efforts suffer from sub-optimal efficiency. 

This can be further specified into the following final problem statement: 

TomTom is experiencing sub-optimal outsourcing efficiency, due to unrefined learning 

and transfer of knowledge with its Indian partner. 

This final problem statement will be used as input for the research objectives and 

questions, which are discussed in the next section.  

1.3 Research Objective 

The objective of this research is to make recommendations to Custom Systems’ management, 

and specifically the Manager of Software Engineering, whom is responsible for the 

outsourcing practices within TomTom CS. These recommendations will be focused on 

improving organizational practices and quantification capabilities for successful management 

of offshoring of software development work. Furthermore, the goal is to contribute to the 
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extant body of literature on knowledge management, and knowledge management in 

offshoring of software development in particular. This overall objective is sought to be 

realized through (i) an extensive, in-depth literature research; (ii) empirical, objective data-

driven research, and (iii) the design of a solution to the current situation.  

1.4 Research Questions 

Based on analysis and diagnosis of the context and problem, research questions are defined. 

The research questions aim to address the aforementioned problem statement and scope of the 

project, while also highlighting the context and most relevant academic concepts.  

Through diagnosis of the problem and framing of the project, the following research 

question can be formulated: 

How can TomTom Custom Systems adopt its organization and new product development 

processes in order to manage learning and knowledge transfer in the offshore strategic 

alliance with Indian counterpart, in such a way that productivity and cost reductions are 

optimized?  

Through synthesis of the extant literature, the following sub-research questions will be 

answered: 

RQ1: What forms/typologies of outsourcing exist, how do these differ with respect to the 

inter-firm transfer of knowledge? 

RQ2: What are the main mechanisms, drivers and barriers of inter-organizational 

learning and knowledge transfer, and how do these relate to the context and problems 

found? 

RQ3: How can changes in learning and knowledge transfer be quantitatively represented? 

Findings with respect to these literature related sub-research questions are extensively 

discussed in the literature review report (1ML05: Salomons, 2016a). A synopsis of the 

literature review is discussed in the theoretical framework of this thesis. Subsequently, with 

the collection and analysis of empirical evidence, the following research questions will be 

answered: 

RQ4: In the current projects, how does TomTom CS manage and perform on inter-firm 

knowledge transfer? 

RQ5: What are the key determinants regarding best practices of inter-firm knowledge 

transfer? 
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Through combination of the findings from literature and empirical analysis, the following 

research questions will be answered: 

RQ6: What aspects are paramount in managing successful knowledge transfer in offshore 

strategic alliances in a software development context? 

RQ7: In what way can TomTom CS manage these aspects, such that global outsourcing of 

software development is optimized? 

The structure of the remainder of this thesis to find answers to the aforementioned 

research questions is as follows. Chapter 2 Theoretical Framework provides a synopsis of the 

extensive, in-depth literature view, and discusses the main findings with respect to RQ1 and 

RQ2. Also based on findings in theory, Chapter 3 Methodology describes the empirical 

approach and quantification of the subject matter, thereby answering RQ3. Subsequently, 

Chapter 4 Results seeks answers to RQ4 and RQ5, describing the empirical investigation of the 

performance of TomTom CS with respect to learning and inter-firm knowledge transfer in its 

offshoring relationship with its Indian partner, to ultimately discover the determinants for best 

practices. Furthermore, it aims to provide first glimpses of answers to RQ6, finding crucial 

aspects for successful management of learning and inter-firm knowledge transfer. These are 

further developed into practical recommendations in Chapter 5.3 Practical Implications, such 

that TomTom CS can manage these aspects to optimize their global outsourcing practices, 

providing answers to RQ7. The last chapter, Chapter 5 Discussion & Conclusion, provides a 

recap of the main implications for theory and practice, and delineates the limitations of this 

research and directions for future research.  

. 
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2 Theoretical Framework 

This section provides an outline of the theoretical findings, extensively discussed in Salomons 

(2016a), with respect to the relevant problem and context of study; outsourcing, 

organizational learning and knowledge transfer. Throughout the theoretical framework, 

research hypotheses are defined, leading up to the conceptual model. Together these provide 

the theoretical lens and foundation of this research. 

The context of study is characterized by global outsourcing of software development. 

Outsourcing entails that previously internally conducted activities are transferred to an 

external provider (Hätönen & Eriksson, 2009; Van Weele, 2010; Contractor et al., 2010). 

After more than 35 years of existence (see Hätönen & Eriksson, 2009 for a review), scholars 

have taken notice of the many motives and advantages of outsourcing (e.g. Contractor et al., 

2010; Mudambi & Tallman, 2010; Van Weele, 2010). Nonetheless, engaging in it has its 

challenges, which may pose performance risks, internal risks, or risks associated with the 

outsourcing partner (Metters, 2008). Generally, involving external partners requires much 

more discipline and organization than when working with internal departments (van Weele, 

2010). 

While, in the early days, the sole motive to outsource was based on costs reduction, this 

developed rapidly when the pool of outsourced activities expanded and additional benefits 

were recognised. Simultaneously, the theory in which it was grounded by scholars developed 

from transaction cost economics (TCE) to resource- (RBV), competence-, network-, 

knowledge- (KBV), and organizational learning-based views, as extensively reviewed by 

Hätönen & Eriksson (2009) and Ireland et al. (2002). 

Broadening of knowledge inputs as a rationale for outsourcing is gaining significance in 

recent years (Contractor et al., 2010). In KBV literature, knowledge is often regarded a 

resource for improved performance and sustainable competitive advantage (e.g. Ireland et al., 

2002; Hatonen & Eriksson, 2009), as it is usually difficult to imitate and socially complex 

(Alavi & Leidner, 2001; Lawson & Potter, 2012). Organizational learning theory focuses on 

firms’ ability to create knowledge by learning from their experience to sustain current 

competitive advantage or help develop new advantages. In the context of outsourcing, 

research suggests firms can learn from alliance formation, as they provide access to new 

information and knowledge that may contribute to superior adaptation to their competitive 

environment (Ireland et al., 2002). This study aims to empirically investigate these potential 

performance benefits gained from learning and inter-firm knowledge transfers in joint global 

software development, using learning curves. Hence, in light of this study’s research area and 

problem statement, organizational learning curve theory and the KBV are the most relevant 
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theoretical perspectives; learning from intra- and inter-organizational experience grows 

knowledge, the resource that can be applied to improve performance of the organization. 

2.1 Learning from Own & Other’s Experience 

Core of most definitions in literature agree that organizational learning is a change in the 

organization that occurs as it acquires experience (e.g. Argote, 2013; Epple et al., 1996; 

Reagans et al., 2005). Typically, this ‘change’ in the organization is defined as a change in the 

organization’s knowledge base (Argote & Miron-Spektor, 2011), which affects performance.  

2.1.1 Learning-by-Doing and Knowledge Transfer 

Organizations learn through the accumulation of experience that creates organizational 

knowledge, which improves performance. The interrelated processes that underlie this 

phenomenon are knowledge creation, retention and transfer. Through accumulation of one’s 

own direct experience in the application of knowledge, learning at various organizational 

levels occurs and new knowledge is created. Hence, learning is typically measured using the 

cumulative output volume as the direct experience (Argote, 2013). As the experience in the 

current context focuses on learning and creation of new knowledge via the completion of 

work tasks, this is referred to as autonomous learning (Boh et al., 2007), capturing the 

traditional learning-by-doing (Wiersma, 2007).  

Subsequently, knowledge created through experience can be embedded and retained 

(knowledge retention) in a variety of knowledge repositories, which encompass the 

organizational members, tools and tasks, and the interactions of those (Argote & Ingram, 

2000; Argote & Miron-Spektor, 2011). When firms develop knowledge not only from their 

own direct experience but also from the experience of another, the learning process is 

knowledge transfer (Argote & Miron-Spektor, 2011; Epple et al., 1996). Simply put, 

“knowledge transfer in organizations is the process through which one unit is affected by the 

experience of another” (Argote & Ingram, 2000, p. 151). By moving knowledge repositories 

from donor to recipient, or by modifying the repositories of the recipient, this occurs (Argote 

& Miron-Spektor, 2011). In the transfer of knowledge, the articulation and codification 

mechanisms are paramount (Zollo & Winter, 2002). Knowledge articulation comprises 

expression of individuals’ opinions and beliefs, engagement in constructive confrontations, 

and challenging of others’ viewpoints, which contribute to collective learning (Zollo & 

Winter, 2002). Codification is generally viewed as a means for replication and diffusion of 

knowledge (Kotlarsky et al., 2014). It occurs when individuals’ understanding is externalized 

and embedded in written manner, such as emails, manuals, spreadsheets, descriptions of 

systems architectures and decision support systems (Zollo & Winter, 2002; Kotlarsky et al., 

2014). Hence, this typically involves converting tacit into explicit knowledge, which requires 
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time and resources, and the chance of losing the original context and knowledge base (Alavi 

& Leidner, 2001). 

2.1.2 Knowledge, the Beneficial Outcome of Learning from Experience 

Knowledge is defined as “a justified belief that increases an entity’s capacity for effective 

action” (Nonaka, 1994; Alavi & Leidner, 2001, p. 109), and is the outcome of learning from 

experience. Knowledge-based resources prove to be the basis for sustainable competitive 

advantage, as they are socially complex and difficult to imitate for competition (Argote & 

Ingram, 2000; Alavi & Leidner, 2001; Osterloh & Frey, 2000). The characteristics of the 

acquired knowledge affect its transferability and ability to learn from it; tacit software 

development knowledge may transfer less readily between firms. Majority of knowledge-

based literature draw on Nonaka’s (1994) tacit-explicit distinction. This framework makes a 

distinction between tacit and explicit knowledge. Explicit knowledge is “knowledge that is 

transmittable in formal, systematic language” (Nonaka, 1994, p. 16), which can be articulated, 

codified and easily transferred, such as “An owner’s manual accompanying the purchase of 

an electronic product” (Alavi & Leidner, 2001, p. 110). Contrary, tacit knowledge is “deeply 

rooted in action, commitment, and involvement in a specific context” (Nonaka, 1994, p. 16). 

As exemplified by Alavi & Leidner (2001, p. 110), “tacit knowledge is the knowledge of the 

best means of approaching a particular customer [or situation].” Thus, tacit knowledge is best 

learned by observation or doing, as it is very difficult, or even impossible, to articulate 

(Blumenberg et al., 2009). 

Classifying knowledge along the tacit-explicit spectrum is important as it helps to identify 

knowledge characteristics and corresponding consequences for transfer and learning. For 

instance, characteristics of the knowledge have significant impact on its value and 

transferability (Osterloh & Frey, 2000; Easterby-Smith et al., 2008). Usually, tacit knowledge 

is ambiguous and thus more difficult to imitate (van Wijk et al., 2008), thereby contributing 

more to firms’ relative competitive advantage than imitable, explicit knowledge (Argote & 

Ingram, 2000; Alavi & Leidner, 2001). On the other hand, tacit knowledge’ ambiguity and 

complexity also make it problematic to transfer (Inkpen & Dinur, 1998; Osterloh & Frey, 

2000; Simonin, 2004; Easterby-Smith et al., 2008; Harryson et al., 2008). With respect to 

articulation of tacit knowledge, only a small fraction of tacit knowledge is actually 

articulable, explaining why transfer of tacit knowledge is typically troublesome (Zollo & 

Winter, 2002). Codification typically involves converting tacit into explicit knowledge, which 

requires time and resources, and the chance of losing the original context and knowledge base 

(Alavi & Leidner, 2001). Unlike often repetitive manufacturing tasks, knowledge-intensive 

work, like software development, is less routinized and often requires problem solving, which 

requires abstract, technical and experimental knowledge (Boh et al., 2007). As this involves 
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typically tacit knowledge, knowledge may transfer less readily between software 

development teams. 

2.2 Objectively Quantifying Learning with Learning Curves 

One of the challenges with knowledge transfer and learning in empirical research is the 

objective measurement of it. The solution for this is found in learning curve theory. 

Organizational knowledge transfer manifests itself through changes in the knowledge of the 

recipient units (Argote & Ingram, 2000). One way of judging this is by attempting to directly 

measure knowledge by assessing changes in cognitions, for example through verbal reports or 

questionnaires (e.g. Simonin, 1999, 2004; Lawson & Potter, 2012). However, tacit knowledge 

may not be captured through these direct measurements of knowledge (Argote & Ingram, 

2000). Instead, a better approach may be practice- or performance-based measurements, 

which capture tacit as well as explicit knowledge (Argote & Miron-Spektor, 2011). The 

former may focus on measuring utilization of, and participation in, knowledge activities 

(Hoegl & Schulze, 2005). In case of the latter, one measures changes in the characteristics of 

performance, such as accuracy, speed, productivity or costs, as an indication that knowledge 

was acquired and organizational learning has occurred (Argote & Miron-Spektor, 2011).  

This performance-based approach of measuring 

knowledge matches a common approach to 

objectively assess organizational learning (e.g. Epple 

et al., 1991, 1996; Darr et al., 1995), and is also used 

to measure learning from experience in a similar 

software development context (Boh et al., 2007). To 

quantify and visualize organizational learning rates, 

so-called learning curves are used, as depicted in 

Figure 1. The application of learning curve theory 

originates from aviation industry, where it came to 

light that workers required lesser time and costs in 

the production of airplanes as experiences 

accumulated (Pruett & Thomas, 2008; Argote, 2013; 

Wiersma, 2007).  

The underlying principle of learning curves is that experience in the completion of work 

tasks creates an increase in the stock of knowledge, which can be applied to improve 

productivity of the organization (Argote, 2013; Boh et al., 2007). The conventional learning 

curve, as used in industry, is commonly written in the following form to express a decrease in 

average effort or costs per unit when cumulative production increases:  

 𝑙
𝑞⁄ = 𝑐𝑄−𝑏 ( 1 ) 

Figure 1: The relationship between assembly 

hours per aircraft and cumulative output 

(Argote, 2013). 
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For linear regression estimation purposes, the conventional learning curve Equation ( 1 ) 

can be rewritten in logarithmic form: 

 ln(𝑙
𝑞⁄ ) = 𝑐 + 𝑏 ∗ ln(𝑄) ( 2 ) 

where, q denotes the output as the number of completed work unit (i.e. resolved issues in 

this context), l denotes the input as the labour hours or costs to achieve that output, Q is the 

cumulative output representing experience, and c is the statistical constant. Here, b represents 

the learning rate, meaning the larger the coefficient, the more rapidly effort or costs decrease 

due to learning. From b one can compute the progress rate (p), which is the decrease in 

average effort and costs when cumulative experience doubles. The progress rate is computed 

as follows:  

 𝑝 = 2𝑏 ( 3 ) 

Although the learning curve model is rather straight forward, this measurement approach 

is not without challenges. Amongst other things, one has to control for factors other than 

experience that may affect performance (Argote & Ingram, 2000). Using productivity or cost 

as the dependent variable of experience-based learning, as traditionally done in the production 

domain, has various weaknesses for application in the domain of product innovation. 

Particularly complexity and size may vary significantly across individual components or sub-

systems, thereby affecting the locus of experience-based learning (Pruett & Thomas, 2008). 

2.3 Learning from Experience in Global Software Development 

Besides the relevant mechanisms through which organizations learn in this context, learning-

by-doing and knowledge transfer, there are numerous factors that may drive or impede these 

within and amongst organizations. A general distinction can be made between influencers that 

lie in the firm’s characteristics, such as absorptive capacity and learning intent; attributes of 

the knowledge, such as tacitness and heterogeneity; and inter-organizational dynamics, such 

as cultural diversity, geographical separation, trust and shared knowledge.  

Based on interviews with stakeholders (Salomons, 2016b) and an extensive literature 

review (Salomons, 2016a), four important contextual factors for learning are identified. 

Inherent to the strategy of global outsourcing, dispersion of tasks and cultural heterogeneity 

promise to be important influencers in the current context. Furthermore, characteristics of the 

experience portfolio, and with whom this experience is built-up, promise to be important 

influencers. More specifically, task heterogeneity and shared team experience, as a factor that 

encompasses trust, tie strength and shared knowledge, may benefit learning in the current 

context.  

Firstly, given the fact that the inter-firm relationship is global and cooperative, the study 

context is characterized by the factors of geographical separation and a certain degree of 

interdependence. As a result, team members and tasks can be highly dispersed. Next to that, 
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team members can differ significantly with respect to their cultural backgrounds; having 

different norms and values, and speaking different languages. Moreover, also software 

development work is typically complex, dynamic and unstructured (He et al., 2007), and is 

carried out simultaneously by many individuals and teams, before it is to be integrated into a 

single product (Espinosa et al., 2007). Hence, tasks and people are highly interdependent per 

se, and require coordinated cooperative working approaches. Consequently, particularly when 

teams are dispersed, significant challenges may arise with respect to a team’s ability to 

coordinate itself and the tasks at hand (Espinosa et al., 2007; Faraj & Sproull, 2000). Overall, 

given the importance of interdependence in the inter-firm relationship and software 

development, and the possible impact of cultural differences, two factors are expected to play 

an important role in this study: task dispersion and cultural heterogeneity.   

Secondly, the tacit nature of software development knowledge can be a major challenge. 

Knowledge-intensive processes have distinct characteristics with respect to the exchanged 

information; it is of tacit nature, relatively unique and often co-produced by the client and 

supplier (Mudambi & Tallman, 2010). Characteristics of the software development work and 

the information that has to be exchanged add to the regular challenges of outsourcing. Tacit 

knowledge is claimed to flow better in more cooperative outsourcing approaches (Mudambi 

& Tallman, 2010), which is the case in the context of this study. However, tacit knowledge is 

also found to transfer less readily than explicit knowledge (Simonin, 1999; 2004). Hence, due 

to characteristics of the work, learning rates in the context of this study are expected to be 

relatively lower compared to findings in manufacturing contexts. Nonetheless, in the context 

of study, there is a varied, related mix of knowledge and tasks that make up the experience 

portfolio of a development team. Characteristics of agile software development make that 

working software is delivered relatively frequently. This means that entire development 

iterations, from development to testing activities, are completed on a bi-weekly frequency. 

Moreover, earlier phases comprise a large degree of new feature development work, while in 

later stages maintenance work and bug-fixing will cover majority of the work. This 

heterogeneity in the experience portfolio could potentially improve learning and performance, 

as task heterogeneity is found a driver of productivity (Zollo & Winter, 2002; Narayanan et 

al., 2009) and learning (Schilling et al., 2003; Wiersma, 2007).For that reason, task 

heterogeneity promises to be a factor of interest in this research.  

Thirdly, with respect to outsourcing, learning and the context of software development, the 

relational aspects of the collaborators can be of great importance. The level of 

interdependence and transfer of highly tacit knowledge requires for effective coordination, 

and a strong and trustworthy relationship between the interacting parties. Tacit knowledge 

flows better in collaborative efforts (Mudambi & Tallman, 2010) where trust is high and ties 

are strong (Inkpen & Tsang, 2005; Kale et al., 2000; Levin & Cross, 2004; Chen, 2004). 
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Furthermore, these aspects together with shared knowledge allow for more effective 

coordination. Thus, as important drivers for inter-firm tacit knowledge transfer and learning, 

and contributors of enhanced coordination, trust, tie strength and shared knowledge seem 

crucial for global collaborative software development. Significant levels of trust, tie strength 

(Inkpen & Tsang, 2005) and shared knowledge (Reagans & McEvily, 2003; He et al., 2007) 

are required, which are argued to develop as prior interactions accrue. This suggests that the 

accumulated number of shared experiences (i.e. interactions) may play an important role in 

this study. For that reason shared team experience promises to be a factor of relevance in this 

research.  

2.3.1 Task Heterogeneity, Diverse Experience Drives Learning 

Task heterogeneity refers to the degree of variation that may manifest itself in the experience 

portfolio of individuals, groups or organizations. Earlier, specialization was considered to be 

an important driver for productivity improvements. However, more recent work by scholars 

claim variation in experiences leads to better learning through knowledge transfer (Zollo & 

Winter, 2002; Wiersma, 2007). More specifically, articulation and codification mechanisms 

are argued to be more effective with varied experience, particularly when the experience is 

explicit, rather than tacit (Zollo & Winter, 2002). Yet, the benefit of task heterogeneity has 

also been found in tacit software maintenance work (Narayanan et al., 2009). Similar to 

transfer within and between organizations, knowledge is argued to transfer across tasks 

(Wiersma, 2007). For example, in this study’s context, engineers are expected to apply newly 

learned knowledge in developing features, to their work in fixing bugs. Furthermore, losing 

varied experience has a greater negative impact on productivity than losing specialized 

experience (Narayanan et al., 2009). This suggests that diverse experience is a more important 

contributor to productivity than specialized experience. 

