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In the search for growth, technology-intensive firms invest heavily in R&D. 
However, the return on R&D investments remains low. Managers still  
struggle to make decisions on how to best manage their firms’ R&D projects. 
Three major challenges they face are: how to prioritize R&D projects within 
a technology trajectory; under what conditions is it beneficial to pursue 
competing technologies in parallel R&D projects; and how to best integrate 
marketing and R&D contributions in product platform development?  
This dissertation presents three studies, one for each of these challenges. 
The findings of this dissertation can assist firms in improving technology 
development and product platform development, particularly in the  
predevelopment stage.
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Preface

For more than 15 years I have worked in research and development (R&D) organizations 
of Philips. R&D typically involves: (i) fundamental research, (ii) technology development, 
(iii) product platform development, and (iv) product development and industrialization. 
Large R&D firms such as Philips have a research, a predevelopment, and a development 
department. I had the luxury of being involved in all three departments, an experience 
which enabled me to study R&D projects from multiple perspectives. This experience 
motivated me to do a PhD.

I gained experience in managing R&D projects. I started in a research department 
conducting fundamental research and exploring new technologies to apply in existing or 
new applications. These new technologies were in various research areas such as batteries, 
displays, contrast agents, biochips, and lighting. Later, I moved to a predevelopment 
department. That department’s aim was to improve the research results and bring them 
to development. Technology and product platform development mainly takes place in 
predevelopment but already starts in research and finishes in development. The newly 
developed technology forms the basis of a product platform. Such a platform is basically 
a common structure or architecture from which a variety of derivative products can be 
developed efficiently and produced using a set of reusable components and/or modules. 
I learned that, although the new technology may be core to the platform, it is often used 
in a particular module and adds a particular function(ality).

I also experienced the process of transferring basic technology to a commercially viable 
product. In predevelopment, I led technology and platform development, for example 
the new LED technology called ColorSpark HLD LED, which was recently introduced in 
projectors and is replacing conventional high-pressure discharge lamps. I also worked 
in a development department where platform-based products are developed and 
industrialized. In my role as developer for Philips Domestic Appliances in Singapore, I 
contributed to the development of steam irons.

Alongside my job, I pursued a Master of Science in Innovation Management (Industrial 
Engineering) at Eindhoven University of Technology, which broadened my outlook on 
the R&D management field even further. After completing my master’s degree, I became 
more involved in innovation management. For example, I was involved in R&D project 
portfolio management. I developed a project portfolio management tool, using project 



and market characteristics to determine the project value and to decide which projects to 
abandon, continue, start, or postpone.

All these experiences fascinated and motivated me to conduct research on managing R&D 
projects. Working in R&D, I became aware of the challenges facing management when 
it came to deciding how to best manage R&D projects during technology and product 
platform development. Two areas stood out. The first area that caught my interest was 
technology and application selection during technology development. While working 
in predevelopment, I appreciated the dilemma of deciding which technologies and 
applications to invest in. Often managers seemed to decide to invest in a difficult application 
of the new technology rather than develop a simple one first. They often assumed that a 
higher level of sophistication was beneficial in order to make it harder for competitors 
to copy the application. While this notion resonates with real option theory, i.e. more 
difficult investments should render higher profits, it can be problematic. First, managers 
and developers generally overestimated the market opportunity. They simply assumed 
some applications would be able to cater to many customer needs and markets. However, 
often new applications had limitations and development was slow, which resulted in a 
market that was ultimately smaller than anticipated. Second, managers underestimated 
the technological challenges. After working on an application for a year or so, the decision 
had to be made to either switch to the development of yet another application or abandon 
the whole technological avenue altogether once funds were depleted. Making the right 
choices on which technology and application to develop is always a challenge. Managers 
not always considered technology development as a set of related projects or account 
for interproject learning effects. In contrast with serial entrepreneurs who are known to 
generally focus on feasibility and quick generation of cash flow, managers seemed to 
concentrate more on technological sophistication and advancement. They thus did not 
choose a simple application first in order to generate cash and learn, but went for the 
sky. I often wondered if and how this situation could be improved. I noted that related 
technologies and applications are developed in a sequence of R&D projects and benefit 
from interproject learning. I also noted that competing technologies are often developed 
in parallel projects during predevelopment and benefit from interproject learning too. 
Therefore, I decided to study technology and application selection during technology 
development in more detail and explore especially the potential of interproject learning 
spillovers, in other words the knowledge gains transferred between R&D projects.

A second area that caught my interest was integrating marketing and R&D’s role and 
contributions in product platform development. Working in predevelopment, I noticed 
that R&D drives product platform development. What I saw was that the role of marketing 
is often marginalized. Particularly in predevelopment, the involvement of marketing was 
often limited or even absent. Also when there was collaboration, the communication 



between engineering and marketing was challenging due to their different backgrounds 
and goals. They have different knowledge and had difficulty speaking each other’s 
language. I noticed that especially during product platform development, the architect 
and the marketer often did not communicate effectively, misunderstood each other, and 
therefore had misaligned goals. This seemed to be the cause of many problems. However, 
based on some anecdotal evidence, I learned that if marketing had a basic understanding 
of product platforms, its underlying technology, principles, and products, the problems 
seemed to be less substantive. And vice versa, I noted that if the architect was more aware 
of the market, he/she was more open to marketing’s input and generally created a product 
platform that was better aligned with the market. So, I wondered whether it would be 
possible to learn from my observations and identify principles that could be solutions to 
these bottlenecks. Could having bilateral knowledge i.e. that the architect and marketer 
have knowledge of each other’s domain help solve the issue? State-of-art literature also 
did not provide me with the answers. Fascinated by these problems, I decided to research 
the role of marketing in product platform development and the potential of bilateral 
knowledge.

The above fundamental areas triggered me to do a PhD. The result is in front of you. It 
includes three studies that are valuable for academia and industry. The results provide 
insights which will help R&D managers make better decisions during technology and 
product platform development, particularly in the predevelopment stage.
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1.1 Background of this dissertation
In the search for growth, technology-intensive firms invest heavily in research and 
development (R&D). R&D can be defined as all the systematic activities aimed at increasing 
the amount of scientific knowledge and converting it into products (Raggi, 1993). In the 
past decade, firm’s R&D spending has increased, reaching US$1.5 trillion globally in 2017; 
in general, firms consider it important to invest in R&D as, on average, more than a quarter 
of their total revenue and profits comes from new products introduced in the past three 
years (Buffoni et al., 2017). However, firms have limited R&D resources and activities such 
as marketing require significant capital. Consequently, firms need to be selective about 
which technologies and product applications to develop and bring to market.

Despite major investments, the return on R&D investments remains low (see Castellion 
and Markham, 2013; Griffin, 1997; Cooper, 1988; Crawford, 1977). There are two main 
reasons for this. First, many projects fail and are discontinued due to R&D related problems 
such as excessive development cost, lack of technological progress, and being overtaken 
by an alternative technology. Second, more than half of all new products fail due to 
market related issues (Buffoni et al., 2017). The causes include overestimating the size of 
a market and a product performance lagging behind the level required by the majority of 
the market (Bond and Houston, 2003). These issues highlight the importance of aligning 
market demand and needs with product features early on in the R&D process, and the 
essential role of marketing in R&D (Ernst et al., 2010).

Low return on R&D investments can at least partly be attributed to management 
decisions during and across R&D projects (i.e. intraproject and interproject decision 
making, respectively) (Huchzermeier and Loch, 2001; Street and Santhanakrishnan, 2011). 
To increase the efficiency of R&D investments, firms often rely on product platforms. A 
product platform is a common structure or architecture from which a variety of new 
products can be developed and produced using a set of (technology-based) components 
or modules (Meyer and Lehnerd, 1997). However, managing R&D projects remains 
challenging as it is difficult to predict the potential of new technologies and product 
platforms (Shehabuddeen et al., 2006). Managers also have difficulty deciding which 
technology and application to invest in (i.e. technology and application selection) and 
how to manage these projects effectively (e.g. serial or parallel development). In addition, 
managers often find it problematic to ensure that their firm’s platforms and products 
are aligned with market needs (e.g., Robertson and Ulrich, 1998). While management 
experience, training, tools, and transparent decision making can help to achieve success, 
many challenges remain both in practice and from a scientific perspective.

Prior research suggests that when examining the effectiveness of managerial decision 
making, one needs to take into account the various stages of R&D (Santiago and Vakili, 
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2005). Depending on the R&D stage, projects are managed differently and managerial 
decisions differ (Wang et al., 2010). The available information and thus uncertainty of 
projects vary. The available information that people have at hand greatly influences 
outcomes, for example which R&D projects are funded and how resources are allocated 
(e.g., Klingebiel and Rammer, 2014).

Contrary to what the term R&D implies, its process consists of three rather than two stages: 
alongside research and development, it includes predevelopment. At the research stage, 
the aim is to generate and explore new technologies for a firm’s business operations, 
whereas at the development stage the focus is on exploiting these technologies to create 
new products. Lodged between the research and development stages, predevelopment 
is the stage that aims to improve and validate research outcomes, and create or enhance 
the technologies for applications, and develop product platforms. While these stages may 
be hard to distinguish in small and less technology driven firms, in large R&D firms—such 
as Philips (Wouters et al., 2011), BMW (Loch et al., 2001a), and Sony (Johansson et al., 
2015)—research, predevelopment, and development projects are executed in different 
departments.

Figure 1-1 depicts the three R&D stages and their related tasks, and shows the context of 
predevelopment. The main task at the research stage is fundamental research, which refers 
to the investigation undertaken to gain new scientific and/or technical knowledge and 
understanding (Freeman, 1997). Fundamental or basic research generates technological 
options for a firm and its (future) business. Given that fundamental research is uncertain 
and risky, a firm often generates new alternatives and explores them in an attempt to stay 
ahead of the competition. It often requires seed money to explore unrelated technologies 
using trial-and-error (Chandy and Tellis, 1998). The predevelopment stage generally 
involves two tasks. The first task is technology development, the process of shaping a new 
technology for existing or new applications (Högman and Johannesson, 2011; Wouters et 
al., 2011). This includes definition, demonstration, development, and validation of a new 
technology. The second task is product platform development (PPD). This is the process 
of creating and furthering product platforms and their components or modules using 
one or more technologies (Högman and Johannesson, 2011; Wouters et al., 2011). While 
technology development and PPD mainly occur during predevelopment, they might 
start in the research stage and finish in the development stage (Levandowski et al., 2012). 
The main task during the development stage are product creation and industrialization. 
Development involves definition, demonstration, and validation of a new (platform-
based) product, but also includes pilot production and ramp up to mass production (e.g., 
Lin et al., 2008).
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Figure 1-1: The three R&D stages of the innovation process and their related tasks visualized 
as function of time

The focus of this dissertation is on technology development and product platform 
development, particularly in the predevelopment stage (see Figure 1-1). This is the stage 
when important decisions are made (e.g., Langerak et al., 2004, Cooper and Kleinschmidt, 
1993; Cooper, 1988; Cooper and Kleinschmidt, 1987) regarding technology development 
and PPD, which largely determine product success (Murphy and Kumar, 1996). Specifically, 
managers need to select the best technology and platform design for a firm to exploit new 
product applications. Surprisingly, although decisions made during the predevelopment 
stage are critical for future success, prior studies have focused predominantly on decision 
making in the research and development stages (e.g., Santiago and Vakili, 2005) and 
largely ignored predevelopment. Lodged in between research and development, 
predevelopment plays a key role in establishing new products by developing new 
technologies and product platforms.

We can conclude that despite an increase in R&D investments, the return on these 
investments remains low, which is a major concern for many technology-intensive firms. 
The returns are low because managers are still struggling with the decisions on how to best 
manage their firms’ R&D projects during technology and product platform development, 
particularly in the predevelopment stage. Considering the aforementioned theoretical 
and practical issues, I pose the overarching research question: How can managers 
improve decisions regarding technology and product platform development, particularly 
in predevelopment, to increase the return on R&D investments? My research approach to 
answer this question is as follows: I start by identifying relevant studies, then determine 
the gaps in the literature, and subsequently formulate research sub-questions.

Research Predevelopment Development

Fundamental 
Research

Technology Development

Product Platform Development

Product Development & Industrialization
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1.2 Literature overview, gaps, research questions and studies

Literature overview
Three major literature streams are relevant to this dissertation: (1) studies on 
predevelopment, (2) research on real options for R&D management, and (3) product platform 
management studies. Firstly, although the relevance of studies on predevelopment may be 
obvious, research in this area is limited (e.g., Murphy and Kumar, 1996; Cooper, 1988) and 
managing predevelopment stage projects is still not fully understood (Eling and Herstatt, 
2017). This is remarkable because relevant studies show that predevelopment activities 
are the most critical steps in new product development (Cooper and Kleinschmidth, 1987) 
and are crucial for achieving superior performance (e.g., Langerak et al., 2004). Decisions 
in predevelopment determine product success (Murphy and Kumar, 1996) and separate 
new product winners from losers (Cooper and Kleinschmidth, 1993).1

Secondly, research on real options is deemed relevant since it focuses on managing R&D 
projects with high uncertainty and flexibility. As predevelopment is characterized by 
uncertainty and benefits from flexibility, it can thus also benefit from real options analysis. 
Research on using real options for R&D management confirms this line of reasoning (e.g., 
Huchzermeier and Loch, 2001). Real options provide the right–but not the obligation–to 
make an R&D investment, such as the option to continue, improve, or abandon an R&D 
project (Trigeorges and Reuer, 2017). Real option valuation for managing R&D projects 
improves decision making if there is uncertainty (Huchzermeier and Loch, 2001). That is 
to say, real option reasoning forces R&D managers to be explicit about the assumptions 
underlying their projections. Many studies on real options use either quantitative methods 
for understanding R&D decisions or a qualitative orientation for strategic purposes 
(Trigeorges and Reuer, 2017). Notably, prior work has to some extent differentiated 
between characteristics of projects that are more research (‘R’) and those that are more 
development (‘D’), and mainly focused on exploiting intraproject learning (Santiago, 
2008; Santiago and Vakili, 2005; Santiago and Bifano, 2005). Intraproject learning refers 
to the creation and sharing of knowledge within a project, which benefits the project’s 
overall outcome time or quality wise (e.g., Santiago and Vakili, 2005; Huchzermeier and 
Loch, 2001).

Thirdly, the work on product platform management is also clearly linked to in 
predevelopment. Product platform creation and further development are key tasks 
in predevelopment. Studies on product platform management focus on platform 
architecture (Facin et al., 2016; Jiao et al, 2007), leveraging platforms in the market 

1  Recently, predevelopment literature has evolved into a stream currently known as fuzzy-front-end (FFE) or 
front-end innovation (FEI) (Eling and Herstatt, 2017). Unlike predevelopment literature, FFE/FEI fails to address 
an engineering perspective in R&D.
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(Sanchez, 1999), technical aspects of the platform (Jose and Tollenaere, 2005), and how to 
align organizational tasks (Salvador, 2007).

Table 1-1 is an overview of relevant papers showing the status of existing studies. The 
literature overview is not intended to be a comprehensive but lists seminal papers and 
review articles selected on the basis of their quality and methodology. The evaluation 
criteria developed for these articles were as follows: (A) examine application/technology 
selection in R&D, (B) account for intraproject decision making, (C) account for interproject 
decision making in a sequence of R&D projects/parallel R&D projects, and (D) consider the 
role of marketing in R&D.2 These criteria were then used to identify the research gaps that 
currently exist in the literature.