For optimal productivity, Narayanan et al. (2009) found, there must be a proper balance 

between specialization and variation, as variety has a non-linear influence on productivity. 

This balance, based on findings from Schilling et al. (2003), may be found when experience is 

diversified but still related. Related variation in tasks is defined as “working on different but 

similar types of problems over time” (Schilling et al., 2003, p. 52). They found empirical 

evidence that related variation in tasks benefited the learning rate, compared to unrelated 

variation or specialization (Schilling et al., 2003). Similarly, Wiersma (2007) found steeper 

learning curves when experience was more diversified. On the other hand, Darr et al. (1995) 

found no significant proof of higher learning rates in pizza stores with more variation in their 

product mix. Schilling et al. (2003) argue this insignificance was due to the lack of variance 

in the product mix between the pizza stores (i.e. the product mixes were too much alike).  
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In the context of this study, balanced task heterogeneity should be present; there is a 

varied mix of tasks, yet all are related to the domain of software engineering. However, 

variance is also expected to interact with time. Logically, in earlier phases of the project, 

work mainly comprises development tasks (e.g. user stories, new features, etc), while in later 

stages development is completed and the transition is made to maintenance tasks (e.g. bug 

fixing, improvements, etc). Nonetheless, variation in the experience of completing software 

engineering tasks is expected to benefit learning and productivity. Building on these 

arguments, the following hypothesis is formulated: 

Hypothesis 1 (H1): A higher degree of task heterogeneity leads to steeper learning-by-

doing in (a) onshore (b) and offshore locations. A higher degree of task heterogeneity 

leads higher rates of knowledge transfer from (c) on- to offshore, and (d) off- to onshore.  

2.3.2 Task Dispersion Challenges Coordination of Interdependent Work 

Dispersion of work impedes productivity in the software projects. When engaging in 

cooperative global outsourcing activities, it is inevitable that work is dispersed while people 

still need to work together. Albeit this generally offers certain benefits with respect to labour 

costs and access to new knowledge, there can be significant barriers for an efficient execution 

of it (Espinosa et al., 2007; Ramasubbu et al., 2008). In a software development context in 

particular, major obstacles arise from work dispersion because of the high level of 

interdependency of the work. Firstly, given the fact that tasks and people are highly 

interdependent (He et al., 2007; Espinosa et al., 2007), developers at both locations require 

common understanding or mutual knowledge for successful completion of tasks and projects 

(Ramasubbu et al., 2008). Secondly, significant challenges may arise with respect to a team’s 

ability to coordinate itself and the tasks at hand, an important aspect in successful software 

development (Espinosa et al., 2007; Faraj & Sproull, 2000).  

These issues may be rooted in information asymmetry, failure to communicate and retain 

contextual information, and relative differences in access to information and resources 

(Ramasubbu et al., 2008). For instance, certain activities may be best executed at either one 

location because of availability of much needed hardware or specialized knowledge and 

resources. And even though advanced communication technologies can be in place, and 

systems can be integrated as a means to simplify inter-firm transfer of information (Inkpen & 

Tsang, 2005; Harryson et al., 2008), these may not be able to replicate the characteristics of 

collocated, face-to-face interactions (Ramasubbu et al., 2008). In fact, in studying a case in 

the automotive industry, Harryson et al. (2008) found co-location to facilitate coordination 

and close information exchange, even implicating it to be conditional for successful transfer 

of complex and tacit knowledge. Arguably, collocated units are more likely to develop 
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common ground or shared understanding that facilitate information exchange and 

interpretation of experience (Argote, 2013), contributing to inter-firm learning and 

performance.  

Although empirical evidence of the effect of task dispersion on learning or performance in 

offshore software development is relatively scarce, productivity in offshore software projects 

was found significantly lower with larger extents of dispersion of activities between two 

development centers (Ramasubbu et al., 2008). Hence, when estimating the potential cost 

benefits of offshore software development, managers must weigh the savings against the 

possible loss of overall development productivity, due to task dispersion and challenges in 

managing interdependent resources. Being dislocated hampers the effectiveness of 

coordination activities, indirectly impeding productivity in the software project (Ramasubbu 

et al., 2008). Building on the aforementioned arguments, the following hypothesis is 

formulated: 

Hypothesis 2 (H2): More task dispersion leads to lesser learning-by-doing in (a) onshore 

and (b) offshore locations, and it impedes the knowledge transfer rate to (c) offshore and 

(d) onshore.  

2.3.3 Cultural Heterogeneity Hinders Effective Collaboration 

As stressed, knowledge transfers more readily within than between firms, because people 

within firms are more homogenous than people between organizations (Argote & Ingram, 

2000). National culture reflects the ideas, values, norms and meanings shared by members of 

a society (Hofstede G. H., 1980), which influences how people process, interpret and make 

use of knowledge. Additionally, use of different languages between sender and receiver may 

hinder the effectiveness of communication, a precondition for learning (Inkpen & Tsang, 

2007). Logically, cultural differences create heterogeneity and are therefore argued to pose 

complications when knowledge is shared across organizations from different national cultures 

(Bhagat et al., 2002; Inkpen & Tsang, 2007). 

By exploring the cultural differences amongst The Netherlands and India with Hofstede’s 

(1980; 2001; 2005) framework, as explicated in Appendix G, several potential incongruences 

can be identified that may impede performance. More specifically, both national cultures 

differ significantly on the dimensions of (i) power distance, (ii) individualism, (iii) 

masculinity and (iv) indulgence. Power distance and individualism, in particular, are argued 

to play a prominent role in inter-organizational learning (Bhagat et al., 2002).  

Ultimately, these incongruences may lead to conflicts among parties, which tend to result 

in frustration and dissatisfaction. Consequently, such negative atmosphere impedes the 

knowledge flow between partners in the alliance (Chen, 2004; Inkpen & Tsang, 2005). 



 

16 

Although prior studies, to my knowledge, have not specifically empirically investigated the 

effect of cultural heterogeneity on productivity or learning in offshore software development 

contexts, there is some mixed general evidence of its effect on performance in alliances and 

software teams. Simonin (1999) found a negative influence of cultural distance on knowledge 

transfer in strategic alliances through knowledge ambiguity. Contrary, van Wijk et al. (2008) 

found cultural distance to particularly hinder knowledge transfer in intra- rather than inter-

organizational settings.   

Overall, inter-firm misalignment on either power distance or individualism may lead to 

less effective inter-organizational knowledge transfer (Bhagat et al., 2002). Furthermore, due 

to differences in values and norms, parties might have trouble trusting one another (Harrison 

& Klein, 2007), an aspect often associated with improved knowledge transfer, learning and 

performance in alliances (Harryson et al., 2008; Easterby-Smith et al., 2008; Reagans et al., 

2005). Irrespective of mixed empirical evidence, there is enough conceptual work to expect 

an impeding effect of cultural differences on learning and performance. Based on this, the 

following hypothesis is formulated: 

Hypothesis 3 (H3): Cultural heterogeneity has a negative impact on the (a) onshore and 

(b) offshore rate of learning-by-doing. More cultural heterogeneity limits the rates 

knowledge transfer from (c) onshore to offshore, and from (d) offshore to onshore. 

2.3.4 Shared Team Experience Enhances Effective Teamwork 

As stressed earlier, due to its interdependent character, software development work requires a 

significant degree of coordination (Espinosa et al., 2007). In fact, empirical evidence shows a 

strong positive relationship effect of expertise coordination (Faraj & Sproull, 2000) and 

cognition (He et al., 2007) on performance in software development teams. In turn, 

coordination is argued to develop as team members share experiences (Reagans et al., 2005). 

Researchers provide two distinct mechanisms responsible for improved coordination; shared 

knowledge and relationship-specific heuristics.  

Firstly, teams coordinate through shared knowledge, which is particularly important when 

members are geographically dislocated (Espinosa et al., 2007). Part of this shared knowledge 

is rooted in (i) knowledge about the team, and shows strong resemblance to the term 

transactive memory, referring to the “knowledge of who knows what” (Ren & Argote, 2011), 

while the other is focused on (ii) a common understanding about the task, goals, and 

strategies to facilitate their work on the task. This shared knowledge combined allows 

collaborators to manage tasks and member interdependencies in such a way that the structure 

of the work accommodates the strengths and weaknesses of the members, thereby allowing 

for more effective coordination (Boh et al., 2007; Kotlarsky et al., 2014), sharing of 
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information (He et al., 2007), better skill-to-task match (Chen & Edgington, 2005) and 

mitigating the hampering effect of geographical separation (Espinosa et al., 2007; Argote, 

2013). Shared task understanding and awareness of where expertise is located (He et al., 

2007), just like enhanced worker-task alignment (Chen & Edgington, 2005), positively 

influence performance in software teams. Furthermore, consistent with findings on absorptive 

capacity (Lawson & Potter, 2012; Dyer & Hatch, 2006; Schildt et al., 2012), common 

knowledge eases knowledge transfer (Reagans & McEvily, 2003), and thus inter-firm 

learning.  

Secondly, relationship-specific heuristics, which determine how well people interact with 

each other, prove crucial for effective coordination. Mutual trust, as an opposer of perceived 

risk (Das & Teng, 2001), provides the basis for learning and knowledge transfer (van Wijk et 

al., 2008), and prevents opportunistic behaviour and leakage of information in strategic 

alliances (Kale et al., 2000). Higher degrees of trust not only create a sense of security and 

reduce the perceived risk in the collaboration (Easterby-Smith et al., 2008; Becerra et al., 

2008; Inkpen & Tsang, 2005), but also promote exchange of “private” knowledge and 

information, which provides partners the opportunity to learn how to govern the relationship 

(Uzzi & Lancaster, 2003). Similarly, interactions for knowledge transfer and learning are 

positively affected by social cohesion (Reagans & McEvily, 2003; Llorens-Montes et al., 

2005) and tie strength (Kale et al., 2000; Kane et al., 2005; Inkpen & Tsang, 2007; Easterby-

Smith et al., 2008; van Wijk et al., 2008), potentially by mitigating the negative effects of 

cultural differences (Inkpen & Tsang, 2005; van Wijk et al., 2008) and geographical 

separation (Ramasubbu et al., 2008).  

There are many reasons to expect shared knowledge and relation-specific heuristics, and 

thus coordination, to develop as shared experience accumulates. Foremost, inter-firm 

cooperative routines in alliances are claimed to develop as partner-specific experience 

accumulates (Zollo et al., 2002). Awareness of expertise location and shared task 

understanding (He et al., 2007), and tie strength and trust (Inkpen & Tsang, 2005; Reagans et 

al., 2005) are all argued to develop as shared interaction experience accumulates. Thus, with 

more experience working together, team members develop common knowledge about the 

task, the team, and how to interact with one another, resulting in improved coordination. In 

turn, coordination is critical in software development teams (Faraj & Sproull, 2000). In 

learning curve theory, significant positive influences of shared team experience were found 

on procedure completion time (Reagans et al., 2005) and effort (Boh et al., 2007). Hence, 

based on these arguments, the following hypothesis is formulated:  
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Hypothesis 4 (H4): The average shared experience of the projects’ engineers from working 

together on prior issues positively impacts the rate of learning-by-doing of both (a) 

onshore and (b) offshore locations, and knowledge transfer rates to (c) offshore and (d) 

onshore.  

2.3.5 Knowledge Transfer, Learning From Others’ Experience 

As stressed earlier, knowledge transfer is a crucial factor in inter-firm learning and 

performance. Both intra- as well as inter-firm knowledge transfer positively influences firm’s 

performance and innovativeness (van Wijk et al., 2008). Particularly in the case of global 

inter-firm software development, knowledge transfer can be a significant challenge. The tacit 

nature of software knowledge may hamper the codification process, making personal transfer 

channels seemingly more important. Yet, the constant factor of inter-firm distance prohibits 

from informal, face-to-face contact, hindering inter-firm transfer of tacit knowledge.  

The role of knowledge transfer within and across firms has been extensively 

conceptualized (e.g. Argote, Ingram, Levine & Moreland, 2000; Argote & Ingram, 2000; 

Lawson & Potter, 2012), yet ever so often studied in empirical work (Simonin, 2004). Based 

on learning curve models, some have empirically shown the positive impact of knowledge 

transfer on performance and the learning rate. Epple et al. (1991) and Epple et al. (1996) 

found a significant amount of knowledge transfer between intra-plant manufacturing shifts. 

Darr et al. (1995) found positive influences of inter-store knowledge transfer on the 

production costs of pizzas, as long as the pizza stores were owned by the same franchisee. 

The use of transfer mechanisms, such as phone calls, personal acquaintances and meetings, 

within franchises was significantly greater than between franchises; thus, knowledge did not 

appear to transfer between stores from different franchisees. This suggests knowledge transfer 

is greater between in affiliated and interdependent organizations than independent 

organizations (Darr et al., 1995). This is consistent with claims from other scholars (e.g. van 

Wijk et al., 2008), suggesting an impeded degree of knowledge transfer with higher degrees 

of separation between parties.  

Overall, due to the tacit nature of the knowledge and geographical separation between the 

firms in the context of the current study, inter-firm knowledge transfer is expected to be 

limited, compared to the intra-firm findings of Epple et al. (1991) and Epple et al. (1996). 

Nonetheless, to some extend inter-firm transfer is expected to take place, due to the higher 

level of inter-firm interdependence compared to the situation in Darr et al. (1995). In line with 

the context of Darr et al.’s (1995) study, it seems cooperation between franchises was 

redundant; pizza stores may not develop new routines or products jointly, particularly when 

there is limited affiliation between them anyway. In the context of the current study, however, 

both parties consciously agreed to engage in joint development of software, making them 
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affiliated and interdependent per se. For this reason, together with the interdependent 

character of software work, both firms are expected to utilize their transfer mechanisms, 

making knowledge transfer likely to occur and benefit learning.  

Furthermore, for reasons consistent with findings on absorptive capacity (Lawson & 

Potter, 2012; Dyer & Hatch, 2006; Schildt et al., 2012), own direct experience enables teams 

to make better use of transferred experience (Bresman, 2010), thereby driving knowledge 

transfer. Even with high levels of competence of the donor, a lack of a recipient’s absorptive 

capacity can be a barrier to knowledge transfer (Dyer & Hatch, 2006), as it influences its 

ability to diffuse received knowledge within the organization so that it can be effectively 

assimilated and utilized (Easterby-Smith et al., 2008). For instance, recipients may not be able 

to interpret codified knowledge when there is an insufficiency or disparity in experience 

compared to the donor of knowledge (Kotlarsky et al., 2014). In other words, onshore 

experience interacts with offshore experience, and vice versa, and should drive its 

performance indirectly, as it also allows for better learning from the donor firm. Based on 

these arguments the following hypothesis is formulated: 

Hypothesis 5 (H5): Inter-firm knowledge transfer positively impacts the (a) intra-firm rate 

of learning-by-doing, and decreases the average (b) effort and (c) costs per issue.  

2.4 Conceptual Model 

Based on the findings presented in this theoretical framework and corresponding testable 

hypotheses, a conceptual model is developed (see Figure 2). Conforming to organizational 

learning curve theory, experience in the application of knowledge (i.e. intra-firm learning 

through learning-by-doing) leads to the creation of new knowledge, which is hypothesized to 

affect performance, measured through effort and costs. Due to offshoring, different 

experience portfolios are built up at different on- and offshore locations in different countries, 

with different performance levels. When experience at one location affects the experience, 

performance or learning of the other location, knowledge transfer occurs, represented by the 

diagonal arrows. In turn, learning-by-doing, knowledge transfer and performance may be 

influenced by the contextual factors; cultural heterogeneity, task dispersion, shared team 

experience and task heterogeneity.  

Since the focal firm in this study’s context is in the Netherlands, the Netherlands is 

regarded the onshore location. Accordingly, the offshore location is in India. Note, the 

terminologies on- and offshore and their respective country names may be used 

interchangeably in this thesis. 
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Figure 2: Conceptual model. 
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3 Methodology 

This section addresses the methods used for empirical analysis of the research questions. 

Starting by describing the empirical context of the research, this section subsequently 

discusses the data collection, measures and analysis methods.  

3.1 Empirical Context 

This research aims to realize its objective through the development of a learning curve model 

to investigate the longitudinal effects of learning and knowledge management on software 

engineering performance. Essentially, learning curves focus on examining how individuals, 

groups or organizations learn to work more efficiently by the basic principle that experience 

creates a growing stock of knowledge that can be applied to improve productivity. 

Originating in aviation manufacturing, learning curves have yet shown their presence in 

several industries (e.g. Argote et al., 1990; Darr et al., 1995; Wiersma, 2007; Boh et al., 

2007). As shown by Boh et al. (2007) and Pendharkar & Subramanian (2007), learning curves 

are also salient in software development, providing justification for the approach of this 

study.  

To test the learning curve model, six diverse projects were selected. The projects are 

homogenous in terms of their context of the development process (i.e. agile software 

engineering) and use of data acquisition systems. Nonetheless, the projects show sufficient 

diversity to search for research-relevant patterns. Furthermore, this study makes use of 

objective rather than subjective data.  

3.2 Data Collection 

To evaluate the model and its hypotheses, an extensive archival dataset was analysed. The 

dataset covered data from six projects over a total period of four years, including the 

beginning of the development process of each project. The data were extracted from the 

work-logging and knowledge management system, JIRA, and resource management files 

used by the organization to plan, track and archive software engineering work and resources. 

The former system logs so-called ‘issues,’ which, similar to the concept of work orders, 

provide a description of a workable software engineering task. Additionally, the data logged 

in JIRA holds a great amount of issue-level information, such as the project, type of issue, 

dates of creation, first response and resolved, priority level, and the developers assigned to the 

issue. Unfortunately, however, the data does not hold direct effort or cost measures per issue. 

The latter resource management files comprise week-level information on the time allocation 

of personnel, used to determine average labour time allocated per week. From all the projects, 

266 employees were registered in the resource management list, and a total of 86,940 issues 
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were obtained, before filtering. In addition to the collection of quantitative observations, 11 

stakeholders were interviewed to define measures, understand the organizational structure, 

domain of software engineering, project characteristics, work-logging systems, and data 

measurement and reliability.
2
 Data reliability was examined by interviewing the stakeholders 

about changes over time in the project context and variable definitions, and by reviewing 

graphs of time series for inexplicabilities. 

Although the software systems provide extensive time-series work-logging and tracking 

capabilities, the raw dataset included a significant amount of erroneous data records. Firstly, 

for unknown reasons, the dataset contained a meager portion of blank records. Needless to 

say, these data records were excluded from the dataset. Secondly, data records that had not 

yet been finished (i.e. did not have a resolved date) were also excluded. Thirdly, there were a 

significant amount of data records that either had no assignee at all, or were not assigned to 

anyone allocated to any of the projects within the scope of the project. For the former issues, 

the records that had not been assigned an assignee, were most likely duplicates, and were thus 

‘closed’ without having been assigned for actual work. For the latter cases, issues were 

categorized in a project but were not assigned to engineers in the scope of the project. For this 

reason, a considerable amount of issues in project Gamma were omitted. Hence, these issues 

did not belong to the actual workload of the engineers within the scope, and were thus 

excluded. All in all, the aforementioned deleted issues did not belong to the actual workload 

of the engineers in any of the projects, and thus did not truly impact their productivity and 

were excluded from the dataset. In consequence of filtering, the dataset was reduced to 

27,948 issues across the six projects, 26 sub-components and 62 releases, completed by 266 

employees, of which 246 are engineers, between March 2012 and March 2016.   

Unfortunately, due to the strenuous task for organizations to record direct effort and cost 

measures for each issue, the data does not include issue-level measures for the relevant 

variables. Accordingly, contrary to some studies that analyse learning curves on unit-level 

(e.g. Reagans et al., 2003; Boh et al., 2007), this research assesses learning with time series, 

in line with other, conventional learning curve literature (e.g. Epple et al., 1991; Darr et al., 

1995; Wiersma, 2007). Thus, the time period, specifically the weekly input and output rates, 

is defined as the unit of analysis. Subsequently, the filtered dataset was used for aggregation 

to week-level data, resulting in 566 individual week-level data records. Important to note, 

however, is that this data does still include seemingly flawed data or outliers. For instance, 

                                                      

2
 Interviews were held with, among others, the vice-president of the product unit’s engineering 

department, the engineering manager responsible for outsourcing, project managers, project leads, test 

leads, and on-shore and off-shore coordinators of the outsourcing partner.  
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extreme outliers were detected for -weeks in Dutch holiday periods. Impact of these outliers 

is tested for in robustness tests.  

3.3 Measures 

For optimal alignment with the research context and objective, measures were selected, 

defined and operationalized through extensive discussion with the involved stakeholders, as 

suggested by many scholars (e.g. Neely et al., 1995; Hoegl & Schulze, 2005; Trendowicz & 

Jeffery, 2014).  

3.3.1 Dependent Variables 

Average effort per issue (AElit). In this study, conforming to a significant amount of extent 

research (e.g. Epple et al., 1991; Reagans et al., 2005; Boh et al., 2007), reductions in the 

average effort (number of labour hours in FTEs) to complete an issue, in other words 

increased productivity, are assumed as an indicator of learning. Unfortunately, due to the 

strenuous task for organizations to meticulously record effort on an issue-level, the dataset 

does not include direct effort measures for each issue. Hence, the week-level effort is used. 

Average effort can be calculated by dividing the weekly total effort input; the total allocated 

FTEs (Elit) at location l in project i in week t, by the respective weekly output; the number of 

issues that were resolved at location l in project i in week t with that input (qlit).  

Average cost per issue (AClit). Consistent with prior research (e.g. Darr et al., 1995; 

Wiersma, 2007), average labour cost reductions (in euros) per issue are regarded as a 

secondary indicator of learning. Average labour cost per issue can be calculated by dividing 

the weekly cost input; the total allocated resource costs (ARClit) at location l in project i in 

week t, by the respective weekly output; the number of issues that were resolved at location l 

in project i in week t with that input (qlit).  

3.3.2 Independent Variables 

Prior experience (Explit-1). With the time-series data, one can calculate the number of resolved 

issues in project i at location l prior to the start of the focal week t. Consistent with other 

learning curve literature (e.g. Boh et al., 2007), prior experience is measured as the number of 

work units, or software issues, resolved prior to the work in the current week. This experience 

measure focuses on autonomous learning experience gained on the job, capturing the 

traditional learning-by-doing (Wiersma, 2007), which occurs via the completion of work 

tasks (Boh et al., 2007)
3
. Hence, this cumulative number of resolved software issues is an 

                                                      

3
 These experience measures solely capture the experience of engineers in resolving software issues 

accumulated in the scoped organizations, and do not include experience accumulated outside these 

organizations or through training  (i.e. induced learning). 



 

24 

indicator of the learning experience, as a proxy for the amount of knowledge (Epple et al., 

1991; Epple et al., 1996; Reagans et al., 2005; Boh et al., 2007), acquired through resolving 

software issues in either organization. This cumulative experience in resolving issues can also 

be defined as: 

𝐸𝑥𝑝𝑙𝑖𝑡 = ∑ 𝑞𝑙𝑖𝑠

𝑡

𝑠=0

 

The total cumulative experience in resolving software issues at location l, the Netherlands 

or India, in project i in week t consists of the sum of the amount of issues resolved (qlit) in that 

project at that location up to week t.  

Task heterogeneity (THit). Related, or balanced task heterogeneity is often measured with 

an adaptation of the Herfindahl-Hirschman Index (HHI) (e.g. Wiersma, 2007; Narayanan et 

al., 2009), which originates from economics literature to measure market attractiveness based 

on competition distribution. The inverted HHI, as used by Wiersma (2007), is calculated 

based on the following equation: 

𝑇𝐻𝑖𝑡 =
1

∑ (𝑇𝑖𝑝𝑡 𝑇𝑇𝑖𝑡)⁄ 2𝑛
𝑝=1

 

In this equation, Tipt are the number of tasks resolved of type p in project i in time period t. 

TTit represents the total resolved issues in project i in week t. This measure does not only 

consider the number of different task types, but also weights this by the volume of each task 

type. Hence, when THit is high, various tasks types were completed in similar amounts in that 

time period, suggesting balanced diversity of experience. Contrary, when THit is low, most of 

the completed tasks are of the same type (i.e. homogenous). 

Task dispersion (TDit). Task dispersion, measuring the extent to which tasks were 

dispersed between two locations, is also measured with an adaptation to the Herfindahl-

Hirschman Index (HHI)(e.g. Ramasubbu et al. (2008). As adopted from Ramasubbu et al. 

(2008), task dispersion is defined as: 

𝑇𝐷𝑖𝑡 = 1002 − 100(𝑇𝑁𝐿𝑖𝑡 𝑇𝑇𝑖𝑡)⁄ 2 − 100(𝑇𝐼𝑁𝐷𝑖𝑡 𝑇𝑇𝑖𝑡)⁄ 2
 

In this equation, TNLit and TINDit denote the number of tasks completed in project i during 

week t in The Netherlands and India. TTit are the total number of completed tasks in projects i 

during time period t. The maximum value of TDit is 5000, when the task allocation percentage 

between the two locations is 50-50%. A value of zero indicates complete colocation of the 

work. Hence, the lower the level of TDit, the more tasks are located in either one location, 

suggesting a lesser degree of dispersion.  

Cultural heterogeneity (CHit). Cultural heterogeneity represents the degree of variation in 

national culture between two locations. Similar to task heterogeneity and task dispersion, 
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cultural heterogeneity can be measured with an adaptation of the Herfindahl-Hirschman Index 

(HHI): 

𝐶𝐻𝑖𝑡 =
1

(𝐸𝑁𝐿𝑖𝑡 𝑇𝐸𝑖𝑡)⁄ 2
+ (𝐸𝐼𝑁𝐷𝑖𝑡 𝑇𝐸𝑖𝑡)⁄ 2 

In this equation, ENLit and EINDit are the number of allocated engineers with a Dutch and 

Indian national cultural background, in project i during time period t. TEit are the total number 

of allocated engineers in projects i during week t. The minimum value of CHit is 1, when the 

team’s cultural background is entirely homogenous. A value of 2 indicates maximum 

heterogeneity, when the cultural diversity percentage is 50-50%.  

Shared team experience (STEt). Shared team experience represents the average cumulative 

amount of experience team members have with working with each other. As adopted from 

Boh et al. (2007) and Reagans et al. (2005), this is measured as the number of tasks resolved 

by both members of each dyad in the team (SEij), across all projects, averaged across the 

number of dyads in the team. The cumulative experience across all pairs on the team is 

summed, and divided by the possible number of pairs. Hence, shared team experience is 

calculated with the following equation: 

𝑆𝑇𝐸𝑡 =
∑ ∑ 𝑆𝐸𝑖𝑗𝑡−1

𝑁
𝑗=2

𝑁
𝑖=1

𝑇𝐸𝑖𝑡(𝑇𝐸𝑖𝑡 − 1) 2⁄
 

In this equation, SEijt-1 denotes the shared experience person i has in working with person j 

up to the start of week t (i.e. not including the current time period). TEit are the total number 

of allocated engineers during the week t.  

3.3.3 Control Variables 

Conforming learning curve literature, control variables are included to capture part of the 

context and characteristics of the project and to control for variations in performance not 

caused by learning but by other environmental changes or technological improvements that 

are independent of experience (Argote, Beckman, & Epple, 1990). For this reason, gross of 

organizational learning literature control for calendar or within-project time (Darr et al., 1995; 

Epple et al., 1996; Boh et al., 2007). However, as time series data in the current study are 

summed and aggregated on a week-level, high multicollinearity occurs between the 

cumulative experience variable and the control variables for time. Hence, although considered 

and assessed, no control for time is included in the models.   

Based on prior research on software development (e.g. Boh et al., 2007; Trendowicz & 

Jeffery, 2014), several attributes were identified that could impact performance, and 

productivity in particular, including size, complexity, severity, and type of software issues. 

However, due to the strenuous task for organizations to meticulously record information on 

an issue-level, the dataset does not include reliable issue-level measures for size, complexity 
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and priority, neither direct nor indirect. Nonetheless, as mentioned in the problem diagnosis, 

the type of work seems to impact learning and productivity; maintenance tasks, such as bug-

fixing, are less clearly specified than development tasks, and thus require more effort to 

understand the code and identify the problem areas to be rectified (Boh et al., 2007). For that 

reason the model controls for the type of work that is conducted by including a dummy 

variable (Devlit) that indicates whether the project i at location l in week t is in the 

development (0) or maintenance phase (1).  

A list of all the dependent, independent and control variables and their operationalization 

is provided in Table 1.  

Table 1: List and operationalization of variables. 

Variable Definition Operationalization Reference(s) 

AENL/INDit Average effort per 

issue in the 

Netherlands or India 

in project i through 

week t 

𝐴𝐸𝑁𝐿𝑖𝑡 =
𝐸𝑁𝐿𝑖𝑡

𝑞𝑁𝐿𝑖𝑡
,  

𝐴𝐸𝐼𝑁𝐷𝑖𝑡 =
𝐸𝐼𝑁𝐷𝑖𝑡

𝑞𝐼𝑁𝐷𝑖𝑡
  

Epple et al., 1991; Reagans 

et al., 2005; Boh et al., 

2007 

ACNL/INDit Average costs per 

issue in the 

Netherlands or India 

in project i through 

week t 

𝐴𝐶𝑁𝐿𝑖𝑡 =
𝐴𝑅𝐶𝑁𝐿𝑖𝑡

𝑞𝑁𝐿𝑖𝑡
,  

𝐴𝐶𝐼𝑁𝐷𝑖𝑡 =
𝐴𝑅𝐶𝐼𝑁𝐷𝑖𝑡

𝑞𝐼𝑁𝐷𝑖𝑡
  

Darr et al. (1995); Wiersma 

(2007) 

ExpNL/INDit Cumulative 

experience in the 

Netherlands or India 

in project i through 

week t 

𝐸𝑥𝑝𝑁𝐿𝑖𝑡 = ∑ 𝑞𝑁𝐿𝑖𝑠
𝑡
𝑠=0 ,  

𝐸𝑥𝑝𝐼𝑁𝐷𝑖𝑡 = ∑ 𝑞𝐼𝑁𝐷𝑖𝑠
𝑡
𝑠=0   

Epple et al. (1991); Darr et 

al. (1995); Epple et al. 

(1996) 

THit Task heterogeneity 

in project i in week t 
𝑇𝐻𝑖𝑡 =

1

∑ (𝑇𝑝𝑖𝑡 𝑇𝑇𝑖𝑡)⁄ 2𝑛
𝑝=1

  Wiersma (2007); 

Narayanan et al. (2009) 

TDit Task dispersion in 

project i in week t 
𝑇𝐷𝑖𝑡 = 1002 − (𝑞𝑁𝐿𝑖𝑡 𝑇𝑇𝑖𝑡)⁄ 2

−

(𝑞𝐼𝑁𝐷𝑖𝑡 𝑇𝑇𝑖𝑡)⁄ 2
  

Ramasubbu et al. (2008) 

CHit Cultural 

heterogeneity in 

project i in week t 

𝐶𝐻𝑖𝑡 =
1

(𝐸𝑁𝐿𝑖𝑡 𝑇𝐸𝑖𝑡)⁄ 2+(𝐸𝐼𝑁𝐷𝑖𝑡 𝑇𝐸𝑖𝑡)⁄ 2  Self-developed, based on 

HHI and Wiersma (2007); 

Narayanan et al. (2009) 

STEt Shared team 

experience across all 

projects in week t 

𝑆𝑇𝐸𝑡 =
∑ ∑ 𝑆𝐸𝑖𝑗𝑡−1

𝑁
𝑗=2

𝑁
𝑖=1

𝑇𝐸𝑖𝑡(𝑇𝐸𝑖𝑡−1) 2⁄
  

Reagans et al. (2005); Boh 

et al. (2007) 

DevNL/INDit Control dummy variable that indicates whether project i 

experience in the Netherlands or India in week t is in the 

development (0) or maintenance phase (1) 

Boh et al. (2007) 

qINDit , qNLit Output, as the amount of issues resolved, in India and Netherlands in project i in week t 

ARCINDit , 

ARCNLit 

Input, as allocated resource costs, in India and Netherlands in project i in week t 

TTit Total resolved tasks in project i in week t 

Tpit Tasks of type p in project i in time period t 

TEit Total allocated engineers in project i in week t 

EINDit , ENLit Input, as FTEs allocated, in India and Netherlands in project i in week t 

SEijt Shared dyad experience between person i and j in week t across all projects 
Notes. Cultural heterogeneity is operationalized based on Herfindahl-Hirschman Index calculation, in the same 

manner as task heterogeneity (Wiersma, 2007).  
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3.4 Methods 

To capture both explicit as well as tacit knowledge (Argote & Miron-Spektor, 2011), the 

decision is made to objectively measure learning and knowledge transfer with learning 

curves, a performance-based measurement approach extensively discussed in the literature 

review (Salomons, 2016a). Learning curves focus on examining how individuals, groups or 

organizations learn to work more efficiently by the basic principle that experience creates a 

growing stock of knowledge that can be applied to improve productivity. Hence, one 

measures changes in the characteristics of performance as an indication that knowledge was 

acquired and organizational learning has occurred (Argote & Miron-Spektor, 2011). Although 

originating in aviation manufacturing, learning curves are also salient in software 

development (e.g. Boh et al., 2007; Pendharkar & Subramanian, 2007), providing justification 

for the approach of this study. 

The empirical equivalent of the learning curve model in Equation (2) in this research 

setting to explore intra-firm learning-by-doing and inter-firm transfer rates, suited with time 

subscripts for data measured at discrete time intervals, is Equation (4): 

 
ln(𝐴𝐸𝑁𝐿/𝐼𝑁𝐷𝑖𝑡) = 𝛽0 +  𝛽1 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1 + 𝜀𝑖𝑡 , 

ln(𝐴𝐶𝑁𝐿/𝐼𝑁𝐷𝑖𝑡) = 𝛽0 + 𝛽1 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1 +  𝜀𝑖𝑡 
( 4 ) 

   

As mentioned earlier, the unit of time in this analysis is a week. The dependent 

performance variable, in this case, represents either average effort (AElit) or costs (AClit) per 

issue in project i in week t, and can be measured for either the Netherlands or India. 

 𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1 is used instead of  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡 because the average performance in week t is 

dependent on the prior experience of the Dutch or Indian team in project i based on the 

cumulative number of issues resolved, and thus until t-1. 𝛽1  in Equation (4) is the rate 

learning or knowledge transfer, and is an indication of the performance improvement (i.e. 

effort or costs reduction) when  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡 increases.  

Intra-firm learning from experience in resolving issues occurs when 𝐴𝐸𝑁𝐿𝑖𝑡 or 𝐴𝐶𝑁𝐿𝑖𝑡 is 

significantly related to  𝐸𝑥𝑝𝑁𝐿𝑖𝑡−1  or when 𝐴𝐸𝐼𝑁𝐷𝑖𝑡  or 𝐴𝐶𝐼𝑁𝐷𝑖𝑡  is significantly related 

to 𝐸𝑥𝑝𝐼𝑁𝐷𝑖𝑡−1 . Knowledge transfer, and thus inter-firm learning from other’s experience, 

occurs when the performance in location ‘A’ is affected by the experience of location ‘B’, or 

vice versa; when 𝐴𝐸𝑁𝐿𝑖𝑡  or 𝐴𝐶𝑁𝐿𝑖𝑡  is significantly affected by  𝐸𝑥𝑝𝐼𝑁𝐷𝑖𝑡−1 , or when 

𝐴𝐸𝐼𝑁𝐷𝑖𝑡  or 𝐴𝐶𝐼𝑁𝐷𝑖𝑡 is affected by 𝐸𝑥𝑝𝑁𝐿𝑖𝑡−1. 

Equation (4) is extended by including DevNL/INDit to control for the project phase and type 

of work, because this can affect performance and the degree of learning. To assess the impact 

of drivers of the intra-learning and inter-firm transfer rates, 𝛽1  in Equation (5) is made 

conditional on the level of the variables TDit, THit, CHit, and STEt, respectively representing 

task dispersion, task heterogeneity, cultural heterogeneity and shared team experience, by 
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modelling interactions with 𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1. Additionally, knowledge transfer drives learning, 

or vice versa, when there is a significant interaction between  𝐸𝑥𝑝𝑁𝐿𝑖𝑡−1 and 𝐸𝑥𝑝𝐼𝑁𝐷𝑖𝑡−1.  

 

ln 𝐴𝐸𝑁𝐿/𝐼𝑁𝐷𝑖𝑡 , ln 𝐴𝐶𝑁𝐿/𝐼𝑁𝐷𝑖𝑡

= 𝛽0 +  𝛽1 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1 + 𝛽2𝐷𝑒𝑣𝑁𝐿/𝐼𝑁𝐷𝑖𝑡 +  𝛽3𝑇𝐷𝑖𝑡

+ 𝛽4𝐶𝐻𝑖𝑡 + 𝛽5 ln 𝑇𝐻𝑖𝑡 + 𝛽6 ln 𝑆𝑇𝐸𝑡 + 𝛽7 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1

∗ 𝑇𝐷𝑖𝑡 +  𝛽8 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1 ∗ 𝐶𝐻𝑖𝑡 +  𝛽9 ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1

∗ 𝑇𝐻𝑖𝑡 + 𝛽10  ln  𝐸𝑥𝑝𝑁𝐿/𝐼𝑁𝐷𝑖𝑡−1

∗ 𝑆𝑇𝐸𝑖𝑡 +𝛽11 ln  𝐸𝑥𝑝𝐼𝑁𝐷/𝑁𝐿𝑖𝑡−1 +  𝛽12 ln  𝐸𝑥𝑝𝑁𝐿𝑖𝑡−1

∗ ln  𝐸𝑥𝑝 𝐼𝑁𝐷𝑖𝑡−1 + 𝜀𝑖𝑡 

( 5 ) 

   

Tests of the hypotheses can be provided by interpreting 𝛽2  to 𝛽12;  𝛽2  to 𝛽6  provide 

insights into the main effects of the variables on average effort and costs, while 𝛽7 to 𝛽10 

provide insights into the driving effects on knowledge transfer and learning rates. 𝛽11 and 𝛽12 

provide insights in the potential interaction between the two experience variables, which may 

be tested in separate models due to potential mediation and multicollinearity effects. 

Eventually, twelve models will have to be estimated: four models for intra-firm learning on 

effort and costs in the Netherlands and India, four models for inter-firm learning on effort and 

costs, between the Netherlands and India, and vice versa, and four models for interaction 

effects between on- and offshore experiences on effort and costs in the Netherlands and India.  

3.5 Data Preparation 

Firstly, to assess differences amongst projects Post-Hoc Tukey tests were performed. Project 

Delta showed a considerably higher mean effort than the other projects, albeit none of the 

mean differences in the dependent variables appear significant. Furthermore, projects Alpha 

and Beta showed significantly higher mean shared team experiences than the other projects. 

Although this does not directly point towards inaccuracies in the data, it may be helpful in 

determining patterns across projects. For instance, projects Alpha and Beta are relatively 

longer running compared to the other projects. To assess the effects of these across-project 

differences on the robustness of the results, models were also tested omitting the observations 

of project Delta.  

Secondly, in missing data and outlier analysis, it was found that 48 observations had 

missing data on the dependent variable. In all these, zero software issues were resolved that 

week (qlit), resulting in a division by 0 and thus a missing value, which is typically the case at 

the very start of a project. Missing values on the dependent variable are omitted in the 

regression analysis of the models, resulting in a remainder of 518 valid observations. 

Furthermore, a meager amount of outliers was found, majority of which could be explained 

by the Dutch vacation periods. For this reason, tests for robustness of the results also include 

analysis of the models omitting observations in Dutch vacation weeks.  
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Thirdly, all variables were checked for linearity, normality and homoscedasticity, and the 

need for data transformations. As discussed in the previous Methodology chapter, the classic 

learning curve is log-linear. Hence, for theoretical reasons, the experience, effort and cost 

variables were log-transformed. The task heterogeneity and shared team experience variables 

also exhibited best linearity and homoscedasticity results when log-transformed. Task 

dispersion and cultural heterogeneity exhibit heteroscedastic residuals, even when 

transformed; hence require careful interpretation with respect to generalizability of the 

findings. Overall, the models presented in this study include logarithmic transformed terms 

for the dependent variables effort and costs, the experience variables, and task heterogeneity 

and shared team experience.   

Finally, the data in the analysis define a time series. Hence, to check for serial correlation 

among observations performed close in time, two tests for autocorrelation were performed. 

First, the Durbin-Watson test for significance of autocorrelation in all of the models was 

inconclusive. Hence, an additional AR(1) Maximum-Likelihood Estimation was performed to 

see if model estimates significantly deviated from the Least-Squares coefficient estimates. 

This did not appear to be the case; hence analysis is pursued with Least-Squares regression. 

For reference, the AR(1) rho coefficients are indicated in Appendix A. 
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4 Results 

Following a delineation of the methodology, this chapter discusses the empirical investigation 

of the performance of TomTom CS with respect to intra-firm learning and inter-firm 

knowledge transfer in its offshoring relationship with its Indian partner. Ultimately, the goal 

is to discover the determinants for best practices and crucial aspects for successful 

management of inter-firm learning. For clarity and comprehensibility reasons, this section 

only discusses a synopsis of the empirical findings. Exhaustive, step-by-step analysis results 

of all twelve models are provided in Appendix A.   