Literature gaps
In Table 1-1, several important gaps in the literature are identified. First, the focus on 
selection of a technology and application in R&D, most particularly in predevelopment, 
is limited. Previous studies on predevelopment have addressed idea/concept screening 
but attention for identifying the best option from a set of applications or technologies has 
been limited (see Table 1-1, column 1 ‘R&D project selection’ and row A ‘predevelopment’ 
i.e. cluster 1A). This is remarkable because many activities in predevelopment pertain 
to this important decision. Real options analysis may be suitable to help for this type 
of research, but the literature has hardly studied application and technology selection 
in R&D (see cluster 1B). It has considered the application and technology as given, thus 
ignoring application and technology selection (for an exception see Santiago, 2008). A 
possible explanation is that the work on real options for R&D management has focused 
on the management of ‘R’ and ‘D’ projects, but ignored predevelopment stage projects.

Second, Table 1-1 shows there also has been limited research on interproject decision 
making either (a) across a sequence of, or (b) across parallel predevelopment stage 
projects. Previous research on predevelopment has studied decision making, but mainly 
at an intraproject level, i.e. accounting for intra-project learning (see clusters 2A and 3A). 
This is remarkable because predevelopment often involves making decisions with a series 
of (future) applications in mind and exploring technologies in parallel to identify the best 
option, often within a time constraint. Real options have been used for managing R&D 
projects, but this stream of work was mainly on an individual project level rather than an 
overarching decision level (see clusters 2B and 3B). Yet, real options valuation provides 
opportunities to analyze such decisions and thus, apply them to interproject decision 
making across a sequence of projects or parallel projects.

2  Evaluation criteria are based on previous discussion/observations (see Section 1.1 and Preface).
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Third, the overview in Table 1-1 highlights that little attention has been paid to the role of 
marketing in PPD. Although the R&D–marketing interface has been studied extensively 
(see cluster 4A), most studies have only considered the role of marketing in R&D at 
product level. Little is known about the role of marketing at platform level (see cluster 4C) 
(for an exception see the conceptual work by Sanchez, 1999). As a platform covers a family 
of products targeting both current and future market needs, a platform strategy and its 
decisions involve higher uncertainty and complexity. Thus, marketing’s involvement in 
product platform decisions is essential.

Table 1-1: Overview of studies on predevelopment, real options, and product platform 
management

literature 
streams

Authors (year)
# = Empirical;  
° = Conceptual;  
^ = Simulation;  
* = Review

1
R&D project selection

2
Intraproject 

decision 
making in 

R&D

3
Interproject decision 

making in R&D

4
Role of 

marketing 
in R&DApplication 

selection in 
R&D

Technology 
selection in 

R&D

Sequence 
of R&D 

projects

Parallel 
R&D 

projects

A
Pr

ed
ev

el
op

m
en

t

Cooper & Klein-
schmidt (1987) #

– – + – – +

Cooper & Klein-
schmidt (1993) °

– – + – – +

Murphy & Kumar 
(1996) #

– – + – – +

Langerak et al. 
(2004) #

– – + – – +

Eling and Herstatt 
(2017) *

– – + – – +

B
Re

al
 o

pt
io

ns

Huchzermeier and 
Loch (2001) ^

– – + – – –

Santiago and Vakili 
(2005) ^

– – + – – –

Santiago and 
Bifano (2005) ^

– – + – – –

Santiago (2008) ^ – + + – – –

Trigeorgis and 
Reuer (2017) *

– – + – – –

C
PP

 m
an

ag
em

en
t Sanchez (1999) ° + + – + – +

Jose and Tollenae-
re (2005) *

+ + + + – –

Salvador (2007) * + – + – – –

Jiao et al. (2007) * + – + – – –

Facin et al. (2016) * – – + – – –

Study 1 (Techno-
logy Dev.)

 + – + + – –

Study 2 (Techno-
logy Dev.)

 – + + – + –

Study 3 (Platform 
Dev.)

 n.a. n.a. +  n.a. n.a. +

This dissertation  + + +  + + +
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Research questions and studies
Three studies were carried out to address, at least in part, the above-mentioned gaps in 
the literature. Each study has a different research question and makes its own distinctive 
contribution to the literature. Study 1 and 2 relate to technology development. Study 
1 investigates application selection in predevelopment and accounts for interproject 
decision making across a sequence of projects. Study 2 investigates technology selection 
in predevelopment and accounts for interproject decision making across parallel projects. 
Study 3 relates to product platform development. It investigates the role of marketing in 
product platform development.

Study 1
Because a technology can be used in multiple product applications, technologies generally 
develop through a sequence of related projects, i.e. a technology trajectory (Figure 1-2). 
It means a different new product application is developed in each project, albeit using 
the same underlying technology. It enables learning and helps to further advance the 
technology.

Figure 1-2: Technology trajectory – sequence of related projects developing different 
product applications using the same underlying technology

While the literature has begun to explore technology trajectories (e.g., Moore, 1999), 
there is a limited focus on identifying the best product application option from a set of 
technologically related projects. Prior research using real options has concentrated on 
the management of individual R&D projects (Santiago and Vakili, 2005; Santiago and 
Bifano, 2005; Huchzermeier and Loch, 2001) and identifying the best option from a set of 
technologically unrelated projects (Santiago, 2008). As far as I am aware, the knowledge 
transfer or learning between technologically related R&D projects has not yet been 
included in real options models. Prior literature ignores the opportunities for learning 
spillover between technologically related R&D projects. This is remarkable because any 

Project A
Technology 3
Application 1

Project B
Technology 3
Application 2

Project C
Technology 3
Application 3

Predevelopment

TECHNOLOGY DEVELOPMENT

interproject learninginterproject learning

to product platform 
development

Which sequence is optimal?
A-B-C or C-A-B or …
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new technology that moves from research to (pre)development faces two important 
questions: Which application should be addressed first? Which sequence i.e. technology 
trajectory, is optimal? An analogy with a bowling alley has been proposed in the literature 
(Moore, 1999). This metaphor refers to identifying and addressing a first specific project 
(the first pin) for an application, which results in a “winning streak” of related projects 
and applications. Lack of success in one project can lead to depletion of funds and 
abandonment of a technology altogether. In light of the above-mentioned gaps in the 
literature and issues, the first research question is: How to prioritize R&D projects within a 
technology trajectory?

The first study addresses this question and models the decision to maximize the value 
of a sequence of R&D projects drawing on the same evolving technology for different 
applications3. Based on a set of (predevelopment stage) R&D projects with a common 
underlying technology and using a real options valuation model, study 1 shows how 
accounting for this technological commonality and interproject learning possibilities 
affects the value of the trajectory selected. This value is the (predicted) overall market 
value of a sequence of projects.

The simulation findings show that various sequences of related projects differ in trajectory 
value and that the maximum value of the technology trajectory is particularly sensitive to 
the selection of the first project. A sequence that begins with a less challenging project 
(with a lower project value), before addressing more difficult projects (those with higher 
project values), is much more beneficial than when a more challenging project is done 
first. The reason is that learning is more likely to spill over from easier than from uncertain/
complex projects. Difficult projects pose the risk of depletion of funds and termination 
before completion, and thus abandonment of the technology altogether. The effects are 
particularly likely to occur under conditions in predevelopment. An empirical case of a 
Dutch multinational in the electronics industry illustrates this approach and explores 
practical implications.

The findings contribute to the literature in three important ways. Firstly, they extend 
the work using real options for R&D management (Trigeorgis and Reuer, 2017; Santiago, 
2008; Santiago and Vakili, 2005; Santiago and Bifano, 2005; Huchzermeier and Loch 2001, 
Childs and Triantis, 1999) which has focused on selecting and managing one project from 
a set of unrelated projects to decision making regarding technologically related projects. 
Secondly, the findings contribute to studies on predevelopment and the literature on real 
options by moving beyond the challenge of managing individual projects and intraproject 
learning (e.g. Huchzermeier and Loch, 2001) to interproject learning. Thirdly, our findings 
bridge the literatures of real options and the management literature on technology 

3  R&D projects are studied with a focus on predevelopment projects.
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trajectories and capability building (Cetindamar et al., 2009). This explains how firms can 
develop new technological capabilities during a technology trajectory that will provide a 
sustainable competitive advantage.

Study 2
Competing technologies can be developed in parallel projects to speed up development 
and help ensure creating a competitive edge (Figure 1-3). After a product application 
has been selected i.e. fixed, a challenging task for a manager is selecting the best option 
from a set of, often, related technologies to develop the application. By developing, i.e. 
exploring, competing technologies in parallel projects this decision can be extended and 
risk and delay can be decreased.

Figure 1-3: Developing competing technologies in parallel projects for the same application

While studies have begun to explore the optimal conditions for pursuing competing 
technologies in parallel (e.g., Eggers, 2015; 2014; 2012; Klingebiel and Adner, 2015; 
Klingebiel and Rammer, 2014; Shibata, 2012), they have not considered the effectiveness of 
this approach for predevelopment nor accounted for learning effects. In predevelopment 
firms often explore related technological solutions to decide the best option. The 
relatedness of the technological options offers the potential benefit of learning spillovers 
if pursued simultaneously for the same application. Thus, the second research question is: 
Under what conditions is it beneficial to pursue competing technologies in parallel projects?

The second study evaluates the effectiveness of pursuing competing yet related 
technologies in parallel projects during predevelopment. To do so, this study applies 
a modified real options valuation model that accounts for interproject learning. The 
outcomes for predevelopment are compared using the same approach under research 
and development conditions. Predevelopment projects typically have a probability of 

Predevelopment

TECHNOLOGY DEVELOPMENT

Project B
Technology 3
Application 2

Project D
Technology 4
Application 2

interproject learning

x

to product platform development
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success close to 0.5 , while projects with a probability of success of < 0.4 and > 0.6 are as 
identified as research and development projects, respectively.

The findings reveal that running projects in parallel is most beneficial in predevelopment. 
Specifically, when moving from research to development conditions, the effectiveness of 
pursuing competing technologies in parallel projects first increases and then decreases, 
with a maximum positive effect during predevelopment conditions. This is explained 
by the interrelatedness of the technology of the parallel projects which allows learning 
opportunities and spillovers. These are highest under predevelopment conditions because 
alternative paths or interrelated technologies for the same application are explored at this 
intermediate stage. The findings also show that of the amount of learning spillovers can 
even compensate for the higher investment costs, which suggests that pursuing mutually 
exclusive projects (where only one technology solution can be commercialized) could be 
financially beneficial. Empirical data collected on research and predevelopment projects 
of a Dutch multinational in the electronics industry supports these findings.

The findings contribute to the R&D and technology management literature, particularly 
research regarding exploration of alternative technologies in parallel projects (Eggers, 
2015; 2014; 2012; Klingebiel and Adner, 2015; Klingebiel and Rammer, 2014; Shibata, 2012) 
by studying and demonstrating the effectiveness of this approach in a predevelopment 
context. The findings also add to the literature on modelling learning effects using real 
options (e.g., Trigeorgis and Reuer, 2017; Santiago and Bifano, 2005). Prior research has 
only focused on intraproject learning (e.g., Santiago and Vakili, 2005; Huchzermeier and 
Loch, 2001) and generally assumed that each project developed had some remaining 
market value (see Santiago, 2008). In contrast, this study focuses on the situation where 
only one technological solution, i.e. one version is commercialized.

Study 3
Product platform development is also a key task in predevelopment (Figure 1-4) and requires 
input from both R&D and marketing. Firms often rely on product platforms because 
their modular structure enable firms to market a wide range of product configurations, 
targeting several product applications (see applications 1, 2 in Figure 1-4) efficiently by 
anticipating different market segments in their platform design (e.g., Sanchez, 2008). 
This variety of product options is created by combining and carefully integrating several 
technologies (see technologies1, 2, 3 in Figure 1-4). A major issue, however, is aligning the 
contrasting aims for commonality, generally advocated by R&D, and meaningful product 
variety in the marketplace desired by marketing (Robertson and Ulrich, 1998).
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While the literature on the R&D-marketing interface is well established (e.g., Griffin and 
Hauser, 1996; Li and Calantone, 1998), it has mainly focused on collaboration in new 
product development (NPD). Recent studies on the role of marketing in R&D focus on 
aspects such as market knowledge dimensions or integration mechanisms (e.g., Rubera et 
al., 2012; Calantone and Rubera, 2012; De Luca and Atuahene-Gima, 2007) but attention 
to the relationship with product platform development has been scarce. Moreover, 
whereas in the product platform management literature several studies confirm the 
benefits and need to involve marketing (e.g., Facin et al., 2016; Sanchez, 1999) research 
on how to integrate marketing and R&D contributions in PPD is still limited. In light of the 
above-mentioned gap in the literature, the third research question is: How to best integrate 
marketing and R&D contributions in product platform development?

The third study investigates the role of marketing in PPD. Drawing on knowledge-based 
theory, it is argued that the platform architect and marketer need to have knowledge of 
each other’s domain (i.e. bilateral knowledge) to ensure marketing’s connection to the PPD 
process and to guarantee good platform performance in the marketplace. The impact of 
marketing department’s general product platform knowledge as formal structural factor 
is also explored, adding it as a contingency. Pilot interviews with platform managers at a 
globally operating large electronics firm revealed that marketing should have knowledge 
of product platforms and their development, while the platform’s architect needs to know 
the market opportunities for the product platform. Consequently a model and hypotheses 
were developed and tested using survey data from architects of the firm.

The results show that the architect’s knowledge of the product platform’s market 
opportunities fuels marketing’s involvement in PPD and has a direct and indirect positive 
effect on product platform’s financial performance. The findings also show that, through 
their involvement in PPD, the marketer’s knowledge of product platforms and their 
development has a positive, yet not direct effect on financial performance. The findings 

Project E
Technologies 1, 2, 3

Applications 1, 2

Predevelopment

PRODUCT PLATFORM DEVELOPMENT

to product 
development and 
industrialization

from technology 
development

Figure 1-4: Product platform development using input from technology development
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also underline that the product platform’s knowledge of the marketing department is an 
important compensatory mechanism; high knowledge at department level compensates 
for a lack of marketing knowledge at the individual level, thus ensures general marketing 
involvement and contribution.

The study contributes to prior work on product platform management (e.g., Cenamor 
et al., 2017; Facin et al., 2016; Salvador, 2007; Jose and Tollenaere, 2005) by studying the 
role of marketing in product platform development. It also extends the research on R&D-
marketing interface, by conceptualizing the relationship and interaction between R&D 
and marketing functions; more specifically exploring how personal (individual level) 
and formal structural (department level) coordination mechanisms work together and 
potentially reinforce each other (Mom et al., 2009; Martinez and Jarillo, 1989; Van De Ven 
et al., 1976). The findings suggest that R&D managers should actively build a marketing 
department’s understanding of product platforms and help individual architects and 
marketers to gain market opportunity and platform knowledge, respectively.

1.3 Outline of this dissertation
Table 1-2 summarizes the content of the studies and outlines of this dissertation. Chapter 2 
entails the first study and investigates technology trajectories and the selection of optimal 

Table 1-2: Summary of the content of the studies of this dissertation

Study 1
(Chapter 2)

Study 2
(Chapter 3)

Study 3
(Chapter 4)

Title Technology trajectories and 
the selection of optimal 
R&D project sequences

Exploring the effectiveness 
of pursuing competing 
technologies in parallel 
projects during predeve-
lopment

Drivers of marketing 
involvement in product 
platform development and 
their impact on financial 
performance

Objective To model the decision
to maximize the value of a 
sequence of R&D projects 
drawing on the same 
evolving technology for 
different applications or
market segments

To evaluate the effective-
ness of pursuing competing 
technologies in parallel pro-
jects in predevelop-ment 
and to compare it with 
research and development 
stage settings

To understand whether 
and how the architect’s and 
marketer’s bilateral know-
ledge fuels the involvement 
of marketing in PPD and 
affects a product platform’s 
financial performance

Research  
question

How to prioritize R&D pro-
jects within a technology 
trajectory?