The remainder of this section is structured as follows. First the results for learning from 

own experience are discussed. Subsequently, the findings are discussed for the knowledge 

transfer models. Table 8, at the end of this chapter, presents an overview of all the regression 

estimates for the learning and knowledge transfer models. Lastly, separate models are tested 

to investigate the potential interaction effects between the experience variables.  

4.1 Learning From Own Experience
4
 

First, learning from own experience in resolving software issues is investigated. As depicted 

in Figure 3, learning-by-doing occurs when own direct experience affects own performance, 

where performance is measured as average effort and average costs per resolved software 

issue. Potentially influencing the onshore experience-to-onshore performance (tabulated in 

Table 2) and offshore experience-to-offshore performance (tabulated in Table 3) relationships 

are cultural heterogeneity, task dispersion, shared team experience and task heterogeneity.  

 

Figure 3: Model for testing learning-by-doing, and its drivers. 

                                                      

4
 For comprehensive empirical results, please refer to Appendix A.1. 
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In the first place, it is important to determine whether any learning does seem to take 

place. A visual inspection of Figure 4 and Figure 5 suggests that both average effort and costs 

across projects in onshore (the Netherlands) as well as offshore (India) locations decrease 

over time. Although hardly visible in Figure 4, the average effort in the Netherlands is 

marginally lower than the average Indian effort. In other words, the Dutch are on average 

more productive than their Indian counterpart, as initially presumed. Onshore average costs in 

the Netherlands, on the other hand, notably exceed the offshore average costs in Indian. 

 

 

4.1.1 Onshore Learning-by-Doing 

Time series data, as the ones illustrated in Figure 4 and Figure 5, can be represented in 

learning curves. A learning curve for the Netherlands, showing the characteristic learning 

curve pattern, is plotted from a single project in Figure 6 (left); the average effort per software 

issue decreases at a decreasing rate as cumulative number of resolved issues increases. For 

estimation purposes, the learning curve is log-transformed, as shown in Figure 6 (right), after 

which Equation (4) and (5) can be estimated with Least-Squares linear regression.  

Notes. Axis labels are hidden and not proportionally scaled to disguise sensitive firm data. 

Figure 5: Decreasing average costs across all cases in the Netherlands (left) and India (right) over time. 

Notes. Axis labels are hidden to disguise sensitive firm data. 

Figure 4: Decreasing average effort across all cases in the Netherlands (left) and India (right) over time. 
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The results of Equation (4) and (5) for onshore intra-firm learning in the Netherlands are 

reported in Table 2. Model I and II indicate that the learning rate on effort and costs in the 

Netherlands (β1) in this context are -.579 (p < .01) and -.548 (p < .01), respectively. This leads 

to progress rates of 0.67 and 0.68, meaning that effort and costs decrease with approximately 

33% when cumulative experience is doubled. Thus, the data sample demonstrates a much 

faster learning rate than the modal 80% learning curve found in manufacturing (Argote, 2013) 

or in pizza stores (Darr et al., 1995). R
2
-adjusted of these models is found to be, respectively, 

.307 and .274; thereby the models explain approximately 30% of the variance in the 

dependent variables AENLit and ACNLit.  

Hypotheses 1a and 4a predict an increased onshore learning rate with higher degrees of 

task heterogeneity and shared team experience. Contrary, Hypotheses 2a and 3a predict an 

impeded learning rate with task dispersion and cultural heterogeneity. Looking at the main 

effects, it can be seen that onshore performance (i.e. effort and costs) is significantly affected 

by all hypothesized drivers. Higher degrees of task dispersion (β3I = .181, p < .01; β3II = .193, 

p < .01) and cultural heterogeneity (β4I = .141, p < .05; β4II = .147, p < .10) both increase 

effort and costs, and thereby impede performance. Task heterogeneity (β5I = -.306, p < .01; 

β5II = -.278, p < .01) and shared team experience (β6I = -.635, p < .01; β6II = -.74, p < .01), on 

the other hand, significantly decrease effort and costs. Furthermore, as hypothesized, task 

dispersion impedes intra-firm learning from experience (β7I = .201, p < .01; β7II = .197, p < 

.01), providing support for H2a. Task heterogeneity does not significantly impact onshore 

learning-by-doing, providing no support for H1a. Interestingly, learning from experience is 

improved with higher levels of cultural heterogeneity (β8I = -.214, p < .01; β8II = -.256, p < 

.01), and shared team experience (β10I = -.237, p < .01; β10II = -.205, p < .01). Hence, H2a is 

not supported, while support was found for H4a. In fact, improvements in the average onshore 

Notes. Data from a single project for a period of 2½ years. Axis labels are hidden to disguise sensitive firm data. 

Figure 6: Relation between average effort per issue and cumulative number of resolved issues (left), and 

the same relationship log-transformed as used for linear regression (right). 
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effort and costs attributed to cumulative experience seem to run through the shared 

experience they acquire with working with other team members, as ExpNL becomes an 

insignificant predictor for effort when STEit is added to the models. This may suggest that 

onshore learning from experience is mediated by shared team experience.   

Moreover, with R
2
-adjusted being .497 and .494 respectively, a considerable amount of 

variance in the average onshore effort and costs can be explained with the complete model.  

 

Table 2: Impact and influencers of onshore experience on onshore effort and costs. 

 
ONSHORE LEARNING-BY-DOING (NETHERLANDS) 

O
N

S
H

O
R

E
 E

X
P

E
R

IE
N

C
E

 

  Onshore performance 

 

Effort: AENL Costs: ACNL 

Model I II 

N = 481 (a) (f) (a) (f) 

log Exp. NL -.579
**

 .149 -.548
**

 .134 

Project phase NL   .133
**

   .205
**

 

Task dispersion   .181
**

   .193
**

 

Culture heterogeneity   .141
*
   .147

+
 

log Task heterogeneity   -.306
**

   -.278
**

 

log Shared team experience   -.635
**

   -.674
**

 

log Exp. NL * Task dispersion   .201
**

   .197
**

 

log Exp. NL * Cultural heterogeneity   -.214
**

   -.256
**

 

log Exp. NL * log Task heterogeneity   .019   .022 

log Exp. NL * log Shared team experience   -.237
**

   -.205
**

 

Adjusted R Square .307 .497 .274 .494 

 
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

4.1.2 Offshore Learning-by-Doing 

The results of Equation (4) and (5) for offshore learning-by-doing in India are reported in 

Table 3. Model III and IV indicate that the learning rate of India for effort and costs in this 

context are -.350 (p < .01) and -.173 (p < .05), respectively. This leads to progress rates of 

0.78 and 0.89, meaning that effort decreases with 22% and costs decrease with 11% when 

Indian cumulative experience is doubled. Furthermore, R
2
-adjusted of these models are .162 

and .071, hence both the offshore Indian learning rate as well as the coefficient of 

determination are considerably lower than the onshore Dutch intra-firm learning models. 

Hypotheses 1b and 4b predict an increased offshore learning rate with higher degrees of 

task heterogeneity and shared team experience. Contrary, Hypotheses 2b and 3b predict an 

impeded learning rate with task dispersion and cultural heterogeneity. Looking at the main 

effects, only task dispersion (β3III = -.711, p < .01; β3IV = -.774, p < .01) and shared team 

experience (β6III = -.212, p < .10; β6IV = -.542, p < .01) significantly affect both average Indian 

effort and costs. Task dispersion, de facto, has a large main effect on average offshore 

performance, and is accountable for a large portion of the variance in the dependent variables 

effort and costs (∆R
2
-adj. = .292 and .267 respectively, see Appendix A.1 for reference). The 

unfavourable effect of cultural heterogeneity on effort (β4III = .247, p < .05) in Model IIIe is 
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mitigated (β4III = .174, p = .148) when shared team experience is added in the final model. 

The bothersome effect of cultural heterogeneity on costs (β4IV = .299, p < .05) remains when 

shared team experience is added in the final model, but its magnitude has considerably 

decreased. Furthermore, task heterogeneity decreases offshore average costs (β5IV = -.238, p < 

.01).  

Shared team experience is the only factor that significantly drives the rate of learning-by-

doing on offshore effort (β10III = -.166, p < .05) and costs (β10IV = -.283, p < .01), providing 

support for H4b. No support was found, however, for H1b, H2b and H3b, as the offshore rate of 

learning from own experience is not significantly influenced by task heterogeneity, task 

dispersion or cultural heterogeneity, respectively. Moreover, with R
2
-adjusted being .469 and 

.463 respectively, a considerable amount of variance in the offshore average Indian effort and 

costs per software issue can be explained with the complete Models III and IV.  

 

Table 3: Impact and influencers of offshore experience on offshore effort and costs. 

  OFFSHORE LEARNING-BY-DOING (INDIA) 

O
F

F
S

H
O

R
E

 E
X

P
E

R
IE

N
C

E
 

  Offshore performance 

 

Effort: AEIND Costs: ACIND 

Model III IV 

N = 290 (a) (f) (a) (f) 

log Exp. IND -.350
**

 -.075 -.173
*
 .272

*
 

Project phase IND 
 

-.084 
 

-.046 

Task dispersion 
 

-.711
**

 
 

-.774
**

 

Culture heterogeneity 
 

.174 
 

.299
*
 

log Task heterogeneity 
 

-.087 
 

-.238
**

 

log Shared team experience 
 

-.212
+
 

 
-.542

**
 

log Exp. IND * Task dispersion 
 

-.052 
 

-.029 

log Exp. IND * Cultural heterogeneity 
 

-.050 
 

-.044 

log Exp. IND * log Task heterogeneity 
 

-.065 
 

-.106 

log Exp. IND * log Shared team experience 
 

-.166
*
 

 
-.283

**
 

Adjusted R Square .162 .467 .071 .463 

 
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

4.2 Inter-Firm Knowledge Transfer
5
 

After learning from own experience, now knowledge transfer is investigated. As depicted in 

Figure 7, knowledge transfer occurs when onshore experience, learning or performance is 

affected by offshore experience, or vice versa. Potentially influencing the knowledge transfers 

to offshore India (tabulated in Table 4) and to onshore the Netherlands (tabulated in Table 5) 

are cultural heterogeneity, task dispersion, shared team experience and task heterogeneity.  

                                                      

5
 For comprehensive empirical results, please refer to Appendix A.2. 
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Figure 7: Model for testing knowledge transfer, and its drivers. 

4.2.1 Knowledge Transfer from Onshore to Offshore 

The results of Equation (4) and (5) for inter-firm learning and knowledge transfer from 

onshore (the Netherlands) to offshore (India) are reported in Table 4. By swiftly looking at 

Models Va and VIa one can see that the results suggest that the Indian’s rate of inter-firm 

knowledge transfer from Dutch experience on effort in this context is -.441 (p < .01), and -

.400 (p < .01) for costs, providing initial support for H5b and H5c. This leads to progress rates 

of 0.74 and 0.76, meaning that average Indian effort decreases with 26% and costs decrease 

with 24% when Dutch cumulative experience is doubled. R
2
-adjusted of these models is .125 

and .123 respectively, which is relatively lower compared to the learning-by-doing model for 

offshore performance.  

Hypotheses 1c and 4c predict an increased transfer rate to offshore with higher degrees of 

task heterogeneity and shared team experience. Contrary, Hypotheses 2c and 3c predict an 

impeded transfer rate with task dispersion and cultural heterogeneity. First thing noticed when 

inspecting the influencers on knowledge transfer to offshore India is that the main effect of 

Dutch cumulative experience diminishes and becomes insignificant when task dispersion is 

added to the model. Task dispersion seems beneficial for both average effort and costs in (β3V 

= -.694, p < .01; β3VI = -.761, p < .01), and knowledge transfer to  

(β7V = -.461, p < .01; β7VI = -.444, p < .01) offshore India, not supporting H2c. Hence, having a 

significant part of the interdependent work done onshore, in the Netherlands, is beneficial for 

offshore Indian performance and their ability to learn from their Dutch counterpart. 

Furthermore, offshore effort (β6VI = -.264, p < .05) and costs (β6VI = -.309, p < .05) are lower 

with higher degrees of shared team experience. Surprisingly, shared team experience does not 

significantly affect knowledge transfer to India, hence no support was found for H4c. Cultural 

heterogeneity remains a barrier for performance, as it significantly increases effort (β4V = 
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.315, p < .01) and costs (β4VI = .282, p < .05). However, it does not significantly affect 

knowledge transfer, not supporting H3c. Interestingly, task heterogeneity is beneficial for 

effort improvement (β5V = -.123, p < .05), yet has a small hampering impact on the 

relationship between onshore experience on offshore effort (β9V = .096, p < .10). Thus, 

although beneficial for productivity, having a large variety in the experience portfolio limits 

inter-firm knowledge transfer, providing no support for H1c. Moreover, no support was found 

for H3c and H4c, as cultural heterogeneity and shared team experience were not found to 

significantly affect relationship between offshore’s performance and onshore experience.  

A considerable amount of variance in the average Indian effort and costs can be attributed 

to Model V and VI in their entirety, as R
2
-adjusted are .469 and .484. Comparing this to the 

offshore learning models, it appears the learning-by-doing and knowledge transfer models are 

approximately equally adequate in predicting average offshore performance per issue.  

Table 4: Knowledge transfer to offshore, impact of onshore experience on offshore performance. 

  KNOWLEDGE TRANSFER TO OFFSHORE (INDIA) 

O
N

S
H

O
R

E
 E

X
P

E
R

IE
N

C
E

 

  Offshore performance 

 

Effort: AEIND Costs: ACIND 

Model V VI 

N = 292 (a) (f) (a) (f) 

log Exp. NL -.441
**

 .214 -.400
**

 .210 

Project phase IND   -.111   -.137 

Task dispersion   -.694
**

   -.761
**

 

Culture heterogeneity   .315
**

   .282
*
 

log Task heterogeneity   -.123
*
   -.098 

log Shared team experience   -.264
*
   -.309

*
 

log Exp. NL * Task dispersion   -.461
**

   -.444
**

 

log Exp. NL * Cultural heterogeneity   .059   .184 

log Exp. NL * log Task heterogeneity   .096
+
   .088 

log Exp. NL * log Shared team experience   -.011   .005 

Adjusted R Square .125 .469 .123 .484 

 
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

4.2.2 Knowledge Transfer from Offshore to Onshore 

The results of Equation (4) and (5) for inter-firm knowledge transfer from offshore (India) to 

onshore (the Netherlands) are reported in Table 5. By inspecting Models VII and VIII, inter-

firm transfer rates to the Netherlands in this context are -.566 (p < .01) and -.582 (p < .01), 

supporting H5b and H5c. This leads to progress rates of 0.68 and 0.69, meaning that average 

onshore effort decreases with 32% and costs decrease with 31% when offshore cumulative 

experience is doubled. Moreover, cumulative offshore experience explains respectively 19% 

and 30% of the variance in the average onshore Dutch effort and costs.  

Models VII and VIII in Table 5 present the results of Equation (5) for the dependent 

variables effort and costs, respectively, and the corresponding effects of the drivers on 

knowledge transfer from offshore (India) to onshore (the Netherlands). Hypotheses 1d and 4d 

predict an increased transfer rate to onshore with higher degrees of task heterogeneity and 

shared team experience. Contrary, Hypotheses 2d and 3d predict an impeded transfer rate 
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with task dispersion and cultural heterogeneity. Except cultural heterogeneity, which becomes 

insignificant when shared team experience is regarded in the models, all variables have 

significant main effects on Dutch average effort and costs. Task heterogeneity (β5VII = -.302, p 

< .01; β5VIII = -.240, p < .01) and shared team experience (β6VII = -.575, p < .01; β6VIII = -.555, 

p < .01) positively influence both effort and costs, while task dispersion hinders these (β3VII = 

.236, p < .01; β3VIII = .188, p < .05). Just like in the onshore intra-firm learning models 

(Models I and II), Dutch average effort and costs increases with higher levels of task 

dispersion, while they can be decreased with higher levels of variation in the experience 

portfolio and sharing of experiences with other team members. The impeding effect of 

cultural heterogeneity is mitigated when shared team experience is added to the model. 

Likewise, also the main inter-firm transfer effect from cumulative offshore experience to 

onshore performance becomes insignificant when shared team experience is added in the last 

model. Hence, knowledge transfer possibly happens through the accumulated experience with 

working together, rather than directly from experience in resolving issues.   

Table 5: Knowledge transfer to onshore, impact of offshore experience on onshore performance. 

 
KNOWLEDGE TRANSFER TO ONSHORE (NETHERLANDS) 

O
F

F
S

H
O

R
E

 E
X

P
E

R
IE

N
C

E
 

  Onshore performance 

 

Effort: AENL Costs: ACNL 

Model VII VIII 

N = 404 (a) (f) (a) (f) 

log Exp. IND -.566
**

 .108 -.582
**

 .109 

Project phase NL   .194
**

   .261
**

 

Task dispersion   .236
**

   .188
*
 

Culture heterogeneity   .092   .155 

log Task heterogeneity   -.302
**

   -.240
**

 

log Shared team experience   -.575
**

   -.555
**

 

log Exp. IND * Task dispersion   .097
+
   .060 

log Exp. IND * Cultural heterogeneity   -.077   -.095 

log Exp. IND * log Task heterogeneity   .101
*
   .111

*
 

log Exp. IND * log Shared team experience   -.097   -.039 

Adjusted R Square .190 .382 .306 .493 

 
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 Besides the main effects, there are two factors that significantly impede the inter-firm 

transfer rate on onshore effort. Task dispersion (β7VII = .097, p < .10) and task heterogeneity 

(β9VII = .101, p < .05), once again, appear to hinder learning and knowledge transfer from 

offshore India to onshore the Netherlands. The transfer rate on average Dutch costs is only 

hampered by task heterogeneity (β9VIII = .111, p < .05). Hence, since task heterogeneity was 

found to impede knowledge transfer to onshore, rather than drive it, no support was found for 

H1d. Partial support was found for H2d, as task dispersion hampered the relationship between 

offshore experience and onshore effort, but did not appear to do this between offshore 

experience and onshore costs. Furthermore, cultural heterogeneity and shared team 
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experience do not significantly influence knowledge transfer to the Netherlands, thus no 

support was found for H3d and H4d, respectively. 

When inspecting the coefficients of determination (R
2
-adj. = .382 and .493, respectively), 

one can see that the Model VII only predicts a minor part of the variance in the Dutch average 

effort, while Model VIII predicts a considerable amount of variance in Dutch average costs 

per software issue. The onshore learning-by-doing model, Model I, delivers a considerably 

better prediction of the onshore average effort than the inter-firm transfer model. This might 

suggest that effort improvements in the Netherlands are more attributed to learning from own, 

instead of others’ experience. 

4.3 Knowledge Transfer as a Driver 

Having discussed the intra-firm learning and inter-firm knowledge transfer models, this 

section will address the analysis of knowledge transfer as a driver of learning, and own 

experience as a driver of knowledge transfer, as depicted in Figure 8. The models used to 

investigate an interaction effect between the two experience variables are tested separately 

from Models I to VIII, to avoid instability of the models as a result of mediation and 

multicollinearity effects.  

 

The results in Table 6 are of the models that test for an interaction effect between the 

onshore and offshore experience variables on the onshore performance variables, average 

Dutch effort and costs. Onshore experience and offshore experience are both individually 

negative related to onshore effort and costs. The latter relationship, however, becomes 

insignificant when both experience variables are considered in the model, indicating that 

offshore experience, indirectly through onshore experience, benefits onshore performance. 

Furthermore, no interaction effect between the experiences is found in their effect on onshore 

performance. Hence, neither intra-firm learning is improved with higher degrees of 

knowledge transfer, nor knowledge transfer is improved with more own direct experience.  

Figure 8: Model for testing interaction effects between on- and offshore experience on performance. 
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Table 6: Interaction effects between on- and offshore experience on onshore performance. 

N = 403 
Onshore effort

a 

Dependent variable: AENL 

Onshore costs
a 

Dependent variable: ACNL 

Project phase 

NL 
.276

**
 .128

*
 .280

**
 .265

**
 .276

**
 .129

*
 .280

**
 .265

**
 

log Exp. NL -.723
**

  -.746
**

 -.701
**

 -.722
**

  -.744
**

 -.699
**

 

log Exp. IND  -.543
**

 .023 -.022  -.543
**

 .022 -.022 

log Exp. NL * 

log Exp. IND 
   -.059    -.058 

Adj. R
2
 .341 .289 .339 .340 .340 .289 .339 .339 

+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

a
 Effort and costs in the Netherlands controlled for the project phase in the Netherlands (DevNLit) 

 

The results in Table 7 are of the models that test for an interaction effect between the onshore 

and offshore experience variables on the offshore performance variables, average Indian 

effort and costs. Similarly to the results in Table 6, both experience variables individually 

significantly benefit offshore effort and costs. Further, the onshore experience becomes 

insignificant to its relation to offshore performance when also the offshore experience is 

considered in the model. Hence, onshore Dutch experience is indirectly related to offshore 

Indian performance. Hypotheses 5a, 5b and 5c predict an increased learning rate and 

decreased effort and costs with higher degrees of knowledge transfer. Altogether, partial 

support was found for H5b and H5c. Knowledge transfer does appear to benefit performance, 

as effort and costs of one firm are significantly lower with more of the other’s experience, yet 

this effect seems to run indirectly through own experience in resolving issues. Potentially 

learning from other’s experience is mediated by own experience. Furthermore, again, no 

interaction effect was found between the on- and offshore experience variables, indicating 

there is no driving effect of knowledge transfer on own learning or vice versa, and thus no 

support was found for H5a.  

 

Table 7: Interaction effects between on- and offshore experience on offshore performance. 

N = 287 
Offshore effort

b 

Dependent variable: AEIND 

Offshore costs
b 

Dependent variable: ACIND 

Project phase 

IND  
-.019 -.021 -.043 -.023 -.076 -.073 -.096 -.068 

log Exp. NL -.391
**

  .174 .175 -.281
*
  .191 .192 

log Exp. IND  -.305
**

 -.394
*
 -.411

**
  -.231

**
 -.329

*
 -.353

*
 

log Exp. NL * 

log Exp. IND 
   -.032    -.045 

Adj. R
2
 .115 .135 .133 .130 .127 .140 .139 .137 

+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

b
 Effort and costs in India controlled for the project phase in India (DevINDit) 
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4.4 Robustness 

To test the robustness of the results, several alternative analyses were conducted. Firstly, one 

of the six projects showed no significant learning effects in any of the models. Hence, tests 

were repeated without observations from this specific project, however this provided similar 

results as reported earlier. 

Secondly, the impact on the results was tested when observations from Dutch vacation 

periods are omitted, because these significantly impact the amount of issues resolved, while 

keeping the allocated input used to calculate average effort equal. Christmas and Spring 

holidays, in particular, decrease the actual input, and thus indirectly the output, but not the 

allocated input, which is used to measure effort. Except for higher R
2
-adjusted values, 

particularly for the inter-firm knowledge transfer models, the results from this analysis are 

similar to these reported earlier in this thesis. Hence, neither the seemingly different 

characteristics of project Delta nor the vacation weeks significantly affect the results, 

suggesting that the models are robust.  
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Table 8: Summary table of empirical results. 

 

ONSHORE PERFORMANCE   OFFSHORE PERFORMANCE 

O
N

S
H

O
R

E
 E

X
P

E
R

IE
N

C
E

 

 
Onshore intra-firm learning (Netherlands) 

  
Knowledge transfer to offshore (India) 

 

Effort: AENL Costs: ACNL 

  

Effort: AEIND Costs: ACIND 

Model I II 

 

Model V VI 

N = 481 (a) (f) (a) (f) 

 

N = 292 (a) (f) (a) (f) 

log Exp. NL -.579** .149 -.548** .134 

 

log Exp. NL -.441** .214 -.400** .210 

Project phase NL   .133**   .205** 

 

Project phase IND   -.111   -.137 

Task dispersion   .181**   .193** 

 

Task dispersion   -.694**   -.761** 

Culture heterogeneity   .141*   .147+ 

 

Culture heterogeneity   .315**   .282* 

log Task heterogeneity   -.306**   -.278** 

 

log Task heterogeneity   -.123*   -.098 

log Shared team experience   -.635**   -.674** 

 

log Shared team experience   -.264*   -.309* 

log Exp. NL * TD   .201**   .197** 

 

log Exp. NL * TD   -.461**   -.444** 

log Exp. NL * CH   -.214**   -.256** 

 

log Exp. NL * CH   .059   .184 

log Exp. NL * log TH   .019   .022 

 

log Exp. NL * log TH   .096+   .088 

log Exp. NL * log STE   -.237**   -.205** 

 

log Exp. NL * log STE   -.011   .005 

Adjusted R Square .307 .497 .274 .494 

 

Adjusted R Square .125 .469 .123 .484 

    

          

O
F

F
S

H
O

R
E

 E
X

P
E

R
IE

N
C

E
 

 
Knowledge transfer to onshore (Netherlands 

  
Offshore intra-firm learning (India) 

 

Effort: AENL Costs: ACNL 

  

Effort: AEIND Costs: ACIND 

Model VII VIII 

 

Model III IV 

N = 404 (a) (f) (a) (f) 

 

N = 290 (a) (f) (a) (f) 

log Exp. IND -.566** .108 -.582** .109 

 

log Exp. IND -.350** -.075 -.173* .272* 

Project phase NL   .194**   .261** 

 

Project phase IND 
 

-.084 
 

-.046 

Task dispersion   .236**   .188* 

 

Task dispersion 
 

-.711** 
 

-.774** 

Culture heterogeneity   .092   .155 

 

Culture heterogeneity 
 

.174 
 

.299* 

log Task heterogeneity   -.302**   -.240** 

 

log Task heterogeneity 
 

-.087 
 

-.238** 

log Shared team experience   -.575**   -.555** 

 

log Shared team experience 
 

-.212+ 
 

-.542** 

log Exp. IND * TD   .097+   0.06 

 

log Exp. IND * TD 
 

-.052 
 

-.029 

log Exp. IND * CH   -.077   -.095 

 

log Exp. IND * CH 
 

-.050 
 

-.044 

log Exp. IND * log TH   .101*   .111* 

 

log Exp. IND * log TH 
 

-.065 
 

-.106 

log Exp. IND * log STE   -.097   -.039 

 

log Exp. IND * log STE 
 

-.166* 
 

-.283** 

Adjusted R Square .190 .382 .306 .493 

 

Adjusted R Square .162 .467 .071 .463 
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5 Discussion & Conclusions 

The objective of this research was find the paramount determinants and aspects for managing 

learning and knowledge transfer, and to develop recommendations for TomTom Custom 

Systems to improve organizational practices and quantification capabilities, for successful 

management of offshoring of software development work, based on empirical, objective data-

driven analysis. Furthermore, the goal is to contribute to the body of literature on 

organizational learning and knowledge management, and learning in offshoring of software 

development in particular. The empirical results have several implications with respect to 

theory and practice, yet should also be interpreted with limitations in mind. 

5.1 Key Findings 

Having empirically determined the drivers and barriers of learning and knowledge transfer in 

offshoring of software development, this section aims to explain the findings and deduce 

determinants for best practices.  

5.1.1 Higher Onshore Learning Rates 

Initial inspection of the performance-versus-cumulative experience graphs implies learning 

curves for effort and costs at both locations, albeit that productivity and costs are on average 

higher in the Netherlands. The expected learning and knowledge transfer effects are 

confirmed when investigating the findings for Equation (4) of every model. Nevertheless, the 

findings suggest that the intra-firm learning rates in the Netherlands are higher than the ones 

found in India. Dutch average effort and costs decrease with 33% and 32%, respectively, 

when cumulative experience is doubled. Indian average effort and costs, on the other hand, 

decrease with 22% and 11% respectively when experience is doubled. This difference can be 

due to various reasons. Part of the learning capabilities are determined by a firm’s own 

capabilities, like absorptive capacity (Dyer & Hatch, 2006; Easterby-Smith et al., 2008; 

Kotlarsky et al., 2014) and learning intent (Simonin, 2004). Although measurement of these 

were out of scope in the current study, potentially inter-firm asymmetry exists on these two 

aspects, such that onshore Dutch absorptive capacity and learning intent are greater than in 

offshore India.  

Furthermore, part of the variation in Dutch performance can be attributed in the phase of 

the project; development work is generally better specified and requires lesser effort than 

maintenance work, which takes more effort to understand the code and identify the problem 

areas that require rectification. This, however, did not appear the case for offshore 

performance in India.   
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5.1.2 Experience Working Together Drives Performance & Learning 

Irrespective of the location, shared team experience significantly improves performance and 

the learning rate. A common understanding of the strategies and tasks, and knowledge about 

the team and where specific experience is located develop as team members gain experience 

working together, which benefits performance through better coordination (Boh et al., 2007; 

Kotlarsky et al., 2014) and skill-to-task alignment (Chen & Edgington, 2005). Furthermore, 

team members are also argued to develop relationship-specific heuristics, such as trust (Kale 

et al., 2000; Uzzi & Lancaster, 2003; Levin & Cross, 2004; Easterby-Smith et al., 2008; van 

Wijk et al., 2008), social cohesion (Llorens-Montes et al., 2005; Reagans & McEvily, 2003), 

and tie strength (Kane et al., 2005; Inkpen & Tsang, 2007), that together determine how well 

people interact. Unexpectedly, this shared knowledge and improved people interaction, 

gained from shared team experience, was not found to manifest a benefit to knowledge 

transfer, as found earlier by Reagans & McEvily (2003). Yet, in some cases it did seem to 

weaken or mitigate the negative effect of cultural differences, supporting claims by Inkpen & 

Tsang (2005) and Van Wijk et al. (2008). Prior to the empirical analysis, this was well 

exemplified by the Indian offshore coordinator: 

“I think it becomes more convenient in communication when they get to know the team in 

person. That is the main advantage of personnel transfers. And they also know who to 

contact directly, so that communication does not go in a loop, or it has to go through 

different people.” – Offshore Coordinator 

5.1.3 Experience Variation Benefits Performance, Impedes Transfer 

Next to increasing shared team experience, performance can be improved with higher degrees 

of variation in the experience. Variation in the experience of completing software engineering 

tasks is found to benefit both productivity and costs. An agile software development 

approach, and scrum in particular, may significantly benefit performance over more 

traditional sequential waterfall approaches. Teams that work on more different software 

issues may develop a deeper understanding of the context and strategies of tasks, making 

them more efficient (Wiersma, 2007). However, unlike the findings of Wiersma (2007) and 

similar to findings in Darr et al. (1995), a more diverse experience was not associated with 

steeper learning curves in the current study, and inter-firm knowledge transfer was even 

hampered. Yet, while the insignificant finding in Darr et al. (1995) was linked to a lack of 

variation in the heterogeneity measure (Schilling et al., 2003), the insignificant relation to 

learning-by-doing and negative influence on knowledge transfer in the current study are 

argued to be due to the unrelated variation (Schilling et al., 2003; Narayanan et al., 2009) or 

tacitness of the experience (Zollo & Winter, 2002). Unlike explicit knowledge, which is more 
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easily shared and understood, tacit software knowledge is usually troublesome to transfer 

(Inkpen & Dinur, 1998; Osterloh & Frey, 2000; Easterby-Smith et al., 2008; Harryson et al., 

2008), as articulation and codification mechanisms are hindered (Zollo & Winter, 2002) due 

to complexity and ambiguity of the knowledge (Simonin, 1999; 2004).  

Additionally, development work, compared to bug-fixing or testing tasks, may be more 

different than earlier anticipated, and the variation may thus be too unrelated to benefit 

knowledge transfer across tasks and people (Schilling et al., 2003). A varied mix of 

experiences may therefore further increase the perceived ambiguity of the knowledge, when 

the knowledge shared by the donor does not match the current experience of the recipient. In 

short, decreasing task heterogeneity may improve the inter-firm transfer of knowledge, while 

it may also limit performance improvements. Inversely, increasing task heterogeneity may 

improve effort and costs, yet hampers knowledge transfer. 

5.1.4 Cultural Differences Raise Social Hurdles & Access to Information 

Findings with respect to cultural heterogeneity and task dispersion are less straightforward 

and require more careful interpretation. As expected, cultural differences negatively impact 

productivity and cost reductions. Hence, the fact that, due to offshoring, a larger portion of 

the team with whom to collaborate has a different cultural background is found to 

significantly increase effort and costs. People find it more pleasant to interact with others who 

have similar psychological characteristics, as this corroborates and reinforces their own 

beliefs, affect and behaviours (Harrison & Klein, 2007), which benefits task performance. 

Different values, beliefs and attitudes, for instance with respect to power distance and 

individualism (Hofstede G. H., 2001; Bhagat et al., 2002), may reduce team cohesiveness, 

and increase interpersonal conflicts and distrust (Harrison & Klein, 2007), not to even 

mention the communication problems that may arise from differences in understanding and 

interpretation of language (Inkpen & Tsang, 2007). In the Netherlands, however, variation in 

cultures appears beneficial for the learning rate; higher degrees of cultural heterogeneity 

result in steeper onshore learning curves. While variety can be a limiting factor, it may also 

broaden the cognitive and behavioural repertoire of a team. Members with different 

backgrounds enrich the possible arrangement of information, while no new information is 

gained when a person from the same homogenous background is added (Harrison & Klein, 

2007). Hence, the Dutch may gain insights from their Indian counterparts, which increases 

their own learning rate. In some way, one may argue, this is also a form of knowledge 

transfer. Inter-firm knowledge transfer, on the other hand, is not significantly affected by 

cultural variation. Overall, cultural heterogeneity has the potential to decrease performance 

through the social issues it causes, while it may drive learning through greater sources and 

processing of information, and creativity. 
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5.1.5 Task Dispersion Provides Inter-Firm Learning Opportunity 

The results on task dispersion indicate major differences between its effect in the Netherlands 

and India. More specifically, task dispersion benefits performance in and knowledge transfer 

to India, while the contrary is the case for the Netherlands. From the Dutch perspective, the 

fact that portion of the work is dispersed to offshore India leads to increased effort and costs, 

and impeded learning and knowledge transfer. This is according to expectations, as dispersion 

of work across national borders entails geographical separation, which may obstructs 

communication and retention of contextual information, and reinforces information 

asymmetry. Eventually this may lead to limited development of a common understanding and 

mutual knowledge (Ramasubbu et al., 2008), and the disability to coordinate the team and the 

tasks at hand (Espinosa et al., 2007; Faraj & Sproull, 2000). Development of a common 

understanding (Argote, 2013), and successful coordination and information exchange, is 

particularly conditional when knowledge is complex and tacit (Harryson et al., 2008), and is 

more likely to occur in co-located teams.  

Another rationale for the different findings for learning and performance in the 

Netherlands due to the dispersion of tasks, may be the inter-firm relative differences in, for 

example, access to information and resources (Ramasubbu et al., 2008). This in particular 

may explain the considerably different results that were found in comparison to India. As 

discussed earlier, the average productivity in India is found to be relatively lower. A higher 

degree of dispersion of the work between the Netherlands and India clearly benefits offshore 

effort and costs, potentially because some of these tasks, which are interdependent of the 

offshore work, are performed by the more productive onshore engineers. The opposite may be 

true for onshore performance, which is hampered as work is performed by seemingly less 

productive offshore engineers, which conceivably stalls onshore engineers. Furthermore, a 

higher degree is dispersion of the work benefits knowledge transfer from the onshore to 

offshore, while the contrary is the case for knowledge transfer in the opposite direction. 

Hence, this would suggest knowledge only transfers better with increased dispersion of tasks 

when the location to which tasks are dispersed excels the focal firm’s own performance or 

knowledge base. Such differences in the knowledge base may indicate knowledge 

asymmetries or gaps between firms. Evidently, the firm with a relative knowledge gap has an 

opportunity to learn from transferred knowledge. The potential presence of such a knowledge 

gap was addressed by the onshore team lead of project Gamma: 

“We [onshore] have a couple of specific domains they [offshore] need knowledge about. 

And if they work on activities for which they miss the knowledge, they have to ask. 

However, they never end up at the right person to ask the question to. [...] What you see is, 

especially with the junior engineers in India, that their way of working or their knowledge 
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level absolutely do not align with the information they receive; either with communication 

or technical aspects they do not understand it.” – Team Lead Gamma 

Ultimately, software development is a cooperative and interdependent process, and task 

dispersion challenges the management of resources for such work, which may be more 

successful in one location than the other. Nonetheless, based on the empirical findings 

discussed in this chapter, a number of determinants for best practices and crucial aspects for 

successful management of inter-firm learning were discovered. Task heterogeneity benefits 

performance yet hampers knowledge transfer, shared experience is found beneficial for intra-

firm learning and performance, cultural heterogeneity limits performance and benefits 

onshore learning, and task dispersion either hampers or drives learning and performance, 

depending of the where the opportunity for learning from transfer is. Overall, these provide 

valuable input for the development of practical recommendations and a solution.  

5.2 Theoretical Implications 

The theoretical contributions of this thesis to research and literature are three-fold. First and 

foremost, the empirical findings suggest learning curves are clearly present in this software 

development context, albeit that the learning curves in this context are steeper in the 

Netherlands than in Indian teams. Thereby this study extends the scarce body of learning 

curve literature in the context of learning in software development, and offshoring of software 

development in particular. Interestingly, the learning rates found in this context were 

considerably higher than in other contexts, such as manufacturing (Epple, Argote, & Devadas, 

1991), hospitals (Reagans et al., 2005) and services (Darr et al., 1995; Wiersma, 2007). 

Although software development work is less routinized than manufacturing tasks, learning-

by-doing also leads to strong improvements in software development performance.  

Second, learning rates and performance in offshore software development work are 

affected by cultural and distance factors inherent to outsourcing, and the variation in 

experience and with whom this experience is acquired. Dispersion of work across 

organizational and national borders has a significant influence on performance and inter-firm 

learning. Geographical separation obstructs communication and retention of contextual 

information, and reinforces information asymmetry. Eventually this may lead to the disability 

to coordinate the team and the tasks at hand (Espinosa et al., 2007; Faraj & Sproull, 2000). In 

addition, cultural differences raise social hurdles that may impede performance of teams. 

Nonetheless, cultural differences may also provide access to new insights and information, 

providing additional opportunity to learn. Similarly, experience in working together, through 

fostered relational and cooperative skills, benefits performance and learning. Being able to 

interact properly, knowing who knows what, and having a shared understanding of the tasks 
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and go-to strategies allows for better coordination of software development work. Trust, 

stronger relational ties and social cohesion, cultivated through shared team experience, may 

mitigate the negative effects of cultural differences and stimulate sharing of information, and 

thus learning. The effect of variation in the experience portfolio of engineers is bilateral; it 

benefits intra-firm performance, but it hampers inter-firm transfer of knowledge. Arguably, a 

varied mix of experiences may increase the perceived ambiguity of the knowledge, when the 

knowledge shared by the donor does not match the current experience of the recipient.  

Third, this study sheds new empirical light on inter-firm learning and knowledge transfer 

in a global outsourcing context. The findings regarding task dispersion and cultural 

heterogeneity have found to play a crucial in this respect. Inherent to a global outsourcing 

strategy, resources and work are distributed across firm and national boundaries, inducing 

geographical separation and dissimilarities with respect to cultural background and native 

language amongst collaborating team members. The distribution of work, in particular, 

requires careful consideration, as the effects are not homogenous for all locations. Potentially, 

asymmetry with regards to the skill level, knowledge base or performance determines who 

may benefit from increased dispersion of work. 

5.3 Practical Implications 

Supplementary to the obvious theoretical contributions of this study, the findings have 

practical implications for managers. Most importantly, confirming claims from Ramasubbu et 

al. (2008, p. 452), “managers should not discount the effect of dispersion while estimating the 

potential costs-benefits of their offshore software development strategy.” Cost benefits from 

relocation of resources to offshore locations have to be contemplated against the potential loss 

of overall productivity and average increase of costs due to task dispersion, and the 

challenges in management of these interdependent resources.  

Furthermore, managers should not understate the presence and impact of cultural 

differences. While these differences may provide access to a new spectrum of information, 

social and communicational barriers have to be overcome. Starting with the creation of 

awareness and acceptance, managers should provide training to on- and offshore engineers to 

cope with communication and collaboration in culturally diverse teams. Conjointly, exchange 

of personnel may allow for the development of such awareness, trust and social ties. 

Lastly, managers should carefully consider their routines to achieve the anticipated results. 

The goal to achieve optimal productivity at a certain location may not require the same 

approach as for improving the inter-firm transfer of knowledge. For instance, variation in 

tasks may increase intra-firm productivity, but limits the successful transfer of knowledge. 

Likewise, a higher degree of task dispersion improves productivity and knowledge transfer to 

India, while the contrary is the case in the Netherlands.  
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5.3.1 Location-Specific Recommendations 

Ultimately, the goal of this research is to device a solution that makes offshoring more 

efficient, as discussed in the problem statement. Put bluntly, the goal is to optimize the 

productivity, or decrease effort, per euro spent. Sub-optimal knowledge transfer and inter-

firm learning was found as a major cause for this inefficient outsourcing. Hence, improving 

intra-firm learning and knowledge transfer will benefit productivity and cost improvement. 