Under what conditions is it 
beneficial to pursue compe-
ting technologies in parallel 
projects?

How to best integrate 
marketing and R&D contri-
butions in product platform 
development?

Theory Real options for R&D ma-
nagement

Real options for R&D ma-
nagement

R&D-marketing interface 

Methodology 
and analysis

Dynamic programming 
using MATLAB 

Dynamic programming 
using MATLAB

Structural equation model-
ling using PLS

Sample and data Parameter settings from 
Huchzermeier and Loch, 
2001

Parameter settings from 
Huchzermeier and Loch, 
2001

Survey data from global 
technology company; 
n=135 respondents

Performance 
measures

Trajectory value Total project value Marketing involvement; 
Financial performance
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R&D project sequences. Chapter 3 entails the second study and explores the effectiveness 
of pursuing competing technologies in parallel projects during predevelopment. 
Chapter 4 entails the third study and investigates the integration of marketing and R&D 
contributions in PPD. Chapter 5 summarizes the main conclusions from the three studies 
to provide an overview, then presents the main implications and directions for future 
research.

This dissertation, including the three individual studies, has been designed, conducted 
and written, by the doctoral candidate Ties van Bommel, under supervision of promotor 
Prof. Dr. Ed Nijssen and co-promotors Dr. Michel van der Borgh and Dr. Alex Alblas. The co-
authors of each study are indicated at the start of the corresponding chapter.
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2.1 Introduction
Real options provide the right — but not the obligation — to make use of a specific 
business opportunity, such as deferring, abandoning, expanding, staging, or contracting 
a capital investment project. Real options valuation is increasingly employed as a tool 
in business strategy context and other situations, where it is believed that managerial 
flexibility has value (Dixit and Pindyck, 1994; Trigeorgis, 1996; Amram and Kulatilaka, 1999). 
The approach forces decision makers to be explicit about the assumptions underlying 
their projections and decisions. Real option value refers to the importance of managerial 
flexibility during the R&D process. By keeping options open, and in response to new 
market and project information, an investment opportunity’s upside value increases 
while downside losses decrease compared to initial expectations (Trigeorgis, 1996).

Prior research using real options in R&D context has focused on the management of 
individual R&D projects (e.g., Santiago and Bifano, 2005; Huchzermeier and Loch, 2001) 
and on identifying the best option from a set of technologically unrelated projects or 
vendors of R&D support (e.g., Santiago, 2008; Eckhause et al., 2012; Eckhause et al., 2009). 
In contrast, attention for identifying the best option from a set of technologically related 
projects is limited. This is remarkable because any new technology that moves from 
research to (pre-) development faces two important questions: Which application should 
be addressed first? Which sequence is optimal? An analogy with a bowling alley has been 
proposed in the literature (Moore, 1999). Due to the interdependence among individual 
projects, the successful execution of a project will increase a firm’s capability and help to 
efficiently and effectively develop related future projects. An example of a technology and 
its related set of projects or applications is electrowetting. The literature shows that Philips 
worked on the technology for years targeting different applications such as tunable x-ray 
filters, electronic displays, optical lenses, and ultrasound scanners (see e.g., Mugele and 
Baret, 2005).

To our knowledge, the knowledge transfer or learning between technologically related 
R&D projects has not yet been included in real options models (e.g., Yao et al., 2013). 
The fact that a lack of success in one project may lead to the depletion of funds and 
abandonment of a technology altogether, has also been ignored. The cash flow generated 
by a successfully finished ‘first project’ will provide support to continue developing the 
underlying technology. Therefore, Read et al. (2009), based on the principle of affordable 
loss, suggest to consider a promising but less costly option to allow for continuation even 
if a first application has to be abandoned before completion. The progress made in the 
first project can help to accelerate and accomplish the next project/option. So, affordable 
loss limits the downside potential of pursuing an opportunity by not investing more 
resources than the firm can afford to lose without jeopardizing the chance of developing 
the new technological avenue.
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This chapter addresses the identified gap by modeling the decision to maximize the value 
of a set of R&D projects drawing on the same, evolving technology for different applications 
or market segments. Using Huchzermeier and Loch’s (2001) model as a starting point 
and accounting for inter-project learning effects and discount rates, we show that these 
authors’ single project approach leads to a suboptimal real option value decision under 
this multiple project condition. Our results show that it is best to first perform a financially 
less attractive but also less difficult project before investing in a financially attractive but 
difficult one. This finding is most prevalent when inter-project learning effects are high 
and intra-project learning is low.

We contribute to the literature of real options for R&D management (e.g., Huchzermeier 
and Loch, 2001; Santiago and Vakili, 2005; Santiago and Bifano, 2005) in two important 
ways. First, we extend the work on using real options to select one project from a set 
of unrelated projects (van Bekkum et al., 2009; Santiago, 2008) to decision making 
regarding technologically related projects. We do this using the concept of compound 
options. The first project of an optimal sequence of net value is like a compound option 
or “taking an option on another future option” (Geske, 1979). As in traditional compound 
options analysis (see e.g., Geske, 1979), each option is written on a common underlying 
variable; in our case the shared, underlying technology. As a result, the optimal sequence 
of projects concerns exercising a number of compound options, where the individual 
projects represent the options. Compound options have been analyzed in an investment 
framework before by Trigeorgis (1991; 1993), Childs and Triantis (1999), Herath and Park 
(2002), and Cheng et al. (2011). In R&D context the idea has been applied by research on 
pilot projects and other multi-stage development projects (e.g., Snir and Hitt, 2004; Errais 
and Sadowsky, 2008). However, whereas a pilot project acts as an option on the option of 
further development, by definition the order between the pilot- and second stage is fixed. 
In our approach this is not the case; every possible sequence is considered to determine 
the optimal outcome of anticipated learning effects.

Second, we bridge the literatures of real options and the management literature on 
technology trajectories and capability building (Tushman and Anderson, 1986; Lei et 
al., 1996). We focus on pre-development projects which involve the transition stage 
from basic research to development. By addressing the transition stage from research 
to development of specific product applications of a (radically) new technology and 
factoring in inter-project knowledge transfer or learning as well as discount rates, we 
explain how firms can develop new technological capabilities that will render future 
sustainable competitive advantage. Specifically, we explain how such capabilities are built 
during a technology trajectory by carefully considering and selecting pathways. Such 
sequencing of projects, clustered in a technology trajectory, requires compound options 
decision making.
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The chapter is organized as follows. In Section 2.2 we develop our model and explain the 
underlying assumptions, specifications and definitions. Using the data from Huchzermeier 
and Loch’s (2001) example we simulate two models, i.e. one with and one without intra-
project learning while also accounting for inter-project learning spillover. In Section 2.3, 
we show the results from a sensitivity analysis along several dimensions to explore the 
robustness of the findings for the simulation excluding intra-project learning. In Sections 
2.4 and 2.5, we draw conclusions and discuss the implications of our work, respectively. 
Appendix A includes the data and model settings used in our sensitivity analyses.

2.2 Methodology and model

Definitions and basic premises
Given a set of pre-development projects drawing on the same underlying technology, 
a technology trajectory refers to specific sequence of projects executed. The real option 
value of such a sequence or trajectory depends on the chance that projects are finished 
successfully and timely. Successful and on-time development ensure achieving the 
anticipated market payoff of each project’s product application in the marketplace. The 
latter is a function of customer response and intensity of the competition.

The optimum trajectory value refers to the maximum value that can be derived from a 
smart ordering of projects available. So, the real option value of a trajectory refers to the 
global rents that the specific sequence of projects and their applications will generate. 
Projects completed and launched early in the trajectory offer the option to execute 
further projects and thus are compound options. Although each project has a particular 
market payoff, this payoff depends on the degree to which the technology has progressed 
in projects executed earlier in the trajectory. A project may help the development of an 
underlying technology, even if the specific target product proves to be infeasible. Our 
objective is to begin modeling this phenomenon.

Model of Huchzermeier and Loch
Each individual project of a set can be cast in the real options model described by 
Huchzermeier and Loch (2001). A single project has a fixed horizon with decision 
moments at regular intervals. At each interval the technology manager can decide 
the optimal corrective action for maximizing the project’s returns. Three choices exist: 
continue, improve, or abandon the project. Except for the option of stopping, this involves 
cost. Projects are supposed to differ in terms of the five “value drivers”: (i) market payoffs, 
(ii) project budgets, (iii) product performance, (iv) market requirements, and (v) project 
schedules.
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To analyze the value of the different sequences of projects, the settings for each of the 
individual projects should be specified first. The value of an individual project is a function 
of the underlying technology’s state tX  and time t. The technology state evolves over 
time in our framework as follows,

1

, if  1 (continue),
1 ,    if  2 (improve),

, if  3 (abandon).

t t t

t t t t

t

X u
X X u

u

ω
ω+

+ =
= + + =
 −∞ =

The random variable tω  has a binomial distribution with a probability of success ( )kp j , 
i.e. it depends on the project k and the position this project takes in the project sequence, 
which is denoted by j.4 The control variables tu  reflect the decisions that the project 
manager can take during an individual project (i.e. continue, improve or abandon). After a 
project is finished, the next project in the sequence is started.

In line with Huchzermeier and Loch (2001) we assume that the technology Xt needs to 
reach a minimum required level of technical performance Dk before the newly developed 
product application(s) can be marketed. If the technology reaches the performance level 
Dk the market will generate a premium profit margin Mk. If not, the profit margin will 
be lower: mk < Mk. The performance requirement variable Dk is assumed to be random 
with a normal distribution with mean µ(Dk) and variance σ2(Dk). For each individual pre-
development project startup-investments Ik

0 are incurred. To summarize, the parameters 
of the K individual projects are given by: (i) the individual project times Tk, (ii) the 
distribution of the required technical performance Dk, and by fixing the means µ(Dk) and 
their variances σ2(Dk), (iii) minimum and maximum profit margins mk and Mk, respectively, 
and (iv) initial investments I0

k. In addition, we need to set the probability of success pk(j). 
The parameter Nk, which governs the number of branches in the tree for Xt, is set to Nk =1 
for all projects k. The options of continue and improve involve regular and extra costs, 
which are denoted by Ctk and tkα , respectively. Finally, a discount rate r is used to take the 
time value of money into account. All these structural parameters are captured in a set kθ .

Extending the model
In addition to the premises described we assume that the performance, and thus value 
of a particular project, depends on its place in the sequence and learning effects. When 
a particular project is executed at a later stage, its performance can be higher than when 
it is performed at an early stage due to (an accumulation of ) this inter-project learning. 
However, the trajectory value of each sequence also requires accounting for the discount 
value of projects over time.

4  Whereas Huchzermeier and Loch (2001) allow for multinomial distributions for tω , they completely rely 
on using binomial distributions in the examples they use. Consistent with their examples we use binomial 
distributions.
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To determine the optimal sequence of projects, the value of the trajectory of projects 
should be maximized. We solve this problem in a simple way, i.e. by calculating and 
comparing the value of all possible sequences. Because we allow for switching between 
projects in a sequential way, the project manager has several compound options. The 
valuation of the technology trajectory is similar to the valuation of these compound 
options (e.g., Trigeorges, 1993). If, for example, we have 5 projects we have 5! = 120 
possible sequences to account for. To simplify matters we will only use three projects.

Suppose a project manager considers selecting the first project from K pre-development 
projects drawing on the same underlying technology. Based on the analysis of 
Huchzermeier and Loch (2001) we can determine the value ( )kV t  (k = 1,…,K) for each of the 
individual projects as of time t = 0. Each project k has its own expected time to completion 

kT , after which a new project can be started. Denote a sequence of projects by tuples 

1,..., Ks s , with ks denoting the project on position k in the sequence. For example, take 
the case of three projects (K = 3), denoted by A, B and C. The tuple , ,C A B  means that 
Project C is executed first ( 1s C= ), subsequently followed by projects A ( 2s A= ) and B  
( 3s B= ), respectively.

As was mentioned, an important assumption of our model is that the probability of a 
particular project depends on its place in the sequence. To capture this, we specify for 
each project k a minimum and a maximum probability: min

kp  and max
kp  and define a 

quadratic increasing concave function ( )kp j  that indicates the probability distribution 
underlying the technology of project k as a function of its place in the sequence, denoted 
by j. This setup is consistent with the fact that we focus on pre-development projects 
(Santiago and Vakili, 2005).

Consistent with the literature, we suggest that the relationship between the engineering 
effort and the performance is following an s-shaped curve (Foster, 1986). This s-curve 
is widely accepted by practitioners and academics (Yang et al., 2010). In early stages, 
the performance improvement for any new technology is rather slow. However, after 
substantial investments in R&D its fundamentals will have become clear and technological 
progress will accelerate. Next, the technology will mature and its progress will decrease 
again. The slope at any point on the s-curve shows the marginal productivity and follows 
an inverted U curve representing the learning curve (Nieto et al., 1998).

Although widely accepted, Sood and Tellis (2005) found that the s-curve of most 
technologies involves “a series of irregular step functions that are better approximated 
with multiple s-curves”. Consistent with Sood and Tellis (2005), we therefore expect and 
adopt the notion of an s-curve for a set of related R&D projects (Zif and McCartthy, 1997). 
In addition, in this chapter the performance is expressed in terms of the probability (of 
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finishing a project). So, we expect that the productivity of a project will increase and then 
decrease again as the technology development first increases and then slows down again 
in line with the s-curve.

As our model builds on the classification of projects in terms of their probabilities of 
success, we specify that min(1)k kp p= , and max( )k kp K p= . We also assume that the first-
order derivative of the function in the maximum probability is equal to zero: '( ) 0kp K =
. The probabilities as a function of the position in the sequence can then be computed as

( )
( )

( )
min max min max

2min
2( ) 2 1 1

1 1
k k k k

k k
p p p pp j p j j

K K
− −

= − − + −
− −

 (1)

The project-specific value function ( ), ,k t kV X t θ  reflects the dependence of a project k 
on the state of the technology (i.e. position on the s-curve), time, and the set of structural 
parameters kθ . Because the probability distributions related to the technologies 
underlying projects change as a function of their position in the sequence and because 
values of later projects are discounted more than earlier projects, an interesting trade-off 
emerges. Based on the underlying assumptions of Eq. (1) projects have higher technology 
probabilities of success when performed later in the sequence, giving them a higher 
expected value ceteris paribus. But, the later a project is performed, the higher the impact 
of the discount factor, thereby offsetting the impact of a higher technology probability 
of success. Our hypothesis is that the optimal sequence, in accordance with the notion of 
affordable loss, will involve selecting a technologically less ambitious project first to learn 
and leverage (Dew et al., 2009).

As explained above, the projects are interrelated through the probability distribution of 
the underlying technology Eq. (1). We assume that the other parameters are measured 
relatively to the underlying technology state tX . This implies that we can value each 
project k (k=1,…,K) as a stand-alone project according to the methodology of Huchzermeier 
and Loch (2001), albeit with a probability distribution of the underlying technology that 
reflects the place of the project in the project sequence. With ks  indicating the position of 
project k in the sequence, we can then write the evolution of the value function as follows:

( )
( ) ( ) ( )( )
( ) ( ) ( )( )

1 1 1
1 11 2 2

1 1 1
1 11 2 2
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and for kt T=

where we have skipped showing the dependence of the value function on the parameter 
set kθ  for notational reasons. In the last period ( kt T= ) the value of the project is 
determined by the expected profits evaluated using the profit function from Huchzermeier 
and Loch (2001). In particular, the function ( )kΠ •  is the expected payoff of project k, and 
is given by

( ) ( )( )
k kk T k T k kX m X M mΠ = +Φ − ,

with ( )kTXΦ  the cumulative normal distribution function with mean ( )kDµ  and variance 
2 ( )kDσ , evaluated at the end of project k (t=Tk). Please note that the value functions are set 

up recursively, and are evaluated backwards using the principle of dynamic programming 
similar to the approach used in Huchzermeier and Loch (2001).