Based on the findings in this research, various location-specific recommendations can be 

formulated that help optimize their performance and learning capabilities, and the transfer of 

knowledge between on- and offshore locations.  

5.3.1.1 Improve Learning and Performance in Onshore the Netherlands 

Improving learning and performance in the Netherlands requires a decrease in task dispersion, 

adaptations to cultural heterogeneity, and an increase in task heterogeneity and shared team 

experience.  

Decreasing Impact of Task Dispersion. Firstly, decreasing task dispersion can be 

achieved through colocation of work, which will diminish the distribution of work, but will 

also significantly increase overall project costs or effort, and squander the benefit of external 

flexibility and expertise. Another option is to mitigate the negative effect of task dispersion 

by decreasing the interdependencies between on- and offshore workers. The latter can be 

achieved through offshoring specific, standalone work packages that are independent of 

onshore tasks. Consequently, however, lesser knowledge transfer to offshore locations is 

expected, because use of transfer mechanisms, such as email, phone calls and 

videoconferencing, will be limited or redundant.  

Adapt to Cultural Heterogeneity. Secondly, cultural heterogeneity must be limited to 

boost performance, but increased to improve the learning rate. The social hurdles that arise 

from cultural differences pose a threat to successful task performance, hence must be 

mitigated. The new insights and information gained from the different perspectives, however, 

may improve members’ ability to learn, and thus must be intensified. Social cultural hurdles 

may be overcome by creating awareness of their existence through training on intercultural 

differences and communication. Furthermore, personnel transfers may help build shared inter-

firm team experience, which is argued to mitigate the negative effects of cultural 

heterogeneity (Inkpen & Tsang, 2005; van Wijk et al., 2008).   

Increase Task Heterogeneity. Thirdly, task heterogeneity can be increased to create 

variation in the experience portfolio of engineers, such that performance can be improved. To 

aid create a deeper cognitive understanding of the tasks and strategies at hand, engineers may 

work on varying, but related tasks (Schilling et al., 2003; Wiersma, 2007). Possibly, for 

example, the experience and knowledge created when fixing bugs can aid in development 



 

49 

tasks, such as development of new features and user stories. Strictly following an agile 

approach, which cycles through the entire process from development to testing in a short time 

span, may also increase average productivity. Nonetheless, task heterogeneity is also found to 

obstruct the transfer of knowledge between firms. The experience gained at one location may 

be too unrelated to the experience acquired at the other, thereby increasing the ambiguity of 

the knowledge as perceived by the recipient. Contrary to an agile approach to diversify tasks, 

managers can decrease task heterogeneity by adopting a more sequential, waterfall software 

development approach, yet this may also impede productivity. Alternatively, managers can 

aim to increase the relatedness of tasks across firms, by emphasizing conscious division and 

alignment of the outsourced tasks.   

Develop Shared Team Experience. Lastly, to improve learning and performance, it is vital 

to increase the average shared experience team members have with working together. 

Ultimately, the goal is to develop a shared understanding of the team and their strategies, and 

to build relationship-specific aspects, such as trust, cohesion and strong ties, such that teams 

can better coordinate themselves and the work. For instance, members with considerably 

more experience working together have a more accurate and sophisticated knowledge of who 

knows what in the team than lesser-experienced counterparts (Reagans et al, 2005). Team 

changes and employee turnover, naturally, affect shared experience in teams, which may hurt 

performance. As argued by Reagans et al. (2005), this effect can in part be compensated by 

how teams are constructed; placing individuals with lesser experience in experienced teams 

provides an attractive training ground, while it minimizes the negative effect of a lack of 

experience (Reagans et al., 2005). Furthermore, firms can increase the inter-firm shared 

experience through temporary exchange of personnel. Supplementary to the claim that 

transferred individuals provide a great channel for transfer of tacit knowledge (Harryson et 

al., 2008; Inkpen & Dinur, 1998; Kane et al., 2005), it also allows for the development of 

trust and social ties (Inkpen & Tsang, 2005; Reagans et al., 2005), which may help molder 

cultural barriers as well. Yet, while managers typically tend to exchange personnel that well 

fit the offshore working environment, it may be more beneficial to transfer personnel less 

familiar with the counterpart’s culture and way of working.  

Nonetheless, putting sole emphasis on improving practices in the Netherlands, by for 

example co-locating all the work to onshore, may significantly increase the overall 

productivity of the project, but may also increase total costs. Besides, the flexibility benefit of 

working with an Indian workforce is lost when all work is done in the Netherlands.  

5.3.1.2 Improve Learning and Performance in Offshore India 

Boosting learning and performance in India can be achieved through decreasing cultural 

variation, and by increasing task dispersion and shared team experience. Task heterogeneity 
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may benefit performance, but generally impedes transfer of knowledge from the Netherlands 

to India. While the aforementioned recommendations for operations in the Netherlands also 

pertain to India, a fundamental difference is found with regards to the dispersion of work. 

India clearly benefits if a considerable portion of the work is conducted in the Netherlands; it 

increases performance and inter-firm learning from the Netherlands.  

Increase Task Dispersion. Contrary to entirely collocating work, a 50-50% distribution of 

the work maximizes task dispersion. While this is found to impede performance and learning 

in the Netherlands, it allows the Indians to learn from the more productive Dutch. Moreover, 

creating interdependencies between on- and offshore workers increases the effect of task 

dispersion. This can be achieved by distributing work in a way that requires more intense 

inter-firm collaboration, which may force the use of transfer mechanisms, allowing for a 

steeper learning curve in India.  

5.3.2 Productivity & Costs Trade-Off in Global Outsourcing 

Extending the empirical findings in the previous chapter and the aforementioned 

recommendations, and those with respect to task dispersion and cultural heterogeneity in 

specific, request for closer inspection of the impact offshoring has on overall project 

performance. As found earlier, depending on the involvement of India, or the degree of 

offshoring of resources, in the current context, a trade-off between productivity loss (i.e. 

effort increases) and cost benefits emerges. Hence, as the ultimate goal is to make offshoring 

in its entirety more efficient, next to the analysis into the individual, location-specific learning 

curves, it is important to investigate this trade-off, and how the optimal scenario can be 

created. To address this trade-off situation, an analysis is performed to seek the optimal level 

of resource allocation to India. This results in several recommendations specific to the degree 

of offshoring. 

5.3.2.1 Co-Location Avoids Inefficiencies, Yet Limits Inter-Firm Learning 

To do this, the overall performance of a project has to be considered, by including 

productivity and costs for both on- and offshore locations. Initial inspection of this trade-off is 

visualized in Figure 9. As can be seen, when offshore India covers moderate amount of the 

allocated resources, which is between 33 and 66%, average overall productivity is lowest, and 

costs are highest. Thus, when considering on- and offshore productivity and costs fixed and 

disregarding learning and inter-firm transfer effects, moderate involvement of India would be 

the least preferable scenario. When India and the Netherlands both cover approximately half 

of the resources, task dispersion and cultural heterogeneity are highest. As a result, various 

issues may arise related to language, communication and coordination, which would be 

avoided in a co-located scenario. The impact of such issues is well illustrated with the 
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analytical model in Appendix C
6
, which shows that, depending on the degree of outsourcing, 

inter-firm collaboration becomes less efficient. However, earlier findings clearly indicate 

learning and transfer effects for productivity and costs when cumulative experience increases, 

and these learning rates are different for the Netherlands and India.  

As found earlier, cultural heterogeneity hampers performance in the Netherlands and 

India, and task dispersion only impedes performance in the Netherlands while it benefits 

performance in India. Furthermore, also knowledge transfer to India increases with higher 

degrees of task dispersion. Consequently, it is expected that the learning rates for productivity 

and costs of the overall project are also different depending on the degree of outsourcing.  

5.3.2.2 Steepest Learning Curve with Moderate Offshoring 

To investigate this, the impact of the degree of outsourcing on overall project performance 

has to be determined, which is described in more detail in Appendix B. The aforementioned 

expectation is confirmed when analysing the various productivity and cost improvement rates 

for low, medium and high involvement of India, as depicted in  Figure A- 10 in Appendix B. 

The average productivity and costs may be higher for a medium scenario, however, also the 

learning rates are significantly higher than those of a scenario with low India involvement. 

Fairly early in the accumulation of experience, the average costs per issue in the medium-

scenario drop below that of the low-scenario. Likewise, eventually also the overall 

productivity in the medium-scenario surpasses productivity in the low-scenario. This 

phenomenon is illustrated in Figure 10. 

                                                      

6
 I gratefully acknowledge the support received from M.H. den Otter in the creation of this model.  

Notes. Axis labels are hidden to disguise sensitive firm data. 

Figure 9: Overall average project productivity (left) and costs (right), versus the percentage of resources 

allocated in India when disregarding learning effects. 
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In the current context, productivity in the medium-scenario exceeds productivity in the 

low-scenario around a cumulative experience of 4,500 issues. Costs benefits become higher 

for the medium-scenario much earlier, when cumulative experience surpasses 200 issues.  

To examine the optimal scenario, it may be beneficial to look at the achieved productivity 

per euro spent, which provides a measure for the efficiency for various levels of offshoring. 

Again, different linear regression functions can be estimated for productivity per euro over 

cumulative experience for the different levels of involvement of India, as depicted in Figure 

11 (left). As the results indicate, the intersection is found between a cumulative experience of 

700 and 800 resolved issues; before this, the ideal scenario would be a low involvement of 

India, after this tipping point it would be beneficial to have intermediate India involvement. 

This is illustrated in Figure 11 (right). Note however, that the dataset includes a scant and 

insufficient amount of records in which the involvement of India was high (i.e. above 66%). 

Hence, no reliable empirical verdict could be expressed on the trend for this scenario. 

Anecdotal evidence suggests that such a scenario, in which the resources are almost entirely 

outsourced, brings along new, puzzling challenges. Future research, based on analytical 

models or empirical evidence, could investigate learning curves in high-outsourcing 

scenarios.  
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Figure 10: Medium-scenario exceeding performance in low-scenario as experience accumulates. 
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Hence, complementing the recommendations for optimization of the location-specific 

learning curves, some additional recommendations can be made about optimizing the overall 

projects’ efficiency and learning curves. Overall, the steepest learning curve can be achieved 

by having moderate involvement of India, which means task dispersion and cultural 

heterogeneity are high. On average, this decreases the performance in the Netherlands, but it 

significantly increases performance and speeds up performance improvements in India, such 

that eventually the productivity difference and costs are minimized. Consequently, this 

eventually leads to an optimal productivity to costs ratio when the body of experience 

progresses. When experience is still low, or in short running projects, a scenario with limited 

involvement of India would be beneficial. However, as the body of experience develops and 

both locations have had the opportunity to learn, the cost benefits of India start to outweigh its 

disadvantage of a lower productivity, making medium involvement of India a winsome 

scenario. 

5.4 Limitations & Future Research 

As with any research, the findings in this empirical research should be interpreted with 

several limitations in mind, which, however, create opportunities for future research. Firstly, 

the findings may not be generalizable to other industries, such as production or services, or 

other inter-firm relationships, such as arm’s length contracts or domestic alliances. 

Particularly the findings for the variables cultural heterogeneity and task dispersion should be 

interpreted with care, due to potential heteroscedasticity.  

Secondly, the conceptual model and operationalization of variables are strongly related to 

the context and approach of the current study, and data availability. Unfortunately, due to the 

strenuous task for organizations to meticulously record effort on an issue level, direct effort 

Notes. Axis labels are hidden to disguise sensitive firm data. 

Figure 11: Graphs of productivity per euro over cumulative experience moderated by the level of India-

involvement, showing that the medium-scenario efficiency eventually exceeds the low-scenario. 
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measures for each issue were not available. Therefore, the model was defined for week-level 

measurement. Furthermore, data on the variables individual experience, costs, complexity and 

size of software tasks was not available, and were thus excluded in the final model equation. 

Also, the empirical, objective data-driven character of the research method meant exclusion 

of subjective, yet potentially relevant variables, such as trust, tie strength and team cognition. 

Hence, it is attempted to capture these subjective factors indirectly through measurement of 

strongly related objective variables, such as shared team experience. Moreover, due to 

potential differences amongst projects with respect to the definition, measurement and size of 

software tasks, one should be careful when drawing conclusions on absolute effort and costs 

measurements. Instead, rates of improvement (i.e. learning rates) provide a more reliable 

measure for cross-project comparison. 

Thirdly, this research investigates the effect of the degree of cultural heterogeneity on the 

learning rate and performance. However, how and which cultural factors cause variation are 

not in the scope of this research. Furthermore, the scope of this study solely includes an 

offshore relationship between a Dutch and an Indian firm. Consequently, findings may not be 

generalizable for contexts with other cultures. Future research, therefore, could consider 

investigating alternative cultures, and the specific mechanisms of culture that affect learning 

and performance.  

Fourthly, although included in some studies on organizational learning (e.g. Epple et al., 

1991; Epple et al., 1996), knowledge depreciation is omitted in this research, for scoping 

constraints and model complexity reasons. Future research could examine retention and 

depreciation of inter-firm transferred knowledge. Similarly, as suggested from the findings 

with respect to the beneficial effect of variety in cultural backgrounds on learning, future 

research could address the effect of variety in functional background on learning. Variety in 

functional backgrounds of team members may provide access to new information, potentially 

contributing to learning.  

Lastly, findings point towards the importance of shared team experience for learning. In 

fact, experience working together may be a better mechanism of learning in this context, 

through which average own direct experience benefits performance. The models, however, 

did not test shared team experience as a mediating mechanism, and interactions of shared 

team experience with the selected drivers, on performance. Future research may investigate 

shared team experience as the main mechanism for learning, like done by Reagans et al. 

(2005), with interaction effects with task heterogeneity, task dispersion, cultural heterogeneity 

and own experience.  
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5.5 Conclusions 

With learning curves, this study has shown that learning from experience and knowledge 

transfer occur in cooperative offshoring of software development, leading to significant 

improvements on projects’ productivity and costs. Learning from the experience of the 

cooperative counterpart provides knowledge benefits that improve performance, showing that 

offshoring not only benefits overall project costs, but also learning. The time and money 

saved can be used on other strategic options, faster product introductions or more competitive 

pricing, ultimately to improve firm performance and increase revenue. Earlier research put 

forward evidenced claims for the impact of the type and variety of experience, and with 

whom the acquisition of experience is shared, on learning, most of which are supported by the 

current findings. Extending literature, this study has shown the importance of factors inherent 

to outsourcing on learning and transfer rates, namely task dispersion and cultural 

heterogeneity. Altogether, these aspects are paramount in managing successful learning and 

knowledge transfer in offshore alliances. For successful inter-firm knowledge transfer it is 

important that the weekly on- and offshore experiences are aligned and that there is an 

opportunity to learn. Managers can achieve this by limiting variation, or boosting relatedness, 

in the experience portfolios between on- and offshore work, and increasing dispersion of 

work such that the offshore workforce is offered the opportunity to learn from onshore 

engineers. In like manner, offshoring of software development projects can be optimized. On 

first sight, overall projects are least productive and cost efficient with an equal distribution of 

work, due to issues in the collaboration. However, by having a 50-50% distribution of work 

and thus providing the opportunity to learn and transfer knowledge, productivity and costs 

reductions eventually surpass that of a co-located project as experience accumulates. 

Next to the answers that were found on the research questions specific to this thesis, this 

study may impact a wider area of research. Distribution of work may either hamper or 

improve knowledge transfer, potentially depending on performance or knowledge asymmetry 

between donor and recipient. Cultural variety, just as cross-functional variation in teams, may 

indirectly benefit performance. Employee turnover not only means a loss of experience and 

knowledge, but also affects shared team experience when this person is replaced by a new 

person, impeding performance and learning. Overall, the findings may spark new research 

into a broad array of disciplines, such as: learning curves in software development with 

respect to cycle times, offshore alliances and efficient distribution of work, learning with 

respect to culture and alliance performance, and human performance management and 

employee turnover in learning in offshore alliances.  
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Appendices 

Appendix A: Comprehensive Empirical Results 

This appendix extensively discusses the empirical results that were summarized in Chapter 4 

Results. Note, the model numbers in this appendix are not in consecutive order, but match the 

model numbers in Chapter 4 Results. 

A.1. Learning-by-Doing 

This section focuses on learning-by-doing; from onshore experience to onshore performance, 

and offshore experience to offshore performance. Firstly, the effect on the average effort is 

addressed, after which average learning on the average costs is discussed. These findings 

correspond to the synopsis provided in Chapter 4.1.  

A.1.1. The Impact of Own Experience on Effort 

A.1.1.1. Onshore Learning Rates and the Effect of Project Phase 

The results of Equation (4) and (5) for learning in the Netherlands are reported in Table A- 1. 

Model Ia indicates that the learning rate in the Netherlands (β1) in this context is -.579 (p < 

.01). This leads to a progress rate of 0.67, meaning that effort decreases with 33% when 

cumulative experience is doubled. Thus, the data sample demonstrates a much faster learning 

rate than the modal 80% learning curve found in manufacturing (Argote, 2013) or in pizza 

stores (Darr et al.,1995). R
2
-adjusted of this model is found to be .307; thereby the model 

explains approximately 30% of the variance in the dependent variable AENLit.  

Table A- 1: Learning rate and drivers of the learning rate on average effort in The Netherlands 

Dependent variable: AENL 

N = 481 

Model  

Ia Ib Ic Id Ie If VIF 

Exp. NL -.579
**

 -.630
**

 -.602
**

 -.549
**

 -.467
**

 .149 10.089 

Project phase NL  .223
**

 .246
**

 .261
**

 .243
**

 .133
**

 1.825 

Task dispersion   .157
**

 .069 .153
*
 .181

**
 3.416 

Exp. NL * TD   .093
*
 .189

**
 .217

**
 .201

**
 2.351 

Culture heterogeneity    .214
**

 .243
**

 .141
*
 4.702 

Exp. NL * CH    -.164
**

 -.164
**

 -.214
**

 2.349 

Task heterogeneity     -.267
**

 -.306
**

 1.554 

Exp. NL * TH     -.058 .019 1.604 

Shared team experience      -.635
**

 8.186 

Exp. NL * STE      -.237
**

 2.407 

R .562 .591 .613 .635 .675 .716  

R Square .316 .349 .375 .404 .455 .512  

Adjusted R Square .307 .339 .363 .390 .440 .497  

Std. Error of the Estimate .70538 .68879 .67627 .66214 .63429 .60123  

AR(1) Rho coefficient .395
**

 

(.043) 

.360
**

 

(.044) 

.340
**

 

(.044) 

.302
**

 

(.045) 

.301
**

 

(.045) 

.236
**

 

(.046) 

 

Durbin-Watson      1.602  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 
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To examine the variance in the Dutch learning rates between the different projects, 

project-specific learning rates are computed. Descriptives of these are to be found in Table A- 

2. As can be seen, with a standard deviation of .241, learning rates vary significantly between 

projects. The steepest learning curve, with learning rate -.666, was found in project Beta, 

whereas project Delta had the flattest learning curve (β1i = -.094). Detailed project-specific 

differences are discussed in Confidential Appendix E.  

Table A- 2: Variation in learning rates on Dutch effort between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.579 -.245 .241 -.666 -.094 

Progress rate .669 .845 .129 .630 .937 

 

Part of the variance in the AENLit might simply be attributed to phase or the type work in 

the project. Model Ib in Table A- 1 provides the results of the learning rate when controlled 

for the project phase. While maintenance work, relative to development work, increases 

average effort (β2 = .223, p < .01), the learning rate increases to -.630 (p < .01) when the 

project phase control is added. Cumulative experience still strongly contributes to decreasing 

average effort, yet average effort is higher for maintenance work. R
2
-adjusted increases to 

.339, indicating that cumulative Dutch experience and project phase are responsible for a 

moderate amount of the variance in average effort per software issue.  

A.1.1.2. Variation in the Onshore Effort Learning Curve 

Models Ic to If in Table A- 1 present the results of Equation (5) and the corresponding effects 

of the drivers of onshore learning-by-doing. Looking at the main effects, it can be seen that 

the average Dutch effort is significantly affected by all hypothesized drivers. Higher degrees 

of task dispersion (β3 = .181, p < .01) and cultural heterogeneity (β4 = .141, p < .05) both 

increase effort, and thereby impede productivity, as hypothesized. Task heterogeneity (β5 = -

.306, p < .01) and shared team experience (β6 = -.635, p < .01), on the other hand, 

significantly decrease effort. Furthermore, as hypothesized, task dispersion impedes learning 

through experience (β7 = .201, p < .01). Interestingly, learning from experience is improved 

with higher levels of cultural heterogeneity (β8 = -.214, p < .01), and shared team experience 

(β10 = -.237, p < .01). In fact, improvements in the average Dutch effort attributed to 

cumulative experience seem to run through the shared experience they acquire with working 

with other team members, as ExpNL becomes an insignificant predictor for effort when STEit is 

added to the model.  

Moreover, with R
2
-adjusted being .497, a considerable amount of variance in the average 

Dutch effort can be explained with the complete model.  
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Figure A- 1: Determinants of variance in onshore effort and learning. 

A.1.1.3. Offshore Learning Rates and the Effect of Project Phase 

This section will focus on offshore learning-by-doing; learning from offshore experience in 

resolved issues on offshore effort. Figure A- 2 represents learning curves of the average 

offshore Indian effort over time (left) and cumulative experience (right). As indicated by the 

two vertical dashed in the left graph, there was a time period with no activity in India for that 

project; no resources of the project were relocated to India. This period of inactivity is also 

notable in the right learning curve, indicated by the single vertical dash, as the learning curve 

seems to restart when work in India is reinstated.  

Notes. Data from a single project for a period of 4 years, including outliers from vacation weeks. Vertical 

dashes indicate period of inactivity of India. Axis labels are hidden to disguise sensitive firm data. 

Figure A- 2: Average effort per issue in India over time (left) and cumulative experience (right).
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The results of Equation (4) and (5) for learning in India are reported in Table A- 3. Model 

IIIa indicates that the learning rate of India in this context is -.350 (p < .01). This leads to a 

progress rate of 0.78, meaning that effort decreases with 22% when Indian cumulative 

experience is doubled. Furthermore, R
2
-adjusted of this model is .162, hence both the Indian 

learning rate as well as the coefficient of determination are considerably lower than the Dutch 

learning-by-doing model.  

Table A- 3: Learning rate and drivers of the learning rate on average effort in India. 

Dependent variable: AEIND 

N = 290 

Model  

IIIa IIIb IIIc IIId IIIe IIIf VIF 

Exp. IND -.350
**

 -.343
**

 -.223
**

 -.246
**

 -.191 -.075 5.356 

Project phase IND  -.012 -.233
**

 -.234
**

 -.172
*
 -.084 3.047 

Task dispersion   -.668
**

 -.651
**

 -.699
**

 -.711
**

 2.507 

Exp. IND * TD   -.111 -.087 -.101 -.052 2.522 

Task heterogeneity    -.035 -.056 -.087 5.559 

Exp. IND * TH    -.068 -.072 -.065 6.122 

Culture heterogeneity     .247
*
 .174 1.861 

Exp. IND * CH     -.005 -.050 1.513 

Shared team experience      -.212
+
 7.559 

Exp. IND * STE      -.166
*
 3.086 

R .423 .423 .684 .687 .694 .705  

R Square .179 .179 .468 .472 .481 .497  

Adjusted R Square .162 .159 .451 .450 .455 .467  

Std. Error of the Estimate .76904 .77056 .62262 .62315 .62002 .61350  

AR(1) Rho coefficient .346** 

(.058) 

.353** 

(.059) 

.255** 

(.060) 

.187** 

(.062) 

.177** 

(.062) 

.163** 

(.062) 

 

Durbin-Watson      1.659  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

To examine the variance in the Indian learning rates between the different projects, 

project-specific learning rates are computed. Descriptives of these are to be found in Table A- 

4. As can be seen, with a standard deviation of .125, learning rates moderately vary between 

projects. The steepest learning curve, with learning rate -.518, was found in project Zeta, 

whereas project Gamma had the flattest learning curve (β1i = -.141).  

Table A- 4: Variation in learning rates on Indian effort between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.350 -.264 .125 -.518 -.141 

Progress rate .785 .833 .069 .698 .907 

 

Contrary to AENLit, none of the variance in the AEINDit may be attributed to the phase or the 

type work in the project. Model IIIb in Table A- 3 provides the results of the learning rate 

when controlled for the project phase. While maintenance work, relative to development 

work, is not significantly related to average effort (β2 = -.012, p = .868), the learning rate 

decreases to -.343 (p < .01) when the project phase control is added. Cumulative experience 

still significantly contributes to decreasing average effort, but Indian average effort is not 

significantly affected by the project phase or type of work. R
2
- adjusted decreases to .159, 
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indicating that cumulative Indian experience and project phase are responsible for a relatively 

meager amount of the variance in the offshore average effort per software issue.  

A.1.1.4. Variation in the Offshore Effort Learning Curve 

Models IIIc to IIIf in Table A- 3 present the results of Equation (5) and the corresponding 

effects of the drivers on effort and offshore learning-by-doing. Looking at the main effects, 

only task dispersion (β3 = -.711, p < .01) and shared team experience (β6 = -.212, p < .10) 

significantly affect average Indian effort. Task dispersion, de facto, has a large main effect on 

average Indian effort, and is accountable for a large portion of the variance in the dependent 

variable (∆R
2
-adj. = 292). The learning effect from cumulative experience becomes merely 

insignificant (β1 = -.191, p = .104) when cultural heterogeneity is added in Model IIIe. 

Subsequently, the negative effect of cultural heterogeneity on effort (β4 = .247, p < .05) in 

Model IIIe is mitigated (β4 = .174, p = .148) when shared team experience is added in the final 

model.  

Shared team experience is also the only factor driving learning through cumulative 

experience in this model (β10 = -.166, p < .10). Interestingly however, although not tabulated, 

shared team experience only appears to play a significant role in predicting Indian average 

effort and driving learning from experience when task dispersion is taken into account. 

Moreover, with R
2
-adjusted being .469, a considerable amount of variance in the average 

Indian effort per software issue can be explained with the complete model.  

Figure A- 3: Determinants of variance in offshore effort and learning. 
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A.1.2. The Impact of Own Experience on Costs 

A.1.2.1. Onshore Learning Rates and the Effect of Project Phase 

The results of Equation (4) and (5) for learning-by-doing in the Netherlands are reported in 

Table A- 5. By inspecting Model IIa one can see that the results suggest that the Dutch rate of 

learning with respect to costs in this context is -.548 (p < .01). This leads to a progress rate of 

0.68, meaning that average Dutch costs decrease with 32% when cumulative experience is 

doubled. Similar to Model Ia, cumulative Dutch experience already accounts for a 

considerable amount of variance in the Dutch average costs per issue, as R
2
-adjusted of this 

model is .274.  

Table A- 5: Learning rate and drivers of the learning rate on average costs in The Netherlands. 

Dependent variable: ACNL 

N = 481 

Model  

IIa IIb IIc IId IIe IIf VIF 

Exp. NL -.548** -.616** -.599** -.574** -.498** .134 10.089 

Project phase NL  .295** .329** .343** .319** .205** 1.825 

Task dispersion   .186** .085 .166* .193** 3.416 

Exp. NL * TD   .048 .160* .201** .197** 2.351 

Culture heterogeneity    .222* .236** .147+ 4.702 

Exp. NL * CH    -.170** -.194** -.256** 2.349 

Task heterogeneity     -.254** -.278** 1.554 

Exp. NL * TH     -.056 .022 1.604 

Shared team experience      -.674** 8.186 

Exp. NL * STE      -.205** 2.407 

R .535 .589 .613 .634 .671 .718  

R Square .286 .346 .376 .402 .450 .515  

Adjusted R Square .274 .333 .360 .384 .429 .494  

Std. Error of the Estimate .68514 .65635 .64334 .63121 .60739 .57166  

AR(1) Rho coefficient .394** 

(.043) 

.358** 

(.044) 

.339** 

(.044) 

.301** 

(.045) 

.300** 

(.045) 

.235** 

(.046) 

 

Durbin-Watson      1.634  

+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

To examine the variance in the Dutch learning rates on costs between the different 

projects, project-specific learning rates are computed, descriptives of which can be found in 

Table A- 6. As can be seen, with a standard deviation of .241, learning rates vary significantly 

between projects. The steepest learning curve, with learning rate -.666, was found in project 

Beta, whereas project Delta had the flattest learning curve (β1i = -.094).  

Table A- 6: Variation in learning rates on Dutch costs between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.548 -.246 .241 -.666 -.094 

Progress rate .684 .845 .129 .630 .937 

 

Part of the variance in the Dutch average costs might be attributed to phase or the type 

work in the project. Model IIb in Table A- 5 provides the results of the learning rate when 

controlled for the project phase. While maintenance work, relative to development work, 
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increases average costs (β2 = .295, p < .01), the learning rate increases to -.616 (p < .01) when 

the project phase control is added. Cumulative experience still strongly contributes to 

decreasing average effort, yet average effort is higher for maintenance work. R
2
- adjusted 

increases to .333, indicating that cumulative Dutch experience and project phase are 

responsible for a moderate amount of the variance in average Dutch costs per software issue.  

A.1.2.2. Variation in the Onshore Costs Learning Curve 

Models IIc to IIf in Table A- 5 present the results of Equation (5) and the corresponding 

effects of the drivers of learning on costs. Looking at the main effects, it can be seen that the 

average Dutch costs are significantly affected by all hypothesized variables. Higher degrees 

of task dispersion (β3 = .193, p < .01) and cultural heterogeneity (β4 = .147, p < .10) both 

increase costs, as hypothesized. Task heterogeneity (β5 = -.278, p < .01) and shared team 

experience (β6 = -.674, p < .01), on the other hand, significantly decrease costs. Furthermore, 

as hypothesized, task dispersion impedes learning through experience (β7 = .197, p < .01). 

Interestingly, learning from experience is improved with higher levels of cultural 

heterogeneity (β8 = -.256, p < .01), and shared team experience (β10 = -.205, p < .01). In fact, 

improvements in the average Dutch costs attributed to cumulative experience seem to run 

through the shared experience they acquire with working with other team members, as ExpNL 

becomes insignificant when STEit is added to the model.  

Furthermore, with R
2
-adjusted being .494 and comparing this to Model I, both model are 

found to account for a considerable amount of variance in the average Dutch performance.  

Figure A- 4: Determinants of variance in the onshore costs and learning. 
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A.1.2.3. Offshore Learning Rates and the Effect of Project Phase 

The results of Equation (4) and (5) for intra-firm learning in the Netherlands are reported in 

Table A- 7. By inspecting Model IVa one can see that the results suggest that the Indian 

learning rate on costs in this context is -.173 (p < .05). This leads to a progress rate of 0.89, 

meaning that average Indian costs per issue decrease with 11% when cumulative experience 

is doubled. This is significantly lower than the Indian learning rate on effort, in Model IIIa. 

Next to that, also R
2
-adjusted of this model is low (.071), and significantly lower than Model 

IIIa. Hence, Indian cumulative experience is better predictor for Indian effort than it is for 

costs.  

Table A- 7: Learning rate and drivers of the learning rate on average costs in India. 

Dependent variable: ACIND 

N = 290 

Model  

IVa IVb IVc IVd IVe IVf VIF 

log Cum. experience IND -.173* -.109 -.001 -.003 .050 .272* 5.356 

Project phase IND (rel. Development)  -.132 -.302** -.335** -.193* -.046 3.047 

Task dispersion   -.702** -.632** -.766** -.774** 2.507 

log Exp. IND * TD   -.194** -.143* -.125 -.029 2.522 

log Task heterogeneity    -.161* -.197** -.238** 1.861 

log Exp. IND * log TH    -.093 -.115+ -.106 1.513 

Culture heterogeneity     .523** .299* 5.559 

log Exp. IND * CH     -.033 -.044 6.122 

log Shared team experience      -.542** 7.559 

log Exp. IND * log STE      -.283** 3.086 

R .312 .329 .605 .619 .669 .707  

R Square .097 .108 .365 .383 .448 .500  

Adjusted R Square .071 .078 .338 .349 .412 .463  

Std. Error of the Estimate .83858 .83532 .70812 .70195 .66729 .63768  

AR(1) Rho coefficient .333** 

(.059) 

.337** 

(.059) 

.257** 

(.060) 

.252** 

(.062) 

.187** 

(.062) 

.162* 

(.063) 

 

Durbin-Watson      1.867  

+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

To examine the variance in the Indian learning rates on costs between the different 

projects, project-specific learning rates are computed. Descriptives of these are to be found in 

Table A- 8. As can be seen, with a standard deviation of .261, learning rates significantly vary 

between projects. The steepest learning curve, with learning rate -.465, was found in project 

Zeta, whereas project Delta experienced increasing costs in India when experience increased 

(β1i = .355).  

Table A- 8: Variation in learning rates on Indian costs between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.173 -.214 .261 -.465 .355 

Progress rate .887 .863 .179 .724 1.279 

 

Just as for the effort learning models, costs in India do not seem to be affected by the 

project phase or type of work. Model IVb in Table A- 7 provides the results of the learning 

rate when controlled for the project phase. When the control variable is added, neither 
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learning through cumulative experience (β1 = -.109, p = .217) nor the project phase control (β2 

= -.132, p = .107) are significantly related to the average Indian costs. R
2
- adjusted slightly 

increases to only .078, indicating that cumulative Indian experience and project phase are 

responsible for a tenuous amount of the variance in average costs per software issue.  

A.1.2.4. Variation in the Offshore Costs Learning Curve 

Models IVc to IVf in Table A- 7 present the results of Equation (5) and the corresponding 

effects of the drivers of learning-by-doing on Indian costs. Once again, by looking at the main 

effects, it can be seen that the average costs are significantly affected by all hypothesized 

variables. Contrary to the Dutch learning models, task dispersion significantly improves costs 

in India (β3 = -.774, p < .01), just as task heterogeneity (β5 = -.238, p < .01) and shared team 

experience (β6 = -.542, p < .01) still significantly benefit cost reductions. Cultural 

heterogeneity, on the other hand, increases costs (β4 = .299, p < .05). In fact, task dispersion is 

more responsible for offshore cost improvements than cumulative experience, as experience 

becomes insignificantly related to average Indian costs and R
2
-adjusted increases 

considerably when task dispersion is added in model IVc.  

Except the driving force of shared team experience on the learning rate (β10 = -.283, p < 

.01), none of the hypothesized drivers tested significantly. Hence, cost reductions through 

learning are not influenced by task dispersion, cultural heterogeneity or task heterogeneity. 

While cumulative experience alone only accounts for 7% of variance in average Indian costs, 

the complete model with an R
2
-adjusted of .484 accounts for almost half of the variance.   

Figure A- 5: Determinants of variance in offshore costs and learning. 
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A.2.1.5. Robustness Learning-by-Doing Models 

To test the robustness of the results so far, several alternative analyses were conducted. 

Firstly, one of the six projects showed no significant learning effects in either Equation (4) or 

(5). Hence, tests were repeated without observations from this specific project, however this 

provided similar results. 

Secondly, the impact on the results was tested when observations from Dutch vacation 

periods are omitted, because these significantly impact the amount of issues resolved, while 

keeping the allocated input used to calculate average effort equal. Christmas and Spring 

holidays, in particular, decrease the actual input, and thus indirectly the output, but not the 

allocated input, which is used to measure effort and costs. Except for higher R
2
-adjusted 

values, the results from this analysis are similar to these reported earlier in this thesis.   

A.2. Knowledge Transfer, Learning from Other’s Experience 

This section focuses on knowledge transfer; from onshore experience to offshore 

performance, and offshore experience to onshore performance. Firstly, the effect on the 

average effort is addressed, after which average knowledge transfer on the average costs is 

discussed.  

A.2.1. Impact of Transfer of Knowledge on Effort 

A.2.1.1. Transfer of Knowledge from Onshore to Offshore 

The results of Equation (4) and (5) for inter-firm knowledge transfer from The Netherlands to 

India are reported in Table A- 9. By swiftly looking at Model Va one can see that results 

suggest that the Indian’s rate of knowledge transfer from Dutch experience in this context is -

.441 (p < .01). This leads to a progress rate of 0.74, meaning that average Indian effort 

decreases with 26% when Dutch cumulative experience is doubled. R
2
-adjusted of this model 

is .125, which is relatively lower compared to the intra-firm learning model for India.  
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Table A- 9: Knowledge transfer to India and its drivers on average effort in India. 

Dependent variable: AEIND 

N = 292 

Model  

Va Vb Vc Vd Ve Vf VIF 

Exp. NL -.441
**

 -.435
**

 -.207
+
 -.068 .079 .214 19.919 

Project phase IND  -.006 -.194
**

 -.241
**

 -.158
*
 -.111 3.649 

Task dispersion   -.655
**

 -.610
**

 -.696
**

 -.694
**

 2.525 

Exp. NL * TD   -.404
**

 -.431
**

 -.454
**

 -.461
**

 2.191 

Task heterogeneity    -.114
+
 -.142

*
 -.123

*
 2.048 

Exp. NL * TH    .084 .088 .096
+
 1.833 

Culture heterogeneity     .388
**

 .315
**

 6.439 

Exp. NL * CH     -.035 .059 10.782 

Shared team experience      -.264
*
 7.304 

Exp. NL * STE      -.011 3.794 

R .378 .378 .665 .678 .697 .704  

R Square .143 .143 .443 .459 .486 .496  

Adjusted R Square .125 .122 .425 .438 .461 .469  

Std. Error of the Estimate .79879 .80018 .64740 .63997 .62653 .62223  

AR(1) Rho coefficient .311** 

(.060) 

.313** 

(.060) 

.196** 

(.061) 

.244** 

(.062) 

.155* 

(.062) 

.144* 

(.062) 

 

Durbin-Watson      1.711  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

To examine the variance in the knowledge transfer rates to India between the different 

projects, project-specific knowledge transfer rates are computed. Descriptives of these are to 

be found in Table A- 10. As can be seen, with a standard deviation of .263, knowledge 

transfer rates vary considerably between projects. The steepest inter-firm learning curve was -

.684 in project Zeta, whereas project Delta experienced increasing effort in India when Dutch 

experience increased (β1i = .202).  

Table A- 10: Variation in knowledge transfer rates to India between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.441 -.228 .263 -.684 .202 

Progress rate .737 .854 .157 .622 1.150 

 

Just as in Model IIb, the project phase or type of work does not significantly contribute to 

variance in the average effort in India. While maintenance work, relative to development 

work, is not significantly related to average Indian effort (β2 = -.006, p = .934), the knowledge 

transfer rate decreases to -.435 (p < .01) when the project phase control is added. Furthermore 

R
2
- adjusted decreases to .122, indicating that cumulative Dutch experience and project phase 

are responsible for a relatively meager amount of the variance in average Indian effort per 

software issue. 

A.2.1.2. Variation in Knowledge Transfer from Onshore to Offshore 

Models IIIc to IIIf in Table A- 9 present the results of Equation (5) and the corresponding 

effects of the drivers of knowledge transfer from the onshore experience to offshore 

performance. Looking at the main effects it can be seen that, in this model, the average Indian 

effort is significantly affected by all hypothesized drivers. The main effect of Dutch 
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cumulative experience, on the other hand, diminishes when task dispersion is added in Model 

IIIc, and becomes insignificant when task heterogeneity is included in Model IIId. Task 

dispersion seems beneficial for both average effort in (β3 = -.694, p < .01), and knowledge 

transfer (β7 = -.461, p < .01) to India. Hence, having a significant part of the interdependent 

work done in the Netherlands is beneficial for their own productivity and their ability to learn 

from their Dutch counterpart. Interestingly, task heterogeneity is beneficial for effort 

improvement (β5 = -.123, p < .05), yet hampers knowledge transfer (β9 = .096, p < .10). Thus, 

although beneficial for productivity, having a large variety in the experience portfolio limits 

knowledge transfer. The main effect of cultural heterogeneity indicates an impeding effect on 

average effort (β4 = .315, p < .01), and no significant effect on transfer of knowledge (β8 = 

.059, p = .673). Lastly, average effort in India can be improved by increasing shared team 

experience (β6 = -.264, p < .05), but this does appear to affect the inter-firm transfer rate (β10 

= -.011, p < .893).  

A considerable amount of variance in the average Indian effort can be attributed to Model 

III in its entirety, as R
2
-adjusted is .469. Comparing this to the second model, it appears the 

learning-by-doing and inter-firm transfer models are approximately equally adequate in 

predicting average effort per issue in India.  

 Figure A- 6: Determinants of variance in effort and knowledge to offshore. 
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A.2.1.3. Transfer of Knowledge from Offshore to the Onshore 

The results of Equation (4) and (5) for inter-firm knowledge transfer from India to the 

Netherlands are reported in Table A- 11. By inspecting Model IVa one can see that the results 

suggest that the Dutch rate of inter-firm knowledge transfer from Indian experience in this 

context is -.566 (p < .01). This leads to a progress rate of 0.68, meaning that average Dutch 

effort decreases with 32% when Indian cumulative experience is doubled. This is similar to 

the Dutch’ learning-by-doing rate in Model Ia. However, R
2
-adjusted of this model is .190, 

which is relatively lower compared to the onshore learning-by-doing model.  