The composite value of a particular sequence of projects is denoted by summing the 
values of the individual projects. Defining ( )1,..., ,KV s s θ  as the total value for a 
particular sequence or trajectory 1,..., Ks s , and collecting all structural parameters for 
the K projects in a composite parameter set { }1,..., Kθ θ θ= we then can write
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The technology manager chooses the optimal sequence 1,..., Ks s  that maximizes 
( )1,..., ,KV s s θ . Note that after completion of a project we reset the technology state to 

zero, i.e. 
1

0
siTX
−
= . It reflects our assumption that in each project a different new product 

application is developed, albeit using the same underlying technology, but starting a new 
learning experience.

A simple two project illustration
Suppose we have two pre-development projects, named A and B, that have stand-alone 
values ( )0 ,0AV X  and ( )0 ,0BV X , respectively. These values are calculated according 
to the methods outlined in Huchzermeier and Loch (2001). The technology trajectories 
are given by scheduling the two projects one after the other, given by either AB or BA. 
According to Equation 2 the values of the two technology trajectories can be written as:
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(1) (2)
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+
 = + + + 

,

where the superscripts on the values indicate the order at which the two projects are 
executed. Note that in our analysis the probabilities of success can differ, i.e. Ap  can 
differ from Bp . In order to make useful comparisons on the impact of ordering we 
have calibrated the market values AM  and BM  such that ( ) ( )(1) (1)

0 0,0 ,0A BV X V X=
. In that case the difference between the two trajectories is related to the relative 
values of ( )(2)

1, 1B TV X T+ +  and ( )(2)
1, 1A TV X T+ + . Important to note is that the 

project values V are strictly increasing in the success probabilities p. Then, a sufficient 
condition for the statement that BA ABV V>  is that the probabilities satisfy the equation 

(2) (1) (2) (1)A A B Bp p p p− > − . In words, the learning effect of project A is larger than the 
learning effect in project B.

In order to understand the impact of the implications of the condition 
(2) (1) (2) (1)A A B Bp p p p− > − , it is useful to interpret the above conditions in the 

light of pre-development projects. Assume without loss of generality that Project A is a 
project that is in its initial stages, whereas Project B is more mature. We can translate this 
assumption mathematically as (1) (1)A Bp p< , indicating that there is a higher potential 
for Project A to increase its success probability, when compared to project B. Given the 
technology S-curve, this is even further exacerbated, for example when (1) 0.5Ap < , and 

(1) 0.5Bp > , and the technology S-curve has an inflection point at 0.5. Then, the success 
of Project A has an even higher potential in being more successful.

While this shows that learning matters the next question is whether this also holds for 
more than two projects. Mathematically matters now become very complex. However, 
using simulations and sensitivity analyses we can shed light on this issue. In the next 
section we will outline the context for our simulations. First we will replicate the above 
findings using three projects with different p-values (e.g. pA(1) = 0.4; pB(1) = 0.5; pC(1) = 
0.6), but similar individual project values (so, VA = VB = VC). Results will confirm that the 
optimal choice is to select and perform a less risky project first, before taking on a more 
technologically challenging and high-return project. Second we move to an alternative 
model in which the internal improvement of Huchzermeier and Loch’s (2001) model 
(which concerns an additional option for improvement) is switched off. Results prove 
stable yet more pronounced.

Simulations using three projects and two models
To illustrate the contribution of our approach we use a small set of projects (K = 3) with 
individual project times 6kT =  (k = 1,…,3) that are related to a single but common 
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underlying technology and select values for the main parameters of our model based 
on Huchzermeier and Loch (2001). We denote the projects with the letters A, B and C. 
We begin with project B which is used as a benchmark. The values of Project B are set to 
completely mimic those used by Huchzermeier and Loch ((2001), p.93, Figure 5). Therefore, 
project B’s setting are (MB = 280, m = 0) (pmin

B = 0.5, N = 1).

Interested in pre-development projects, we differentiate between projects with 
probabilities of success pmin

k < 0.5 and pmin
k > 0.5 (see also Santiago and Vakili, 2005) 

because performance improvement is most relevant for intermediate performance levels 
(Huchzermeier and Loch, 2001). Project A is set to have the lowest probability of success 
and thus is the most difficult one, while Project C has a slightly higher probability of 
success (pmin

A = 0.4 and pmin
C = 0.6).

Next, the market values of projects A and C are calibrated, using “backward engineering”, 
to obtain individual project values for projects A and C exactly equal to B. Consequently, 
the “stand alone” project values for projects A and C (VA, VC) are 6.62, which a priori makes 
all projects equally attractive. As a result, no project can be favored or selected and 
performed first.

Based on the above the settings for our three projects (K=3) can be summarized as follows: 
Project A (MA = 349.35, m = 0) (pmin

A = 0.4, N = 1); and Project C (MC = 234.11, m = 0) (pmin
C = 

0.6, N = 1). The other parameters for the three different projects (k=1,2,3) remain constant: 
(C5k = 50, α5k = 45); (C4k = 20, α4k = 35); (C3k = 8, α3k = 30); (C2k = 4, α2k = 25); (C1k = 2, α1k = 20); 
(C0k = 1, α0k = 6); ( 0

kI  = 50, r = 0.08). Note that because of the aforementioned calibration of 
market values, the more difficult Project A has a higher anticipated market value than the 
easier Project C (so, MA >MC).

In addition, we set the maximum probability of each project to pmax
k = 0.8 (k=1,2,3). 

This means that any project performed last in sequence has the same chance of 
success. Consequently, projects A and C have the highest and lowest opportunities for 
improvement and thus benefits from learning spillovers between projects (pmax

A − pmin
A = 

0.4, and pmax
C − pmin

C = 0.2).

Two models are compared and will be presented below. Model 1 uses the benchmark 
parameter settings from Huchzermeier and Loch (2001, see their Figure 5, p. 93). This 
original model (Model 1) allows for intra-project learning through improvement steps 
within projects ( 2tu = ); In Model 2 the intra-project learning is turned off5 based on the 
argument that opportunities for intra-project improvement actions in pre-development 
are less frequent and not easy. While the original model assumes that several active, low 

5  By setting αtk=∞, (t=1,…,6, k=1,2,3) improvement actions are completely discouraged.
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cost improvements early on in a R&D project are possible (all resulting in major performance 
enhancement at the end of the project) such wide availability of “low hanging fruit” 
opportunities in pre-development projects is rare, in our experience6. In contrast, learning 
opportunities between projects is normal and frequent. Therefore, we set pmax the same 
for all projects which implies that we account for learning by accumulating R&D expenses. 
Next, we show the impact of our approach with and without the intra-project learning 
options (improvements) turned on. After computing the results for Models 1 and 2 we 
will test the robustness of our results using extensive sensitivity analyses. An overview of 
these analyses and their manipulations is shown in Appendix A. We will first vary equal 
increases in project probabilities in a trajectory (Scenario 1), then differentiate premium 
profit margins (Scenario 2), manipulate the size of the learning effect (Scenario 3), and 
explore the sensitivity of outcomes to differences in a priori probabilities (Scenario 4). 
Scenarios 1 to 4 assume equal or higher uncertainty reduction for projects characterized 
by a low initial probability (Project A) compared to less risky projects (Project C) that are 
positioned at the end of trajectories. In other words we assume that risky projects have a 
higher learning potential to improve in uncertainty over time than less risky projects (e.g. a 
pmin = 0.3 has a cmax = 0.7, while a pmin = 0.7 has a cmax = 0.3). This is also in agreement with the 
s-curve theory. A less risky pre-development project (Project C) shows lower performance 
improvement and higher productivity as function of the development effort compared 
to a riskier pre-development project (Project A) as is schematically shown in Figure 2-1. 
In case of an equal uncertainty reduction the s-curve flattens out (Figure 2-2), but this 
scenario is less likely. In order to test the robustness of our findings we will also model the 
opposite effect i.e. a higher probability improvement for less risky project (Scenario 5).

The results for Models 1 and 2 are shown in Table 2-1. BCA denotes that one best starts 
with Project B, followed by Project C, and performing Project A last. The results of Model 
1 show substantial differences in trajectory values for the different project sequences. 
Although projects A, B, and C have equal individual project values, and no optimal first 
project could be determined a priori, trajectories starting with projects having a high 
probability pmin and low premium profit margin Mk (i.e. Project C) appear to be more 
attractive than those trajectories starting with projects with a low probability pmin

k and 
high premium profit margin Mk (i.e. Project A). It suggests that inter-project learning and 
discount rates account for substantial differences in the project values of trajectories. The 
maximum managerial flexibility (MF) value for Model 1, which is the difference between 
the highest and lowest project value alternatives, is 11.47, i.e. the difference between the 
most positive and negative trajectory values of sequences (∆[VCAB (46.41) − VABC (34.94)]).

6  Major positive impact of small active improvements made early in a project runs against practical 
experience, especially for the pre-development context we focus on. In pre-development projects opportunities 
for improvement do exist, but the costs for making such improvements are typically highly correlated with 
expected performance gains of the product developed.
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The results for Model 2 (without intra-project learning, i.e. with within project improvement 
options turned off) are more pronounced than for Model 17. Our findings show that there 
is again a substantial difference in trajectory values, i.e. when conducting projects in 
different sequences. The trajectory values now vary between +13.81 and -11.88 (i.e. VCAB 
and VABC). Consequently, the maximum managerial flexibility value that can be derived 
from ordering the projects increases to 25.69. While these results corroborate the findings 
of Model 1, the fact that the trajectory value can also become negative better matches 
the context of pre-development projects. Such projects are uncertain by nature and as 
a result their values are harder to predict and may involve substantial negative results 
too. So, project values of around zero would appear to be more realistic than the very 
positive trajectory values of Model 1. The latter are a direct consequence of steep intra-
project learning effects due to improvement possibilities ( 2tu = ). At the same time, the 

7  While for Model 1, the value of the real option value of the first project is positive, for all other models this 
value is negative. This is simply caused by our decision to use the original parameter settings of Huchzermeier 
and Loch (2001). By adjusting the example decreasing the initial investment from 50 to 20 positive values can be 
obtained. Hence, the negative values are simply caused by our decision to copy settings from Huchzermeier and 
Loch (2001) and extend their example.

Figure 2-1: A: Performance as a function of engineering effort showing an s-curve. B: R&D 
productivity as a function of engineering effort showing an inverted u-curve

Figure 2-2: A: Performance as a function of engineering effort showing a linear relationship. 
B: R&D productivity as a function of engineering effort showing a constant productivity
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managerial flexibility of Model 2 is higher than of Model 1, as denoted by the MF-values 
in Table 2-1.

2.3 Sensitivity analyses
Five scenarios are used to explore the robustness of our previous simulation findings, 
focusing on the more appropriate Model 2 without intra-project learning8. The five 
scenarios were developed by varying the value of several key variables. For an overview of 
these scenarios we refer the reader to Appendix A.

Scenario 1. First, we change the minimum probability pmin
k , allowing it to increase with an 

absolute value c to pmax
k = (pmin

k + c) for each project, instead of using an identical value 
pmax

k for all projects k. These probability settings imply that we have absolute learning 
rather than relative learning spillover effects between projects. Note that ‘relative’ refers to 
our baseline settings where we expect that the riskier projects (with low probabilities of 
success) have more scope for improving the probability of success in subsequent projects 

8  Although for Scenarios 1 through 5 we turned off the intra-project learning option, we performed several 
additional analyses to explore the impact of this decision. Results show that under these conditions the impact 
of inter-project learning on the decision to first perform a less risky and thus challenging project decrease but 
generally hold unless flexibility due to intra-project learning is high.

Table 2-1: Results Models 1 and 2

Value

Specific
Sequence

First
Project 

Second 
Project

Third 
Project 

Trajectory Trajectory  
rank†

Model 1

CBA 6.62 19.14 19.68 +45.44 2

CAB 6.62 24.85 14.94 +46.41 1

BCA 6.62 13.38 19.68 +39.68 4

BAC 6.62 24.85 10.18 +41.66 3

ABC 6.62 19.14 10.18 +35.95 5

ACB 6.62 13.38 14.94 +34.94 6

MF value 11.47

Model 2

CBA -21.68 9.65 23.11 +11.08 2

CAB -21.68 25.09 10.40 +13.81 1

BCA -21.68 -0.60 23.11 +0.83 4

BAC -21.68 25.09 1.99 +5.39 3

ABC -21.68 9.65 1.99 -10.04 5

ACB -21.68 -0.60 10.40 -11.88 6

MF-value 25.69

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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than the less riskier projects, i.e. the learning spillover is larger for riskier projects. All other 
parameters of Model 2 are kept the same. We select c = +0.3 (see Scenario 1 in Appendix A). 
The results are presented in Table 2-2 and show that trajectories again vary significantly in 
option values. Consistent with our baseline calculations trajectories starting with projects 
that are characterized by a high initial probability (pmin

k) and low premium profit margin 
(Mk) are more attractive to begin with, compared to trajectories starting with projects 
with low initial probabilities and high premium profit margins. These results strengthen 
our initial findings. The maximum MF value now is 10.77 (4.43 − -6.34). We conclude that 
the probabilities of success pmin

k and pmax
k are key drivers to identify the optimal project 

sequence.

Scenario 2. In the second scenario we explore the effects from differentiating the premium 
profit margin Mk. Specifically, we let the premium profit margin of the relatively risky 
Project A, i.e. MA, increase with 20% — thus making it more attractive (Scenario 2a). Next, 
we decrease the premium profit margin of the less risky Project C, i.e. MC with 20% — 
hence, making it less attractive (Scenario 2b). In the final subscenario (Scenario 2c) we 
simultaneously increase and decrease MA and MC with 20%, respectively. Appendix A 
shows the exact settings used for this scenario (see Scenarios 2a, 2b, and 2c). (The project 
value of Project A (VA) changes from -21.68 to -5.91 whereas the value for Project C (VC) 
changes from -21.68 to -37.80). Hence, based on individual project values Project A should 
be selected first and trajectories beginning with A might be anticipated to be favored a 
priori not accounting for inter-project learning effects.

The results of Scenario 2 appear in Table 2-3. They show the existence of substantial project 
value differences among the different trajectories across the three subscenarios. Again 
trajectories that begin with projects characterized by a high probability and low premium 

Table 2-2: Sensitivity analysis Scenario 1

Value

Specific
sequence

First 
Project 

Second 
Project 

Third 
Project

Trajectory Trajectory  
rank†

CBA -21.68 9.65 15.81 +3.78 2

CAB -21.68 15.71 10.40 +4.43 1

BCA -21.68 4.94 15.81 -0.93 4

BAC -21.68 15.71 6.23 +0.26 3

ABC -21.68 9.65 6.23 -5.80 5

ACB -21.68 4.94 10.40 -6.34 6

MF-value 10.77

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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profit margin (Project C) are found to be more attractive than trajectories that rely on first 
executing projects that are more risky, i.e. with low probabilities and high premium profit 
margin. These results further strengthen our original results. However, for Scenarios 2b 
and 2c we do note that the combination BAC moves up the ladder and becomes much 
more attractive. Interesting is, however, that even in the case of an extreme change as 
used in Scenario 2c, the most favorable project sequence remains CAB. So despite the 
manipulations, beginning with the less risky, less rewarding Project C remains first choice. 
Further, only minor changes in the rank order of the other sequences is found.

The maximum managerial flexibility value for the subscenarios ranges between 22.35 and 
27.21, and thus stays within a 6-13% range of the original managerial flexibility of Model 
2, which was 25.69 (see Table 2-1).

Table 2-3: Sensitivity analysis Scenario 2

Value

Specific
sequence

First 
Project

Second 
Project

Third 
Project

Trajectory Trajectory  
rank†

Scenario 2a

CBA -21.68 9.65 35.92 +23.89 2

CAB -21.68 43.09 10.40 +31.81 1

BCA -21.68 -0.60 35.92 +13.64 4

BAC -21.68 43.09 1.99 +23.40 3

ABC -5.19 9.65 1.99 +6.44 5

ACB -5.19 -0.60 10.40 +4.60 6

MF-value 27.21

Scenario 2b

CBA -37.80 9.65 23.11 -5.04 3

CAB -37.80 25.09 10.40 -2.31 1

BCA -21.68 -13.38 23.11 -11.95 4

BAC -21.68 25.09 -6.58 -3.17 2

ABC -21.68 9.65 -6.58 -18.61 5

ACB -21.68 -13.38 10.40 -24.66 6

MF-value 22.35

Scenario 2c

CBA -37.80 9.65 35.92 7.77 3

CAB -37.80 43.09 10.40 15.69 1

BCA -21.68 -13.38 35.92 0.86 4

BAC -21.68 43.09 -6.58 14.84 2

ABC -5.19 9.65 -6.58 -2.12 5

ACB -5.19 -13.38 10.40 -8.17 6

MF-value 23.86

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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Scenario 3. In the third scenario we explore the effects of varying the size of the inter-
project learning effect. We do this by changing the maximum probability. Instead of the 
initial setting of pmax

A = pmax
B = pmax

C= 0.8 we decrease and increase it with a fixed number 
c: (pmax

A = pmax
B = pmax

C = 0.8 − c) and (pmax
A = pmax

B = pmax
C = 0.8 + c) for subscenarios 3a and 

3b. The comparison of results will provide insight into what happens when more and less 
can be learnt from previously performed projects, respectively. Appendix A shows the 
alternative settings used in Scenario 3.

Our results for Scenario 3 are shown in Table 2-4 and show that an increase in learning 
effects leads to an increase in the project values of all trajectories. For instance, CAB’s 
trajectory value is -1.40 and 27.70 in Scenarios 3a and 3b, i.e. with less and more inter-
project learning respectively. These numbers should be compared with the original 
trajectory value of 13.81 of Model 2 (see Model 2, Table 2-1). At the same time also an 
increase in the managerial flexibility can be noted, from MF = 22.27 (Scenario 3a) to MF = 
28.96 (Scenario 3b). In other words, the value of a technology trajectory is enhanced by an 
increased learning effect among different technologically related R&D projects. Note that, 
compared with our earlier examples/scenarios, the optimal ranking does not change.

Table 2-4: Sensitivity analysis Scenario 3

Value

Specific
sequence

First 
Project

Second 
Project

Third 
Project

Trajectory Trajectory  
rank†

Scenario 3a

CBA -21.68 2.32 15.81 -3.55 2

CAB -21.68 15.71 4.57 -1.40 1

BCA -21.68 -6.56 15.81 -12.43 4

BAC -21.68 15.71 -2.87 -8.84 3

ABC -21.68 2.32 -2.87 -22.23 5

ACB -21.68 -6.56 4.57 -23.67 6

MF-value 22.27

Scenario 3b

CBA -21.68 16.50 29.46 24.28 2

CAB -21.68 33.90 15.48 27.70 1

BCA -21.68 4.94 29.46 12.72 4

BAC -21.68 33.90 6.23 18.46 3

ABC -21.68 16.50 6.23 1.05 5

ACB -21.68 4.94 15.48 -1.26 6

MF-value 28.96

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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Scenario 4. In the fourth scenario, we explore the impact of varying the a priori probabilities, 
i.e. pmin

k of our set of related R&D projects. The exercise is somewhat comparable to Scenario 
2 as it concerns manipulating the trade-off between risk and market profit. However, we 
now focus on the element of risk via manipulating the a priori probability. Specifically, we 
will lower and higher a priori probabilities pmin

k for Project A and simultaneously increase 
the probability for Project C in the following way: pmin

A − c and pmin
C + c , with c = 0.1 (see 

Appendix A, Scenario 4).

Our results again are in line with findings of prior scenarios; that is, clear differences in 
trajectory values among different sequences of projects exist (MF = 57.50). Sequences 
that begin with an easier and less profitable project again have the highest values. The 
differences in trajectory value, i.e. MF are more pronounced than for the first findings of 
Model 2 using the original settings (MF = 25.69, see Table 2-1). It implies that when the 
odds become more negative for the riskier (but highly profitable) Project A, and more 
positive for the less risky (and less rewarding) Project C, it becomes more rather than less 
important to perform the simple project first. It suggests that learning from projects with 
high a priori probabilities is particularly important, if the risk of challenging but rewarding 
projects increases. The learning from the simple project then will offer major benefit to 
the success development of a more difficult, subsequent project.

Scenario 5. All our previous scenarios assume an equal or higher absolute uncertainty 
reduction for projects characterized by a low initial probability (Project A) compared to 
less risky projects (Project C) that are positioned at the end of trajectories. In order to test 
the robustness of our finding we will model to opposite effect i.e. projects with a higher 
minimum probability will increase with a higher absolute value c to pmax. More specifically, 
in Scenarios 5a and b pmin

A < pmin
B < pmin

C while cA < cB < cC.

Table 2-5: Sensitivity analysis Scenario 4

Value

Specific
sequence

First 
Project

Second 
Project

Third 
Project

Trajectory Trajectory  
rank†

CBA -21.68 9.65 43.60 31.56 2

CAB -21.68 49.81 10.40 38.53 1

BCA -21.68 -7.69 43.60 14.23 4

BAC -21.68 49.81 -3.85 24.29 3

ABC -21.68 9.65 -3.85 -15.88 5

ACB -21.68 -7.69 10.40 -18.97 6

MF-value 57.50

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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In other words, we also test the extreme case or condition, i.e. technological development 
not using an s- but rather using an ‘inverted’ s-curve. Although we are unaware of any 
empirical cases fitting this growth path we include it as part of our robustness tests. 
The results of Scenario 5a in Table 2-6 show that trajectories that begin with projects 
characterized by a high probability and low premium profit margin (Project C) are still 
found to be most attractive to use. This outcome supports and strengthens our previous 
results. Scenario 5b presents an even more extreme case of the ‘inverted’ s-curve. Under 
these extreme conditions the project order does change suggesting that it is now more 
beneficial to begin the technology trajectory with a risky project (Scenario 5b in Table 2-6).

Empirical case
To further illustrate the approach and explore its usability in practice we applied it to an 
empirical case in the area of lighting. Several years ago Philips explored using switchable 
liquid-crystal optics technology for light beam shaping, considering the use of the 
technology in several applications (Hikmet and van Bommel, 2006). For automotive 
lighting anisotropic liquid crystal gels were preferred to allow for asymmetrically beam 
shaping, while for video flash application in plain switching liquid-crystal gradient-index 
lens option was though the best option, whereas double plain switching liquid-crystal 
gradient-index lenses or scattering polymer dispersed liquid-crystal elements were 

Table 2-6: Sensitivity analysis Scenario 5

Value

Specific
sequence

First 
Project

Second 
Project

Third 
Project

Trajectory Trajectory  
rank†

Scenario 5a

CBA -21.68 6.03 7.88 -7.77 1

CAB -21.68 6.06 7.56 -8.06 2

BCA -21.68 4.94 7.88 -8.85 3

BAC -21.68 6.06 6.23 -9.38 5

ABC -21.68 6.03 6.23 -9.42 6

ACB -21.68 4.94 7.56 -9.18 4

MF-value 1.65

Scenario 5b

CBA -21.68 9.65 7.88 -4.15 4

CAB -21.68 6.06 10.40 -5.22 5

BCA -21.68 9.89 7.88 -3.90 3

BAC -21.68 6.06 9.67 -5.94 6

ABC -21.68 9.65 9.67 -2.36 2

ACB -21.68 9.89 10.40 -1.39 1

MF-value 3.83

†: ordered based on value from high to low (1 is the highest value);
In italics: Trajectory with the highest value;
MF-value: Managerial Flexibility calculated as the difference in the highest and lowest trajectory values.
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thought most favorable for retail spotlight applications. These three applications all used 
the same underlying technology, i.e. liquid-crystal materials between two glass substrates, 
yet differed in electrode design and material composition. Philips first explored the 
automobile application but discontinued it. Then, it pursued the video flash alternative, 
but also abandoned this project. Both projects showed high potential revenue but were 
rather challenging in terms of technical performance. Finally, due to few remaining 
resources, Philips selected and developed the retail spotlight application. Although it had 
lower potential revenue compared to the previous projects, this less difficult project could 
be developed and commercialized.

Applying our approach to this case and using input from the original project we first 
estimated the required parameters and then ran our model. Results showed serious value 
differences depending on the sequence of the three projects. The analysis proofed that 
first investing in the simple retail spotlight project would have generate better results and 
a higher technology trajectory value.

While the case is limited and retrospective, it does show that both engineers and managers 
face difficulties in estimating technological challenges and market opportunities. In the 
process they tend to gravitate towards difficult and high return projects rather than low 
risk, low return ones. Moreover, potential learning effects between different projects are 
often not factored-in or even discounted. However, having considered the above R&D 
projects as part of a technology trajectory with possible learning spillover, could have 
resulted in better return on R&D investments made.

2.4 Conclusion and discussion
In this chapter we have modeled the decision to maximize value of a set of pre-
development R&D projects drawing on the same underlying technology. In the transition 
from basic research to development these projects are characterized by a moderate 
probability of success. We showed that accounting for technological interdependence 
resulted in substantial changes in trajectory value based on the sequence in which 
projects are executed. Specifically, we accounted for inter-project learning which is in line 
with compound option thinking. Drawing on the technology s-curve we accounted for 
learning by modeling an increase in the probabilities of success between the projects as 
the technology progresses. The learning spillover is a function of all project parameters 
and only occurs if project investments are made and thus a project is executed.

Accounting for inter-project learning we showed that the option value of technology 
trajectories varied, i.e. was dependent on the specific sequence of projects. More 
important, the value benefited from selecting less challenging project with a lower 
project value first and performing more difficult projects with higher project values later. 
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The reason is that learning is more likely to spillover from easier than difficult projects. 
This runs counter to current wisdom in real options R&D portfolio thinking which has 
not accounted for technology trajectories and learning and generally equates higher 
uncertainty with higher future profits.

The advice to select a less risky project first, applies to a set of (pre-development) projects 
characterized by a probability of success close to 0.5 and that follow a technology s-curve 
of technological progress. Even if intra-project learning was turned on the suggestion of 
first performing a less risky project applies. Only under extreme conditions (e.g. inverted 
s-curve) the conclusion changed. In Figure 2-3 we plot the value effects for Models 1 and 
2, i.e. for without and with intra-project improvement actions respectively. The conclusion 
is that all sequences have different managerial flexibility values and that, independent 
of Model 1 and 2 (intra-project turned on and off, respectively), a sequence starting with 
an easy project should be preferred. However, the difference in managerial flexibility 
between project sequences is less pronounced for Model 1. So, R&D managers should 
pay careful attention to technology learning and not gravitate towards too risky projects 
in pre-development.

Our sensitivity analysis (i.e. Scenarios 1 – 5) showed that our findings are robust. Even in 
cases of equal uncertainty reduction (i.e. identical learning potential) for pre-development 
projects with different probabilities our conclusion holds. Only in an extreme case or 
condition (e.g. inverted s-curve) one might select a riskier project first. Nevertheless, even 
in extreme cases our approach and real option thinking still improves the upside potential 
of technology trajectories.

The strategy of first picking a technologically more feasible option is consistent with 
the concept of affordable loss, which concerns investing in an opportunity without 
jeopardizing a firm’s or technology trajectory’s continuity. By factoring in both the risk 
of project failure and running out of resources, a technology manager can ensure a 
firm’s future despite short term loss. Using this approach a firm is more likely to be able 
to develop its new technological competence and establish and sustain its competitive 
advantage in the marketplace via a stream of new product applications based on the 
new technology. Although, in applied work, there have been examples of fewer options 
and less riskier projects providing the greatest value, we explain under which conditions 
this may occur using a real options approach which generally promotes more over less 
flexibility.

By stressing the potential of inter-project learning we point to the importance of not 
gambling all resources on a single difficult project (despite its potential returns). In doing 
so, we bridge the literatures of real options for R&D, technology management (e.g., 
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technology trajectories and capabilities) and entrepreneurship (e.g., affordable loss). We 
feel that many more opportunities exist to borrow ideas and pursue cross-fertilization 
between these literature strands. For instance, learning may also be applied to modeling 
dynamic R&D investment policies for several R&D projects in parallel, or reduction of 
uncertainty in market requirements of new product applications over time.

The implications of our study draw attention to R&D project management as part of a 
firm’s continuous need to develop technological capabilities in order to maintain a 
sustainable competitive advantage in the marketplace. It requires considering R&D 
projects as interdependent and as steps in pursuing a technology trajectory rather than as 
individual incidents and decisions. Particularly, in the case of adopting a new technology 
and selecting the first pre-development project from a set of alternatives this is important. 
Such a project plays a key role in turning the firm’s research investments (exploration 
efforts) into a viable stream of new products and their future business. It acts as “the first 
pin in a bowling alley”, and can open (or close) the avenue to exploitation of this new 
technology (Moore, 1999).

2.5 Limitations and implications
Before addressing the implications of our work, we point to some limitations.
First, we drew on the model by Huchzermeier and Loch (2001) for our model and parameter 
settings. Although this involves a well-accepted model, better and more complete models 
could be used. However, our aim was to demonstrate the impact of learning, and we are 
convinced that results would also apply for alternative baseline models.

Figure 2-3: Trajectory values of Model 1 and 2* for different project sequences

*: Model 2 is with improvement actions and thus intra-project learning turned off
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Second, we proof our point using a set of sensitivity analyses. Although we were careful 
to vary all dimensions and our results were robust, such analyses are always limited in 
scope. In addition, only a limited number of examples were included using a limited set of 
three projects. More complex calculations can be made with a larger number of projects. 
However, this will increase the computational burden obviously, and will require resorting 
to dynamic programming solutions.

Third, in our model the probability of success of a project improves if the project is executed 
later in the sequence and represents inter-project learning. However, our model does not 
differentiate in the level of learning between projects that had a success or a failure. The 
learning benefit from one project to another might be higher in case the earlier project is 
finished successfully. The model and calculations could be extended in this regard.

As mentioned, we presented a model to maximize value of a set of R&D projects that are 
related to a single but common underlying technology using Huchzermeier and Loch’s 
(2001) seminal work. Based on our results we developed some important guidelines to 
use R&D resources more effectively. It can help to resolve the issue of engineers generally 
underestimate a technological challenge and managers getting carried away with the 
potential revenues of an (unlikely) opportunity. By accounting for the differences in 
trajectory option values of alternative project sequences managers can both save money 
while at the same time increasing their firms’ ability to build new technological capabilities. 
It will result in better rents from R&D investments, which is important, particularly in these 
difficult economic times, but also because return on investments in R&D remain low.
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3.1 Introduction
To sustain their competitive position, firms invest in developing new technologies and 
their applications. They aim to do this quickly, but at the same time make the right choices 
regarding which technologies to develop and use for a particular new product application. 
To resolve this dilemma, they rely on developing technologies in parallel (e.g. Sommer et 
al., 2009; Sommer and Loch, 2004; Pich et al., 2002; Loch et al., 2001b), even though they 
can ultimately only market or use one in the product application.

Prior research on the benefits of running projects in parallel (e.g., Shibata, 2012; Kauffman 
and Li, 2005; Krishnan and Bhattacharya, 2002; Lint and Pennings, 2002; Childs and 
Triantis, 1999; Sobek et al., 1999) found it best to keep the options open for projects at 
the research stage, and consequently explore several technologies simultaneously for as 
long as possible (see Ward et al., 1995). In contrast, an early choice of technology and 
design freeze are preferable for projects at the development stage (e.g., Liker et al., 1996). 
However, these conclusions may be an artefact of how we look at firm innovation and 
dichotomize R&D projects in research (R) versus development (D) projects. Santiago and 
Vakili (2005), for example, identify projects with a probability of <0.5 as research projects 
and >0.5 as development projects. While useful for some purposes, this “tipping point” 
approach is clearly a simplification.

In many R&D intensive firms, the transition between research and development is referred 
to as predevelopment9 and considered a stage rather than a simple point (Langerak et 
al., 2004; Murphy and Kumar, 1996; Cooper, 1988). Lodged between basic research and 
product development, predevelopment’s objective is to improve and validate the results 
of fundamental research, and transfer the created functions and architectures to the 
development of a particular product, i.e. application (Van Bommel et al., 2014). More 
specifically, predevelopment involves the activities and decisions of selecting, from a 
subset of related technologies, the best alternative based on product performance and 
manufacturability criteria (Loch et al., 2001a). Predevelopment benefits from flexibility 
and often involves actively exploring related technologies in parallel. The predevelopment 
stage enables choices regarding types of material, component, architectural and/
or process technology and relies on interproject learning to speed up and improve 
the application’s product performance and thus value to the firm. Philips, for instance, 
contemplated proximity and remote phosphor solutions for creating white light from 
light emitting diodes (LEDs) and simultaneously pursued both technology options in the 
predevelopment of competing projects for new down-lighting applications (Hoelen et 
al., 2008). Insights from one project stimulated and helped the other and vice versa. The 
same approach was followed for backlighting of liquid crystal displays. Fluorescent and 
LED technology options were pursued in parallel (Sluyterman and Gielen, 2006). Here, 

9  Predevelopment is also known as advanced development.
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too, interproject learning occurred. Finally, the LED based solution was chosen and the 
other option abandoned. While the literature has begun to explore the best conditions 
for pursuing competing technologies in parallel (e.g., Eggers, 2015; 2014; 2012; Klingebiel 
and Adner, 2015; Klingebiel and Rammer, 2014; Shibata, 2012), neither the effectiveness 
of this approach for predevelopment nor the interproject learning effects identified above 
have been considered.

3.2 The focus of our study
The aim of this study is to evaluate the effectiveness of pursuing competing technologies 
in parallel projects in predevelopment. Focused on selecting the best option of related 
technologies, pursuing competing technologies in parallel projects relies on interproject 
learning to speed up development and the additional investment is used to benefit the 
application’s performance and market value. The challenge is, however, how to balance 
these important benefits against the additional costs involved. We address this issue 
systematically. Firstly, we draw on technology S-curve theory and relatedness to explain 
the learning opportunities in predevelopment. Secondly, we develop a real option model 
and then validate, using simulation, the usefulness of this strategy under predevelopment 
conditions, comparing it to research and development conditions, respectively.10 Thirdly, 
we carry out sensitivity analyses to explore how long and under what conditions a firm 
can use this approach. Finally, the results are related to an empirical case. The emphasis 
is on the benefits of learning spillovers from pursuing competing technologies in parallel 
projects at the predevelopment stage. We define learning spillover as the knowledge 
transferred between R&D projects (Van Bommel et al., 2014; Bartezzaghi et al., 1997). 
Learning arises from sharing information between project teams via knowledge brokers, 
shared resources, reports, presentations, emails and meetings about the technology, 
application and market (e.g., Birkinshaw, 2001). It typically happens when technologies 
are related, e.g. are based on a similar physical principle. This explains why new knowledge 
obtained in project A, can benefit the knowledge development in project B.

We contribute to the literature in two important ways. First, we extend the R&D and 
technology management research on developing competing technologies in parallel 
projects (e.g., Eggers, 2015; 2014; 2012; Klingebiel and Rammer, 2014; Klingebiel and Adner, 
2015; Shibata, 2012), by exploring the effectiveness of this approach in predevelopment. 
Moving beyond the ‘tipping point’ notion, we conceptualize predevelopment as a separate 
stage. We draw on the technology S-curve (e.g., Foster, 1986) and relatedness to propose 
that different learning opportunities exist in research, predevelopment and development. 
We show that the parallel project approach is indeed best suited to predevelopment 

10  In large R&D firms, research, predevelopment and development projects are conducted in different 
departments.
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because at this stage the focus is on related technologies and the opportunities for 
performance improvement are most beneficial.

Second, we add to the work on modelling learning effects using the real options approach 
(e.g., Van Bommel et al., 2014; Erat and Kavadias, 2008). Prior research has focused on 
intraproject learning (e.g., Santiago and Vakili, 2005; Huchzermeier and Loch, 2001) and 
generally assumed that each project developed had some remaining market value, 
i.e. would ultimately be commercialized (see Santiago, 2008). Conversely, we focus on 
interproject learning in parallel projects where only one technological solution, i.e. one 
version is chosen and used in an application that is marketed. The ultimate value of the 
alternative technology will be zero. We outline the issue using the real options approach 
put forward by Huchzermeier and Loch (2001) and adopt their parameter settings where 
possible. This enables a comparison with earlier findings (Van Bommel et al., 2014; 
Santiago, 2008; Rese and Baier, 2007; Santiago and Vakili, 2005; Santiago and Bifano, 
2005). By varying parameter settings (in particular for cost and interproject learning), we 
address some of the complexity of learning in new product development (Bartezzaghi et 
al., 1997) and explore the boundary conditions that are favourable and unfavourable for 
this parallel project approach.

The results provide a better understanding of the usefulness of parallel projects. 
The outcomes stress the benefits and high effectiveness of interproject learning in 
predevelopment through a comparison with similar projects run under research and 
development stage conditions.

We begin by elaborating on the predevelopment stage and conceptualizing interproject 
learning between competing projects (Section 3.3). We argue for a relationship with 
the technology S-curve concept and different opportunities to learn in research, 
predevelopment and development. Then, in Section 3.4, we develop our model and 
methodology. We present our results including the outcomes of sensitivity analyses 
(Section 3.5), and an empirical case to illustrate our approach (Section 3.6). After drawing 
conclusions (Section 3.7), we discuss the limitations and implications of our work (Section 
3.8).

3.3 Predevelopment, competing technologies, and learning opportunities
Defining predevelopment. Predevelopment is when new technology is transferred from the 
lab (research) to the business (development) by taking the first steps to transform it, either 
alone or in combination with other technologies, into a product application that can be 
manufactured (Van Bommel et al., 2014). It typically involves identifying the best suited 
option from a small set of technological options and aims to optimize the product’s market 
value and thus profits for the firm (Loch et al., 2001a). The set of technologies typically 
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involves versions or alternative interpretations of the same underlying technology (e.g. 
using proximity or remote phosphor technology), or are related through similarities in 
architecture or processes (e.g. using fluorescent or LED backlighting technology). Mostly 
a decision has to be made regarding a material or component for the desired product 
application.

Whereas research projects and development projects’ probabilities of success are <0.5 
and >0.5 (Santiago and Vakili, 2005), respectively, for predevelopment projects, this is 
approximately 0.5. Referring to the transition from research to development, this can 
be 0.5 +/- 0.2 (see also Van Bommel et al., 2014). While research is uncertain and risky, 
development is characterized by certainty and lower risk. Research requires seed money 
to explore unrelated technologies using trial-and-error (Chandy and Tellis, 1998), whereas 
development requires focus on exploiting intraproject learning (Santiago and Vakili, 
2005). In the intermediate stage of predevelopment, however, managers need to decide 
on alternative options for exploiting a new product application. It is beneficial to explore 
alternative paths or related technologies for the same application.

We can describe technology development and R&D progress using a technology S-curve 
perspective, which shows the evolution of a technology over time or as a function of the 
engineering effort, generally resembling an S or life cycle-like curve (Foster, 1986). The 
phenomenon suggests that a technology evolves from an initial phase of slow growth, 
through an intermediate phase of fast growth, to a final phase with a decline in growth 
(Sood and Tellis, 2005). However, Cebon et al. (2008) suggest that each product architecture 
can also have its own S-curve. Thus, performance improvement in a technology can be 
described with a composite of multiple S-curves, each showing progress in linkages or 
layouts and materials or parts within the same scientific principle (Sood et al., 2012; Sood 
and Tellis, 2011; 2005; Tellis, 2006; Bowden, 2004; Foster, 1986). Zif and McCarthy (1997) 
argue that the S-curve phenomenon exists in and can thus even be applied to individual 
R&D projects or an aggregate of several projects.

Based on the above, we assume an S-curve pattern within an R&D process. An R&D process 
consists roughly of a research, predevelopment and development stage. The notion of an 
S-curve for an R&D process suggests a relatively lower potential to increase the probability 
of success in the initial research and final development stages, and the highest potential 
to increase this probability in the intermediate, predevelopment stage (Van Bommel et 
al., 2014). This implies that the opportunities for learning within a project, but also across 
related projects performed in parallel, will be highest during predevelopment.

Prior research on competing technologies. There is a great amount of literature regarding 
(modelling) the effects of running R&D projects in parallel (e.g., Farrukh et al., 2009; 
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Schneider et al., 2008; Fredberg, 2007; Kauffman and Li, 2005; Lint and Pennings, 2002). 
Two contrasting views have emerged: one suggests keeping the options open as long as 
possible (Sobek et al., 1999; Ward et al., 1995). They argue that R&D success is increased 
by delaying decisions because this prevents path dependency and rework. The opposing 
view promotes early abandonment of the alternative project to prevent escalation of costs 
and depletion of resources (e.g., Ford and Sobek, 2005; Pich et al., 2002, p. 1009). The aim 
is to minimize development costs and improve time-to-market or product performance 
by focusing on a single technology if there is one dominating technology (e.g., Childs and 
Triantis, 1999; Liker et al., 1996).

Recent research has begun to identify contingencies regarding the usefulness of parallelized 
execution of R&D projects. For example, Sommer et al. (2009), Sommer and Loch (2004), 
Pich et al. (2002), and Loch et al. (2001b) studied the moderating role of uncertainty and 
complexity of the project, whereas McGrath and Nerkar (2004) explored the contingency 
effect of a firm’s competition level. Klingebiel and Rammer (2014) analysed empirically 
the conditions whereby pursuing parallel projects makes sense and showed that the 
parallel project approach is most beneficial for novel products and ambitious innovators. 
Klingebiel and Adner (2015) tested various resource allocation strategies, but found no 
performance difference between having one highly committed project and several low 
commitment projects in parallel. In addition, recent research focused on learning effects 
as a result of investments in competing technologies (Eggers, 2012, 2014, 2015; Lee et al., 
2009). These studies show, based on data from the display industry, that firms can recover 
or even benefit from wrong technology choices or initial technology failure. They benefit 
by having the option of “switching to the winning technology” and “the ability to transfer 
useful learning from the losing technology” (Eggers, 2014, p. 159 and 174).

The role of intra- and interproject learning. Based on the above, it is clear that running projects 
in parallel at the predevelopment stage can be useful. The additional knowledge acquired 
may stimulate learning and enable decision-makers to choose the best technology option. 
This helps to mitigate the risks involved in developing new technology and enhances the 
project’s market value.

Two types of learning are involved: intra- and interproject learning. The first refers to 
learning in a project by furthering a particular technology for an application. This means 
ironing out kinks in a technology by experimenting with it to develop the application 
(Schneider et al., 2008). This learning is what researchers normally try to model using 
real options (Huchzermeier and Loch, 2001). The second type is learning by exploring 
simultaneously two (or more) different projects so that two competing technologies for 
the same application are developed in parallel. This involves knowledge spillovers. If the 
relatedness of the technologies is high, it is more likely that the knowledge created in 
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one project can be used in the other and vice versa. In predevelopment, parallel projects 
typically involve related technologies. The crucial factor, however, is how long to pursue 
both projects together, because only one alternative will be used in the firm’s product 
application, while the other will become obsolete. This factor involves learning spillover, 
cost, and possibly certainty about one option’s superiority over its alternative.

We focus on interproject learning and account for it by modelling an increase in the 
probabilities of success (or a decline in market requirement variabilities) between parallel 
projects pursuing competing technologies. Modelling the consequences of learning 
by uncertainty reduction through probability updating is consistent with Loch et al., 
(2001b) and Van Bommel et al. (2014). They modelled the value of different sequences 
of technological interdependent R&D projects and concluded that by accounting for 
interproject learning, different sequences have varying trajectory values. Prior research 
assumes no or equal learning spillovers in the different stages of R&D (see Figure 3-1a), 
suggesting that the effectiveness of parallel strategies declines (Figure 3-1b). Explicitly 
factoring in interproject learning can achieve a more nuanced perspective. Based on 
technology S-curve and relatedness, we can assume higher learning spillovers between 
parallel projects pursuing competing technologies under predevelopment (i.e. p=0.5 
+/- 0.2) than research (<0.5) and development (>0.5) conditions (see Figure 3-1c). This 
assumption raises several questions, namely: what is the impact on the effectiveness 

Figure 3-1: Relative interproject learning effects and the effectiveness of pursuing 
competing technologies in parallel projects in research (R), predevelopment (PD) and 
development (D)
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of parallel strategies; how are costs and benefits played out? Does it just lead to more 
positive project returns (Figure 3-1d)? Or can it even achieve more positive results in 
predevelopment than in research and development (Figure 3-1e)?

3.4 Model and methodology
Next, we develop a conceptual model to evaluate the effectiveness of pursuing competing 
technologies in parallel projects. We focus on a situation with two (related) projects aimed 
at developing the same product application. The individual project values are determined 
using the real option model developed by Huchzermeier and Loch (2001) (For more 
information on real options, see Amram and Kulatilaka, 1999; Trigeorgis, 1997, 1996; Dixit 
and Pindyck, 1994). This model is extended by accounting for the higher development costs 
and benefits of interproject learning when projects are conducted in parallel. We compare 
the outcomes of this strategy for predevelopment with research and development stage 
settings as well as with a single project strategy. We first develop assumptions regarding 
the individual projects and then regarding relatedness and learning.

Similar to Van Bommel et al. (2014), Santiago (2008), Santiago and Vakili (2005), and 
Santiago and Bifano (2005), we cast each individual project in the framework described 
by Huchzermeier and Loch (2001). Each single project has a fixed lead time, with decision 
moments at regular intervals when management can decide whether and how to 
proceed by choosing one of three options: abandon, continue or improve. Abandonment 
represents termination of the project, incurring no further costs and revenues. The option 
to continue involves continuation costs. The model allows for intraproject learning 
through improvement steps within a project. It shifts the transition probabilities upwards 
and includes improvement costs as well as continuation costs (see Huchzermeier and 
Loch, 2001, p. 90, specifically Fig. 2).

Each project has its own specific project and market characteristics. These include product 
performance, project budgets and project schedules, as well as market payoffs and market 
requirements. We assume the value of a single project to be a function of its underlying 
technology state tX  and time t (Van Bommel et al., 2014). The technology state tX  then 
evolves over time t in our multistage decision model as follows:

The random variable tω  is based on a binomial distribution with probability of success 
( )kp t and depends on the model setting k and time, indicated by t=1,…,T. The control 

variable tu  reflects the decisions a manager can make when developing a single project.

1
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Further settings are adopted entirely from Huchzermeier and Loch (2001) and Van 
Bommel et al. (2014). We assume that the technology Xt of a single project relates to 
performance and needs to reach a minimum required level of technical performance Dk 
before the new product can be commercialized. If the technology reaches the minimum 
required level of technical performance Dk, it yields a premium profit margin Mk. If Xt does 
not reach the minimum required level of technical performance Dk, the profit margin 
will be lower, thus mk < Mk. The performance requirement variable Dk is assumed to be 
random, with a normal distribution of mean µ(Dk) and variance σ2(Dk). Each project incurs 
a start-up investment cost Ik

0. In summary, the parameters of each project k are denoted 
by: (i) the individual project time Tk, (ii) the distribution of the required level of technical 
performance Dk, its mean µ(Dk) and variance σ2(Dk), (iii) the minimum profit margin mk 
and the maximum profit margin Mk, and (iv) the initial investment cost I0

k. The parameter 
Nk, which represents the number of branches in the tree for Xt, is set at Nk =1 for all 
model settings k. The continuation and improvement costs are denoted by Ctk and tkα
, respectively. The time value of money is taken into account by the discount rate r. The 
structural parameters described above are captured in a set kθ  and reflect cost, market 
requirements and market payoff.

The value function for a particular model setting k, denoted by ( ), ,k t kV X t θ , shows the 
dependence of model setting k on the technology state, time, and the set of structural 
parameters kθ . The value function11 can be denoted as:

 (1)

and for kt T=

  (2)

In the final period ( kt T= ) the project value is determined by the anticipated profit, which 
can be calculated using the Huchzermeier and Loch (2001) model. The expected payoff of 
model setting k, the function kΠ , is denoted as:

( ) ( )( )
k kk T k T k kX m X M mΠ = +Φ − ,  (3)

11  The dependence of the value function on the parameter set θk is not shown for notational reasons.
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( )kTXΦ  is the cumulative normal distribution function which has a mean ( )kDµ  and a 
variance 2 ( )kDσ , evaluated at the end of the model setting k (t=Tk). The value functions 
have a recursive structure and require backward evaluation.

Before we can model the trade-offs between costs and benefits arising from competing 
projects, we first must further specify the settings for the relatedness in technology and 
thus for potential learning between the two projects. Supposing we have two individual 
projects, denoted with the letters A and B, that have stand-alone values VA (X0, 0, θA) and VB 
(X0, 0, θB), respectively. The individual project values can be calculated using Huchzermeier 
and Loch’s method (2001). As both projects A and B are targeting the same product 
application, with a different but related technology, we model the parallel development 
of projects A and B as outlined by Huchzermeier and Loch (2001). However, in order to 
represent the learning effect of two simultaneous projects, we incorporate a time-varying 
probability of success. We assume that the probability of success that both projects aim to 
develop, benefits from the continuation of both projects; that is to say there is an increase 
in the probability of success. This stops when the competing project is discontinued; in 
other words, the probability of success drops when one of the two projects is stopped.12 
Likewise, the parameter settings regarding costs are adapted so that the continuation 
costs double when two projects are conducted. For Project A, we explore different periods 
of abandonment (Tk = 6) and no project payoff is anticipated as only Project B is assumed 
to be completed and brought to market, resulting in a payoff for Project B. The cost of 
developing Project A will be charged to Project B. Consequently, there is a trade-off 
between higher costs and increasing the probability of success.

If we extend the notation of a project’s values with the time of stopping either project A 
or B denoted by τ, and with the probabilities of success before and after stopping times 
p-

 and p+ and continuation costs C- and C+, the total project value for which one project (A 
or B) stops at time τ, can be written as VAB (X0, 0, τ, C-, C+, p-, p+).

The problem we face is optimization: determining the optimal period to run both projects 
simultaneously in the research, predevelopment and development stages. The probability 
of success pk(j) is set at 0.5 for predevelopment projects. In contrast, the probabilities of 
success for R and D projects are set at 0.3 and 0.7, respectively (see Santiago and Vakili, 2005). 
Taking into account these probabilities, the corresponding market values are calibrated in 
such a way that all projects have identical values. The learning spillover is factored in by 
increasing the probability of success e.g. +0.2. We apply dynamic programming and use 
MATLAB for the calculations. The optimization is done using total project value for the final 
application and accounting for higher costs versus the benefits of interproject learning. 
Abandoning the second project early implies minimum additional development costs, but 

12  A time-varying market requirement variability can be also used. See Scenario 3 in Section 3.5. 
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also a minimum additional value due to learning. Stopping the second project at the end 
of the lead time, implies almost doubling the development costs, but also maximizing the 
overall value through learning. The total project value for the application is derived from 
the contribution and costs of pursuing the two projects in parallel and comparing the total 
project value (at the different time) to the total value of the application developed using 
a single project/technology strategy. If the total project value of the parallel development 
option is higher than the single technology development option i.e. the baseline, it is 
financially beneficial to pursue two projects.

3.5 Results
Using the model and methodology introduced above, we explore four scenarios. Scenario 
1 compares the effectiveness of pursuing competing technologies in two parallel projects 
in the predevelopment stage to the (i) research and (ii) development stages. We report 
the results for Scenarios 1.1 and 1.2, where Scenario 1.1 refers to a parameter setting 
assuming equal learning spillovers in all three stages, while Scenario 1.2 refers to our 
manipulation involving higher learning spillovers under predevelopment conditions. 
Scenario 1.1 reflects what the literature has argued thus far and acts as benchmark for 
Scenario 1.2, which indicates the results under the assumptions that an S-curve exists 
within an R&D process and a high level of relatedness with predevelopment projects. 
To test the robustness of the Scenario 1 findings, we perform sensitivity analyses. In 
Scenarios 2 and 3, we study the effect of interproject learning on the total project value 
by manipulating the probabilities of success and market requirement variabilities. In 
these two scenarios, we explore the sensitivity by manipulating the extent of the learning 
effects. Scenario 4 extends the sensitivity analysis by modelling the parallel development 
of three competing projects. We discuss the scenarios and their parameter settings in 
detail below and Appendix B shows a systematic overview of these scenarios and their 
manipulations. Finally, the results are related to an empirical case.

Scenario 1.1: To compare pursuing competing technologies in two parallel projects 
in research, predevelopment and development, we vary the probability of success. 
Specifically, we set the probability of success of Project B1 at pmin

B1 = 0.3 (Scenario 1.1a), 
Project B2 at pmin

B2 = 0.5 (Scenario 1.1b), and Project B3 at pmin
B3 = 0.7 (Scenario 1.1c), 

to represent a research, predevelopment and development project, respectively. The 
learning spillover is factored in by increasing the probability of success. In Scenario 1.1, 
we evaluate the effectiveness of parallel technology development projects, setting the 
learning spillover for all three stages equal, i.e. +0.2. This means that we set the maximum 
probability of success of Project B1 at pmin

B1 = 0.5 (Scenario 1.1a), Project B2 at pmin
B2 = 0.7 

(Scenario 1.1b), and Project B3 at pmin
B3 = 0.9 (Scenario 1.1c). Note that the initial values of 

Project B2 are set to completely mimic those used by Huchzermeier and Loch (2001, p.96, 
Figure 8). That is why Project B2’s setting is (MB = 280, m = 0)(pB = 0.5, N = 1). Taking into 
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account these probabilities of success, we calibrate the corresponding market values MB1 
and MB3 using “reverse engineering”, so that all the projects have identical project values. 
Thus, projects B1 and B3 settings are (MB1 = 334.72, m = 0)(pA = 0.3, N = 1) and (MB3 = 
233.02, m = 0)(pC = 0.7, N = 1), respectively. The other parameters are the same for all 
projects, similar to those presented by Huchzermeier and Loch (2001): (µ = 0, σ = 3); (C5k 
= 50, α5k = 45); (C4k = 20, α4k = 35); (C3k = 8, α3k = 30); (C2k = 4, α2k = 25); (C1k = 2, α1k = 20); 
(C0k = 1, α0k = 6). For both projects we use a discount rate r = 0.08. As project infrastructure 
(e.g. testing facilities) can be shared between projects (Childs and Triantis, 1999), the 
investment costs of I = 50 are deducted only once (as in Huchzermeier and Loch, 2001) i.e. 
(I0

K = 50, r = 0.08). Because of the aforementioned calibration of market values, research 
Project B1 has a higher anticipated market value MB1 while development Project B3 has a 
lower expected market value MB3.

Figure 3-2a shows the findings for Scenarios 1.1a to 1.1c. They confirm substantial total 
project value differences in the various scenarios but also that a firm can gain considerable 
benefits from interproject learning. All the Scenarios 1.1a-c show an increase in total project 
value as long as Project A is abandoned before breaking through the benchmark line 
(the line representing the development of only one single project). The curves show that 

Figure 3-2a: Results for Scenarios 1.1a to 1.1c showing the total project value for different 
periods of abandoning competing Project A, using a 0.3 probability of success (Scenario 
1.1a), a 0.5 probability (Scenario 1.1b) and a 0.7 probability (Scenario 1.1c) with an equal 
increase in 0.2 probability of success during parallel development. (The benchmark value 
represents the project value of single project development.)
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running Project A in parallel for half of the anticipated project duration results in maximum 
total project value. The research project (Scenario 1.1a) benefits more from interproject 
learning than the predevelopment project (Scenario 1.1b), and the predevelopment 
project (Scenario 1.1b) benefits more from interproject learning than the development 
project (Scenario 1.1c). The results confirm findings from prior literature, suggesting that 
the effectiveness of parallel strategies decreases if the interproject learning effects are 
equal in research, predevelopment and development.

Scenario 1.2: Based on our discussion of technology S-curves, we assume a higher 
potential for predevelopment projects to increase their probability of success compared 
to research and development projects. We also assume a higher level of relatedness of 
predevelopment projects (technology and application wise), compared to research and 
development projects. This positively influences the potential for interproject learning 
and thus spillover. Therefore, we assume a higher learning potential, and thus increase in 
probability of success, for predevelopment rather than research or development projects. 
Thus, we set the maximum probability of success of simultaneously developed competing 
Project B1 at pmax

B1 = 0.4 (Scenario 1.2a), Project B2 at pmax
B2 = 0.7 (Scenario 1.2b), and 

Project B3 at pmax
B3 = 0.8 (Scenario 1.2c) (due to learning, an increase in probability of  

Figure 3-2b: Results for Scenarios 1.2a to 1.2c showing the total project value for different 
periods of abandoning competing Project A, using an increase from 0.3 to 0.4 probability of 
success (Scenario 1.2a), an increase from 0.5 to 0.7 (Scenario 1.2b) and an increase from 0.7 
to 0.8 (Scenario 1.2c). (The benchmark value represents the project value of single project 
development.)
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+0.1 , +0.2 and +0.1 , respectively). All the other parameters are similar to those presented 
in Scenarios 1.1a to 1.1c.

Figure 3-2b shows the results of the manipulations in Scenarios 1.2a to 1.2c. We see a more 
positive effect on the total project value for the predevelopment project (Scenario 1.2b) than 
the research (Scenario 1.2a) and development project (Scenario 1.2c). The threshold value, 
where the cost of learning surpasses the benefits (i.e. compared to developing a single 
technology, see Figure 3-2b, the straight line), shifts to the right for predevelopment 
projects, to reach a maximum at halfway to two-thirds of the project duration. For the 
research project, this point is at one-third of the project duration, whereas in development 
there is almost no benefit from pursuing competing technologies in parallel projects. The 
results of Scenario 1.2 show that, compared to Scenario 1.1, the relative effectiveness 
does change if we consider predevelopment as a separate stage with a higher learning 
potential than the research and development stages. When moving from research to 
development, the effectiveness of pursuing competing technologies in parallel projects 
first increases and then decreases. Thus, we find that a subtly higher learning spillover 
effect in predevelopment does change the optimum, suggesting it is more beneficial to 
pursue competing technologies in parallel projects in predevelopment than in research 
and development conditions.

Scenario 2: In order to test the robustness of our findings, we make additional manipulations. 
For example, in the second scenario, we explore the effects of the interproject learning 
level on the total project value by increasing the probabilities of success for the period 
the competing projects run in parallel. Consistent with our focus on predevelopment, we 
use around a 0.5 probability of success for the completed Project B.13 Based on the above, 
projects A and B can be described as follows: Project A (MA = 280, m = 0); (µ = 0, σ = 3); (pmin

A 
= 0.5, N = 1); and Project B (MB = 280, m = 0); (µ = 0, σ = 3); (pmin

B = 0.5, N = 1) with (c5 = 50, 
α5 = 45); (c4= 20, α4 = 35); (c3= 8, α3 = 30); (c2= 4, α2 = 25); (c1= 2, α1 = 20); (c0= 1, α0 = 6); (I0

K = 
50, r = 0.08). The learning spillover is factored in by increasing the probability of success. 
We set the maximum probabilities of success pmax

B for Scenarios 2a, 2b, 2c and 2d at 0.5, 
0.6, 0.7 and 0.8, respectively.

Figure 3-3 depicts the results for Scenarios 2a to 2d. The curve shows the level of total 
project value for different periods of abandoning Project A (thus running parallel Project 
A for just one or multiple periods). The benchmark of developing only one single project 
is also shown (see Figure 3-3, the straight line; calculated according to Huchzermeier and 
Loch, 2001). The total project value slowly decreases in cases where there is no interproject 
learning (Scenario 2a) or, first increases and then decreases in cases of interproject 

13  Note that the individual values of Projects A and B in Scenario 2 are similar to those presented by Huchzermeier 
and Loch (2001).
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learning (Scenarios 2b-2d). This implies that despite higher investment in pursuing 
competing technologies in parallel projects, learning spillovers can compensate for the 
additional costs involved and increase total project value. The results show that even for 
projects with limited interproject learning (e.g. probability of success increases +0.1 or 
+0.2 as shown in Figure 3-3 Scenarios 2b and 2c, respectively), it is worthwhile to pursue 
competing technologies in parallel projects. An increase in total project value (compared 
to the benchmark of developing only one single project) indicates where the level of 
interproject learning compares favorably to the cost incurred. The parallel option is best 
abandoned at the maximum of the curve and thus halfway through the project’s duration, 
approximately after three periods (in Scenarios 2c and 2d). The benefits of interproject 
learning on the total project value are higher if technologies are related and projects have 
a high potential to increase their probability of success.

Scenario 3: In the third scenario, we assume that developing one or more competing 
projects in parallel will reduce market uncertainty through learning spillovers. The extra 
technological investments mitigate risk and increase market success by reducing the 
market requirement variability representing learning spillover. We model this by making 
the market requirement variability of the product application dependent on the number 

Figure 3-3: Results of Scenarios 2a to 2d showing the evolution of the total project value 
for different periods of abandoning competing Project A, using a minimum probability of 
success of 0.5 (Scenario 2a), and varying the probability of success from 0.5 to 0.6 (Scenario 
2b), from 0.5 to 0.7 (Scenario 2c) and from 0.5 to 0.8 (Scenario 2d). (The benchmark value 
represents the project value of single project development.)
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of projects developed in parallel for the same product application. While the basic settings 
are similar to Scenario 2: Project A (MA = 280, m = 0); (µ = 0, σmax

A = 3); (pA = 0.5, N = 1); and 
Project B (MB = 280, m = 0); (µ = 0, σmax

B = 3); (pB = 0.5, N = 1) with (c5 = 50, α5 = 45); (c4= 20, 
α4 = 35); (c3= 8, α3 = 30); (c2= 4, α2 = 25); (c1= 2, α1 = 20); (c0= 1, α0 = 6); discount rates r = 0.08 
and an initial investment cost of I = 50, the market requirement variability σmax

B lowers 
gradually from standard deviation 3 (no interproject learning, see Scenario 3a) to σmin

B = 
0.5 using steps of 0.5 as reflected in Scenarios 3b to 3f.

Figure 3-4 depicts the results for Scenarios 3a to 3f. The figure shows the total project value 
as a function of the period when Project A is abandoned and the horizontal benchmark 
of total value outcomes for developing a single project (see Figure 3-4, the straight line). 
Again we find interproject learning is of considerable benefit to the total project value. A 
limited reduction in market uncertainty (i.e. Scenario 3b) enhances total project value up to 
one-third of the project duration. Higher levels of learning spillover (e.g. Scenarios 3c and 3d) 
result in a further increase followed by a decrease in total project value, shifting the threshold 
value (where the cost of learning surpasses the benefits) to the right, to approximately 
halfway through the project. The most positive effect occurs for projects where the 
spillover is highest. Then the second project may almost be continued until the end of 

Figure 3-4: Results of Scenarios 3a to 3f showing the evolution of the total project value 
for different periods of abandoning competing Project A, using a maximum market 
requirement variability of 3 (Scenario 3a), and varying the market requirement variability 
(Dsig) from 3 to 0.5 in steps of 0.5 as shown in Scenarios 3b to 3f. (The benchmark value 
represents the project value of single project development.)
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the project duration (see Scenarios 3e and 3f ). However, such a high reduction in market 
uncertainty may be rare in predevelopment.

Scenario 4: In order to further test the robustness of our findings, we make the following 
manipulations.14 In Scenario 4, we explore the effects of interproject learning level 
on the total project value by modelling the parallel development of three competing 
technologies and comparing this with pursuing a single technology and two competing 
technologies in parallel. While the basic settings are similar to Scenario 2, we include 
alongside pursuing a single project and two competing technologies in parallel (Scenario 
4a), also the parallel development of three technologies (Scenario 4b). Thus: Project A (MA 
= 280, m = 0); (µ = 0, σmax

A = 3); (pA = 0.5, N = 1); and Project B (MB = 280, m = 0); (µ = 0, σmax
B 

= 3); (pB = 0.5, N = 1); and Project C (MB = 280, m = 0); (µ = 0, σmax
B = 3); (pB = 0.5, N = 1) with 

(c5 = 50, α5 = 45); (c4 = 20, α4 = 35); (c3= 8, α3 = 30); (c2= 4, α2 = 25); (c1= 2, α1 = 20); (c0= 1, α0 
= 6); discount rates r = 0.08 and an initial investment cost of I = 50. Consistent with our 
focus on predevelopment, we use a 0.5 probability of success of the completed Project B. 

14  We perform additional analyses, manipulating the probabilities of success and market requirement 
variabilities under research and development conditions, that is to say projects with a 0.3 and 0.7 probability of 
success. The results confirm our conclusions under these conditions.

Figure 3-5: Results of Scenarios 4a to 4b showing the evolution of the total project value 
for different periods of abandoning competing Project A, varying the probability of success 
from 0.5 to 0.7 (Scenarios 4a and 4b). Scenarios 4a and 4b show the parallel development of 
two and three technologies, respectively. (The benchmark value represents the project value 
of single project development.)
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For Projects A and C, we explore different periods of abandonment (Tk = 6) and no project 
payoff is anticipated as only Project B is assumed to be complete and brought to market, 
resulting in payoff for Project B. The development costs of Projects A and C will be charged 
to Project B. The learning spillover is factored in by increasing the probability of success. 
We set the maximum probabilities of success pmax

B for both Scenarios 4a and 4b at 0.7.

Figure 3-5 shows the results of Scenarios 4a to 4b. The curve shows the level of total 
project value for different periods of abandoning Projects A and C. The benchmark of 
developing only one single project is also shown (see benchmark Figure 3-5, the straight 
line). The total project value first increases and then decreases where two technologies 
are developed in parallel (Scenario 4a), or slowly increases and then decreases in cases of 
parallel development of three technologies (Scenario 4b). Thus the parallel development 
of three technologies is also possible, but the marginal benefits of pursuing additional 
options will decline rapidly.

3.6 Empirical case study
Objective and setting. To support our simulation results, we collected additional, 
empirical case information from R&D projects at a Dutch multinational in the electronics 
industry. The company spends about 8% of its revenue on R&D. Our objectives were: (i) 
to demonstrate that R&D managers indeed pursue competing technologies in parallel 
projects to actively stimulate learning spillover during predevelopment, (ii) to verify the 
validity of the parameter settings we used in our simulations, (iii) to provide empirical 
evidence that this approach is more feasible in the predevelopment rather than in the 
research stage.

Method. Together with an insider, we identified two research and two predevelopment 
projects pursuing competing technologies in parallel. The project leaders were our key 
informants and on request, all agreed to participate. The data was collected using a survey 
instrument with semi open questions in the presence of an interviewer.

The survey instrument (see Appendix C) was first drafted and then reviewed by a 
company R&D expert. Semi open questions enabled quick analysis of the data and gave 
the respondents the opportunity to comment and provide more details on each question. 
The instrument included qualification questions to verify that projects met the research 
requirements and the structure to validate our parameter settings and results. The 
qualification questions established that these were indeed research and predevelopment 
projects, involving the parallel development of substitute technologies. We also assessed 
the application readiness of the technologies by measuring to what extent the application 
had been defined at the beginning of the project. This helped us to calibrate the difference 
between research and predevelopment projects or stages.
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To define our structure, we developed and applied simple measurements: For the 
relatedness between the technologies in each project, we used a single item 5-point 
scale ranging from very low (=1) to very high (=5). Higher relatedness should enable 
more interproject learning. The management’s objective to achieve learning spillover 
was measured using a single item 5-point scale ranging from completely disagree (=1) 
to completely agree (=5). We measured the level of learning spillover with two factors, 
referring to the actual knowledge and learning transfer achieved, using a 5-point scale 
for each, ranging from (almost) none (=1) to high (=5). We observed the time when one of 
the two technologies was abandoned on a single item 4-point scale. If learning was not 
the objective, we could assume direct abandonment as soon as it was apparent that one 
technology proved superior (=1). However, if learning was important, the process could 
be continued even beyond this point (=2 or =3), or till the budget was spent (=4).

The data was analyzed using simple descriptives, by computing average scores for the 
research and predevelopment projects, and by accounting for the respondents’ additional 
comments.

Empirical results. Table 3-1 shows the results of the qualitative research. First, projects in 
predevelopment involve the parallel development of related ( x = 4) rather than unrelated 
technologies as at the research stage ( x = 1.5). Furthermore, at the predevelopment 
stage, the technology is developed with a specific application in mind ( x = 5). In contrast, 
although the application focus for the research projects was fixed, a final decision still had 
to be made ( x = 3). This illustrates the more applied nature of predevelopment compared 
to research projects.

Table 3-1: Results of the empirical case. (For scales, see Appendix C.)

R&D stage of parallel projects

Constructs Research* Predevelopment*

Application readiness:
Definition of application 3 5

Technology relatedness:
Relatedness of technologies 1.5 4

Learning spillover: 
Intention to create learning spillover (by sharing results) 2 3.5

Level of learning spillover between the two projects 1.5 4

Level of knowledge transfer between the projects 2 3.5

Abandonment:
Time of abandonment of first project 4 2

*: Number of cases: each 2; displayed values are averages
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Moving to interproject learning, the results confirm that the learning objective was low for 
the research projects ( x = 2) and substantially higher ( x = 3.5) for the predevelopment 
projects. In line with these objectives, the results also show that the actual learning 
effects are higher for predevelopment than for research projects, x = 3.5 versus 2 
for knowledge transfer; and x = 4 versus 1.5 for learning spillover. Finally, while the 
competing predevelopment project was terminated sometime after one technology 
proved to be superior ( x = 2), the research projects were typically continued till the end, 
that is to say, till the budget was exhausted ( x = 4). The reason for continuing technology 
development in research, even of inferior technology, is the aim to explore. At the 
research stage, management simply follows the pathways it has selected and funds it has 
allocated; it does not recall or question these decisions given their exploratory nature. The 
continuation in the case of predevelopment is because learning can still take place even 
when one solution is performing less well. In addition, the superiority of one solution is 
rarely immediately clear.

The empirical results confirm our views; the simulation settings we used for the relatedness 
between technologies and opportunities for learning appear indeed to be highest during 
predevelopment. The results also confirm that predevelopment aims to create learning 
spillovers, whereas this is not (or less) the case at the research stage. Furthermore, the 
importance of continuing projects beyond the moment superiority has been established, 
also supports our viewpoint. In research, a less successful alternative project was only 
abandoned after the budget was all spent, or was even continued in a project focusing on 
another product application. In predevelopment, the alternative project was abandoned 
sometime after it became apparent that one technology was superior. This is because in 
research, parallel projects strive for exploration in general, while predevelopment aims 
to select the best option for applying a technology in product and interproject learning.

3.7 Conclusion and discussion
Running parallel projects in research and development has drawn much research attention 
and is well understood. However, this research strand has not focused on predevelopment 
and its peculiarities. Lodged between research and development, parallel projects in 
predevelopment might be expected to be less valuable than in research and more than 
in the development stage. However, by accounting for the fact that parallel development 
in predevelopment involves projects with related technologies and thus high learning 
opportunities, we show that this conclusion is incorrect and should be revisited.

Based on practices in technology driven firms, we recognize and define predevelopment 
as an important R&D stage. Accordingly, we define predevelopment as the stage when 
projects have a 0.5 +/- 0.2 probability of success. Predevelopment aims to take the 
technology output from research and prepare it for development by selecting from 
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remaining options the best competing technology for the job, i.e. the application and 
its production. Predevelopment projects typically have moderate success rates and high 
potential for improvement.

Thanks to the focus on selecting the best option from a set of two related technologies, 
the potential for learning spillover is high when running projects in parallel. Although 
only one variant of the technology will be selected and brought to market, our results 
show that the benefits of this learning spillover do exceed the additional costs involved, 
at least if the parallel project is terminated on time. This corroborates the observation that 
the method is practiced in high-tech firms (see earlier mentioned examples and empirical 
case).

Using the real option model described by Huchzermeier and Loch (2001), but amended 
for interproject learning and additional costs, we find that when moving from research 
to development, the effectiveness of pursuing parallel projects in predevelopment first 
increases and then decreases, with a maximum positive result in predevelopment (see 
Scenario 1.2). This favourable result in predevelopment is down to two effects. First, there 
is much interproject learning because the parallel projects’ underlying technologies are 
related. Second, the fact that the S-curve is steepest in predevelopment suggests great 
opportunities for performance improvements and thus optimal learning conditions. 
Managers in predevelopment should seriously consider the parallel project approach to 
increase the market value of their product applications.

The outcomes of our empirical case support the simulation results. These results confirm 
that the research projects involve unrelated technologies, while the predevelopment 
ones focus on the parallel development of related technologies. The research goal is to 
use parallel projects to explore diversity. In predevelopment, the goal is to narrow down 
the options for a particular product application. This is evidenced by the fact that the 
application is generally fixed. More importantly, the results also support higher learning 
spillovers in predevelopment than in research. Interproject learning is sought and generally 
achieved during predevelopment. This confirms our assumptions that in cases of related 
technologies, the learning advantages are useful and cost effective. Interesting is the fact 
that in predevelopment, the activities for a technology were not immediately stopped 
after it became apparent that the alternative technology was superior. The parallel project 
approach was continued for learning purposes and because managers wait for more 
certainty before deciding to discontinue the less viable alternative. It illustrates managers’ 
belief that learning benefits outweigh the additional costs involved (e.g., Bartezzaghi et 
al., 1997; Ward et al., 1995).
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Particularly remarkable is the fact that the approach renders more favourable results in 
predevelopment than in research. Prior studies (e.g., Loch et al. 2001b; Childs and Triantis, 
1999; Liker et al., 1996) have shown over and over again, that the parallel project approach 
pays off most handsomely in the research stage. However, these studies focus on exploring 
projects with unrelated technologies,15 not on related technologies.

The strategy of pursuing competing technologies in predevelopment has proved to 
withstand several manipulations. Our findings reveal that the competing project could 
often be continued halfway through the anticipated project duration without incurring a 
loss in value (e.g., jeopardizing cost, time-to-market and performance). Still, the strategy 
seems most appropriate for ‘true’ predevelopment projects, with a 0.5 probability of 
success. In our opinion, the findings confirm that the 0.5 point is best warranted a separate 
status and should be considered a stage. The traditional ‘tipping point’ approach suggests 
an absolute boundary, while the transition from research to development is clearly 
arbitrary and a sliding scale. Recognizing it as a stage draws attention to the activities of 
final technology selection for the application concerned.

Finally, although the parallel development of three or more technologies is also possible, 
the marginal benefits of pursuing additional options will decline rapidly.

3.8 Limitations and implications
Our study has some limitations that provide opportunities for future research: first, our 
model and parameter settings are based on Huchzermeier and Loch (2001) and appeared 
robust, however, other more sophisticated models could be applied e.g., those of Childs 
and Triantis (1999), Lint and Pennings (2002), or Kauffman and Li (2005). Moreover, 
although we tested boundary conditions using several scenarios, more variations and 
thus robustness tests could be made.

Second, the learning spillover effects and major differences between the projects at the 
various stages were modelled in a simple way. For example, we assume that the probability 
of success at a specific period in a project depends on whether a competing project is 
developed simultaneously or not, and that the increase in probability is equal over the 
periods in a single project. Future research can extend our work by better modelling the 
complexity of interproject learning in R&D (Bartezzaghi et al., 1997). It could also account 
for the fact that learning spillovers might decrease over time (see Lint and Pennings, 
2002, p.19). Future research opening this black box could draw on the knowledge 
management literature and its constructs e.g., facilitators of knowledge transfer such as 
social connectedness, trust and technological capability (Santoro and Bierly, 2006).

15  If technologies are unrelated, the interproject learning is extremely low or even absent.



Exploring the effectiveness of pursuing competing technologies in parallel projects   |   63   

3

Third, quantitative studies using empirical data would be beneficial. They could help 
validate our findings. The research could also explore conditions under which pursuing 
competing technologies in parallel projects makes most sense. Potential contingencies to 
consider include the presence of different learning contexts or ‘landscapes’ (Prencipe and 
Tell, 2001) and efforts to develop core or peripheral technologies in parallel.

Our work has several important managerial implications. Firstly, we offer a model for 
maximizing R&D investments by analyzing the trade-off between the higher costs and 
learning benefits of pursuing competing technologies for the same application. It could be 
beneficial to pursue competing technologies in parallel projects under predevelopment 
conditions. Project relatedness and learning opportunities should be assessed carefully. 
The selection of competing technologies could be based on the relatedness of these 
technologies.

Secondly, because the costs of R&D projects increase rapidly over time, managers should 
monitor cost accumulation and technical progress carefully, especially in the second half 
of a project. They need to take measures to ensure that interproject learning can occur 
and materialize.

Finally, a precondition of our model is that sufficient resources are available to carry 
out both options. A more constant resource-burning rate can be achieved by pursuing 
competing technologies in parallel projects. If the parallel option is abandoned halfway to 
two-thirds through the project, this could improve resource management.



4CHAPTER 4



Drivers of marketing involvement 
in product platform development 
and their impact on financial 
performance

This research was conducted in collaboration with  
Prof. Dr. Ed Nijssen and Dr. Alex Alblas.  

This chapter is submitted to Creativity and Innovation Management  
under the title:

‘Drivers of marketing involvement in product platform creation  
and their impact on financial performance’