Table A- 11: Knowledge transfer to The Netherlands and its drivers on average effort in The Netherlands. 

Dependent variable: AENL 

N = 404 

Model  

IVa IVb IVc IVd IVe IVf VIF 

log Cum. experience IND -.566
**

 -.579
**

 -.521
**

 -.315
**

 -.317
**

 .108 8.389 

Project phase NL (rel. Development)  .137
*
 .191

**
 .242

**
 .217

**
 .194

**
 1.695 

Task dispersion   .269
**

 .152
+
 .219

**
 .236

**
 3.762 

log Exp. IND * TD   .080
+
 .082 .053 .097

+
 2.088 

Culture heterogeneity    .312
**

 .245
*
 .092 6.772 

log Exp. IND * CH    -.137
+
 -.026 -.077 4.395 

log Task heterogeneity     -.258
**

 -.302
**

 1.507 

log Exp. IND * log TH     .126
*
 .101

*
 1.497 

log Shared team experience      -.575
**

 8.000 

log Exp. IND * log STE      -.097 3.709 

R .447 .462 .524 .539 .596 .636  

R Square .200 .214 .274 .290 .355 .405  

Adjusted R Square .190 .201 .259 .272 .334 .382  

Std. Error of the Estimate .70489 .69993 .67417 .66829 .63896 .61544  

AR(1) Rho coefficient .388** 

(.047) 

.379** 

(.048) 

.326** 

(.049) 

.312** 

(.049) 

.328** 

(.049) 

.281** 

(.050) 

 

Durbin-Watson      1.794  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

To examine the variance in the knowledge transfer rates to the Netherlands between the 

different projects, project-specific knowledge transfer rates are computed. Descriptives of 

these are to be found in Table A- 12. As can be seen, with a standard deviation of .256, 

knowledge transfer rates vary considerably between projects. The steepest inter-firm learning 

curve was found in project Alpha (β1i = -.664), whereas project Gamma experienced the 

smallest decrease in effort in the Netherlands when Indian experience increased (β1i = -.005).  

Table A- 12: Variation in knowledge transfer rates to the Netherlands between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.566 -.109 .256 -.664 -.005 

Progress rate .675 .927 .142 .631 .997 

 

Just as in Model Ib, the project phase or type of work significantly attributes to the 

variance in the Dutch average effort. Maintenance work, relative to development work, is 

significantly increases average effort (β2 = .137, p < .05), but the knowledge transfer rate 

increases to -.579 (p < .01) when the project phase control is added. Furthermore R
2
- adjusted 
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decreases to .201, indicating that cumulative Dutch experience and project phase are 

responsible for only a small amount of the variance in average Dutch effort per software 

issue. 

A.2.1.4. Variation in Knowledge Transfer from Offshore to Onshore 

Models IVc to IVf in Table A- 11 present the results of Equation (5) and the corresponding 

effects of the drivers on inter-firm knowledge transfer from India to the Netherlands. Except 

cultural heterogeneity, which becomes insignificant when shared team experience is regarded 

in the model, all variables have significant main effects on Dutch average effort. Task 

heterogeneity (β5 = -.302, p < .01) and shared team experience (β6 = -.575, p < .01) positively 

influence effort, while task dispersion hinders effort reductions (β3 = .236, p < .05). Just like 

in the intra-firm learning model (Model I), Dutch average effort increases with higher levels 

of task dispersion, while it can be decreased with higher levels of variation in the experience 

portfolio and sharing of experiences with other team members. The impeding effect of 

cultural heterogeneity (β4 = .245, p < .05) on effort in Model IVe, is mitigated (β4 = .092, p = 

.381) when shared team experience is added to the model. Similarly, also the main inter-firm 

transfer effect from cumulative Indian experience (β1 = -.317, p < .01) in Model IVe becomes 

insignificant (β1 = .108, p = .360) when shared team experience is added in Model IVf. Hence, 

knowledge transfer likely happens through the accumulated experience with working 

together.   

 

Figure A- 7: Determinants of variance in effort and knowledge transfer to onshore. 
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Besides the main effects, there are two factors that significantly impede the inter-firm 

transfer rate. Task dispersion (β7 = .097, p < .10) and heterogeneity (β9 = .101, p < .05), once 

again, appear to hinder the relationship between offshore experience and onshore effort. 

When inspecting the coefficient of determination (R
2
-adj. = .382), one can see that the model 

only predicts a minor part of the variance in the Dutch average effort. The learning-by-doing 

model, Model I, delivers a considerably better prediction of the Dutch average effort than the 

knowledge transfer model. This might suggest that effort improvements in the Netherlands 

are more attributed to learning from own, instead of others’ experiences.  

A.2.2. Impact of Transfer of Knowledge on Costs 

A.2.2.1. Transfer of Knowledge from Onshore to Offshore 

The results of Equation (4) and (5) for inter-firm knowledge transfer from the Netherlands to 

India are reported in Table A- 13. By inspecting Model VIIa one can see that the results 

suggest that the Indian rate of inter-firm learning from Dutch experience in this context is -

.400 (p < .01). This leads to a progress rate of 0.76, meaning that average Indian costs 

decrease with 24% when Dutch cumulative experience is doubled. This is similar to the 

offshore rate of learning-by-doing in Model IIIa. Furthermore, also R
2
-adjusted of this model 

is similar: .123.  

Table A- 13: Knowledge transfer to India and its drivers on average costs in India. 

Dependent variable: ACIND 

N = 292 

Model  

VIIa VIIb VIIc VIId VIIe VIIf VIF 

Exp. NL -.400** -.341* -.133 -.004 .105 .210 19.919 

Project phase IND  -.069 -.240** -.280** -.197* -.137 3.649 

Task dispersion   -.698** -.663** -.767** -.761** 2.525 

Exp. NL * TD   -.352** -.377** -.410** -.444** 2.191 

Task heterogeneity    -.091 -.129+ -.098 2.048 

Exp. NL * TH    .081 .084 .088 1.833 

Culture heterogeneity     .387** .282* 6.439 

Exp. NL * CH     .013 .184 10.782 

Shared team experience      -.309* 7.304 

Exp. NL * STE      .005 3.794 

R .384 .388 .685 .694 .711 .721  

R Square .148 .150 .469 .481 .506 .520  

Adjusted R Square .123 .122 .446 .453 .474 .484  

Std. Error of the Estimate .80366 .80431 .63904 .63443 .62229 .61648  

AR(1) Rho coefficient .287** 

(.060) 

.288** 

(.061) 

.194** 

(.061) 

.207** 

(.061) 

.178** 

(.062) 

.166** 

(.062) 

 

Durbin-Watson      1.887  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

The descriptives in Table A- 14 help examine the project-specific variance in the 

knowledge transfer rates to India that affect their average costs. The steepest learning curve, 

with inter-firm transfer rate -.662, was found in project Zeta, whereas project Delta 

experienced increasing costs in India when onshore experience increased (β1i = .105). 
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Considering the standard deviation of .241, it can be concluded that this variance amongst 

projects is significant.  

Table A- 14: Variation in knowledge transfer rates to India between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.400 -.225 .241 -.662 .105 

Progress rate .758 .857 .139 .632 1.075 

 

Model VIIb in Table A- 13 provides the results of the transfer rate when controlled for the 

project phase. While the inter-firm learning rate decreases to -.341 (p < .05), maintenance 

work, relative to development work, does not significantly affect the average costs in India. 

Hence, cumulative Dutch experience still strongly contributes to decreasing average costs in 

India, which is not influenced by the phase or type of work of the project. Furthermore, R
2
- 

adjusted decreases to .122, indicating that cumulative Dutch experience and project phase are 

responsible for a small amount of the variance in average Indian costs per software issue.  

A.2.2.2. Variation in Knowledge Transfer from Onshore to Offshore 

Models VIIc to VIIf in Table A- 13 present the results of Equation (5) and the corresponding 

effects of the drivers on inter-firm knowledge transfer from the Netherlands to India. Firstly, 

it can be seen that the main effect of Dutch cumulative experience becomes insignificant 

when task dispersion is added to the model. Task dispersion is responsible for majority of the 

decrease in average Indian costs (β3 = -.761, p < .01), followed by shared team experience (β6 

= -.309, p < .05). Cultural heterogeneity remains a barrier, as it significantly increases 

offshore costs (β4 = .282, p < .05).  

The insignificant main effect of Dutch cumulative experience (β1 = -.210, p = .312) and 

significant negative estimate for task dispersion as a driver of this (β10 = -.444, p < .01) 

indicates that a higher degree of task dispersion only improves the inter-firm transfer rate 

when experience is high. A low degree of task dispersion can impede inter-firm knowledge 

transfer from the Netherlands to India.  
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A considerable amount of variance in the average Indian costs can be attributed to the 

model that addresses knowledge transfer from the Netherlands (Model VII), as R
2
-adjusted is 

.484. While Dutch experience by itself does not seem to significantly affect average Indian 

costs, it does appear to be the case when task dispersion is high.  

 

A.2.2.3. Transfer of Knowledge from Offshore to Onshore 

The results of Equation (4) and (5) for inter-firm knowledge transfer from India to the 

Netherlands are reported in Table A- 15. By inspecting Model VIIIa an inter-firm transfer rate 

on the onshore costs in this context is -.582 (p < .01). This leads to a progress rate of 0.69, 

meaning that average Dutch costs decrease with 31% when Indian cumulative experience is 

doubled. Moreover, the model explains approximately 30% of the variance in the average 

Dutch costs, as R
2
-adjusted of this model is found to be .306.  

  

Figure A- 8: Determinants of variance in costs and knowledge transfer to offshore. 
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Table A- 15: Knowledge transfer to The Netherlands and its drivers on average costs in The Netherlands. 

Dependent variable: ACNL 

N = 404 

Model  

VIIIa VIIIb VIIIc VIIId VIIIe VIIIf VIF 

log Cum. experience IND -.582** -.599** -.548** -.316** -.249** .109 8.389 

Project phase NL (rel. Development)  .209** .259** .310** .289** .261** 1.695 

Task dispersion   .246** .143+ .160+ .188* 3.762 

log Exp. IND * TD   .051 .070 .034 .060 2.088 

Culture heterogeneity    .337** .331** .155 6.772 

log Exp. IND * CH    -.185* -.103 -.095 4.395 

log Task heterogeneity     -.208** -.240** 1.507 

log Exp. IND * log TH     .148** .111* 1.497 

log Shared team experience      -.555** 8.000 

log Exp. IND * log STE      -.039 3.709 

R .566 .593 .634 .653 .692 .720  

R Square .320 .352 .402 .427 .478 .518  

Adjusted R Square .306 .337 .384 .405 .455 .493  

Std. Error of the Estimate .67367 .65880 .63477 .62397 .59725 .57619  

AR(1) Rho coefficient .387** 

(.047) 

.377** 

(.048) 

.325** 

(.049) 

.311** 

(.049) 

.326** 

(.049) 

.280** 

(.050) 

 

Durbin-Watson      1.538  
+
, *, ** Significant at the 0.10, 0.05 and 0.01 level, respectively. 

 

 

Table A- 16 presents the descriptives of project-specific variance in knowledge transfer 

rates from India to the Netherlands that affects the Dutch average costs. The steepest learning 

curve was found in project Alpha, where the inter-firm transfer rate was found to be -.663. 

Project Gamma barely showed any knowledge transfer, as the inter-firm transfer rate was -

.002. Overall, there was found significant variance in inter-firm learning curves, considering a 

standard deviation of .238.  

Table A- 16: Variation in knowledge transfer rates to the Netherlands between projects. 

 Average Median St. dev. Min. Max. 

Project-specific learning rate -.582 -.252 .238 -.663 -.002 

Progress rate .668 .844 .133 .632 .999 

  

As indicated by Model VIIb in Table A- 15, part of the variance in the Dutch average costs 

may be attributed to phase or the type work in the project. Maintenance work, relative to 

development work, increases average costs (β2 = .209, p < .01), the inter-firm transfer rate 

slightly increases to -.599 (p < .01) when the project phase control is added. Cumulative 

Indian experience still strongly contributes to decreasing average Dutch costs, yet average 

costs are higher for maintenance work. Moreover, R
2
- adjusted increases to .337, indicating 

that cumulative Indian experience and project phase are responsible for a fair amount of the 

variance in average Dutch costs per software issue. 

A.2.2.4. Variation in Knowledge Transfer from Offshore to Onshore 

Models VIIIc to VIIIf in Table A- 15 present the results of Equation (5) and the corresponding 

effects of the drivers on the relationship between offshore experience and onshore costs. 

Again, cumulative Indian experience does not directly benefit Dutch average costs. When 
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shared team experience is considered in Model VIIIf, Indian experience becomes 

insignificantly related to Dutch costs (β1 = .109, p = .340), suggesting that knowledge transfer 

may occur through the experience team members acquire with working together. Shared team 

experience direct benefits costs (β6 = -.555, p < .01), just like task heterogeneity (β5 = -.240, p 

< .01). Task dispersion, contrary to its decreasing effect on Indian costs, increases costs in the 

Netherlands (β3 = -.118, p < .08). The effect of cultural heterogeneity, in Model VIIIe 

significantly related to costs (β4 = .331, p < .01), is mitigated (β4 = -.155, p = 151) when 

shared team experience is considered in Model VIIIf. 

Except task heterogeneity, none of the interaction effects tested significantly. However, 

task heterogeneity only appears to drive inter-firm knowledge transfer from India to the 

Netherlands when it is low, indicated by the significantly positive interaction effect (β9 = 

.111, p < .05) and the insignificant main effect of Indian experience (β1 = .109, p = .340). On 

the contrary, when there is a high degree of task heterogeneity, knowledge transfer is 

hampered.  

Overall, the complete model explains a significant amount of the variance in the 

dependent variable average Dutch costs. Model VIII, with R
2
-adjusted .493, predicts Dutch 

costs better than Model IV, potentially suggesting that inter-firm knowledge transfer to the 

Netherlands affects costs more than it affects effort.  

Figure A- 9: Determinants of variance in costs and knowledge transfer to onshore. 
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A.2.2.5. Robustness Knowledge Transfer Models 

As for the learning from own experience models, Models V to VIII were tested for 

robustness. Firstly, the tests were repeated by omitting the project that showed no significant 

transfer in any of the models. The results from these tests showed similar results as reported 

earlier. Secondly, the tests were repeated without observations from the Dutch vacations 

periods. Again, the results showed similar results to the ones reported earlier in this thesis. 

Except for higher R
2
-adjusted values, particularly for the knowledge transfer models, the 

results from this analysis are similar to these reported earlier in this thesis. Hence, neither the 

seemingly different characteristics of project Delta nor the vacation weeks significantly affect 

the results, suggesting that the models are robust.   
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Appendix B: Productivity-Costs Trade-Off Analysis 

To further analyse the productivity versus costs trade-off,
7
 the overall performance of a 

project has to be considered, by including productivity and costs for both on- and offshore 

locations. As visualized in Figure 9, when considering on- and offshore productivity and costs 

fixed and disregarding learning and transfer effects, moderate involvement of India would be 

the least preferable scenario, where productivity is lowest and costs are highest. However, 

earlier findings clearly indicate learning-by-doing and knowledge transfer effects that benefit 

productivity and costs when cumulative experience increases, and these learning rates are 

different for the Netherlands and India and highly influenced by the degree of outsourcing, 

through cultural heterogeneity and task dispersion. 

With moderation analysis, where the relationships between experience on productivity and 

costs are made conditional of the degree of offshoring, defined as the percentage of resources 

(FTEs) allocated offshore in India, this expectation is confirmed. Subsequently, different 

linear regression functions can be estimated for productivity and costs over cumulative 

experience for the different levels of involvement of India.  Figure A- 10 depicts the various 

productivity and cost improvement rates for low, medium and high involvement of India.
8
 

Notably, the learning rates in a scenario with intermediate offshoring are significantly higher 

than those of a scenario with low India involvement. Fairly early in the accumulation of 

experience, the average costs per issue in the medium-scenario drop below that of the low-

scenario. Likewise, eventually also the overall productivity in the medium-scenario surpasses 

productivity in the low-scenario. More specifically, productivity in the medium-scenario 

exceeds productivity in the low-scenario around a cumulative experience of 4,500 issues. 

Costs benefits become higher for the medium-scenario much earlier, when cumulative 

experience surpasses 200 issues.  

 

                                                      

7
 Note, to represent a trade-off scenario, the productivity measure in this model is the inverse of 

effort; productivity increases with experience, instead of a decreasing effort over experience.  

8
 The dataset includes a scant and insufficient amount of records in which the involvement of India 

was high (i.e. above 66%). Hence, no reliable empirical verdict could be expressed on the trend for this 

scenario. 
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To examine the optimal scenario, it may be beneficial to look at the achieved productivity 

per euro spent, which provides a measure for the efficiency for various levels of offshoring. 

Again, different linear regression functions can be estimated for productivity per euro over 

cumulative experience for the different levels of involvement of India, as depicted in Figure 

11 (left). As the results indicate, the intersection is found between a cumulative experience of 

700 and 800 resolved issues; before this, the ideal scenario would be a low involvement of 

India, after this tipping point it would be beneficial to have intermediate India involvement. 

This is illustrated in Figure 11 (right).  

  

 Figure A- 10: Different learning rates for different involvement levels. 
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Appendix C: Collaboration Inefficiency Model 

Depending on the difference in productivity and costs between the Netherlands and India, and 

the magnitude of efficiency loss due to cultural, communication and coordination issues, the 

total effort and costs in the project change. As can be seen in Figure A- 11, due to inefficiency 

in the collaboration, total project effort and costs increase if resources are not co-located but 

distributed amongst two locations. Notably, the total effort and costs are highest when the 

ratio offshore to onshore workers is between 0.2 to 0.8. The larger the impact of cooperative 

inter-firm issues, the higher the peak of the inverted-U like shape. In a simple manner, this 

analytical model describes the behaviour seen in Figure 9, where medium involvement in 

India was also found to cause lowest productivity and highest costs.   

The mathematical analytic functions are as follows: 

𝐶𝑜𝑠𝑡𝑠𝑁𝑒𝑡ℎ𝑒𝑟𝑙𝑎𝑛𝑑𝑠 =
𝐻𝑜𝑢𝑟𝑙𝑦 𝑤𝑎𝑔𝑒𝑁𝐿

(1 − 𝜇𝑁𝐿)(1 − 𝛼)
 

𝐶𝑜𝑠𝑡𝑠𝐼𝑛𝑑𝑖𝑎 =
𝐻𝑜𝑢𝑟𝑙𝑦 𝑤𝑎𝑔𝑒𝐼𝑁𝐷

(1 − 𝜇𝐼𝑁𝐷) ∗ 𝛼
 

𝐸𝑓𝑓𝑜𝑟𝑡𝑁𝑒𝑡ℎ𝑒𝑟𝑙𝑎𝑛𝑑𝑠 =
𝐼𝑠𝑠𝑢𝑒 𝑤𝑜𝑟𝑘𝑙𝑜𝑎𝑑

(1 − 𝜇𝑁𝐿)(1 − 𝛼)
 

𝐸𝑓𝑓𝑜𝑟𝑡𝐼𝑛𝑑𝑖𝑎 =
𝐼𝑠𝑠𝑢𝑒 𝑤𝑜𝑟𝑘𝑙𝑜𝑎𝑑

(1 − 𝜇𝐼𝑁𝐷) (𝜌 ∗ 𝛼)⁄
 

where:  

𝛼: ratio of offshore resources, relative to onshore resources 

𝜌: offshore productivity, relative to onshore productivity 

𝜇𝑁𝐿: efficiency loss in the Netherlands = 𝜇𝑁𝐿 = 𝛼 ∗ (1 − 𝛼) ∗ 𝜀 

𝜇𝐼𝑁𝐷: efficiency loss in India = 𝜇𝐼𝑁𝐷 =
𝜇𝑁𝐿

𝜌
 

Hourly wagel: hourly wage in location l, regarded as a constant 

Issue workload: issue workload in hours, at onshore productivity rate (𝛼 = 0)  
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Figure A- 11: Effort and costs increase the more work is dispersed amongst the two locations. 
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Appendix D: SPSS Syntax 

For repeatability purposes, the SPSS processing syntax used for statistical analysis can be 

obtained from the author in digital or hard-copy.  
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Confidential Appendix E: Project-Specific Results 

For confidentiality reasons, this appendix is only provided to the company.  

This appendix presents the empirical results separately per project. Consequently, differences 

amongst project can be identified in greater detail, making it possible to make project-specific 

managerial interventions.  

 


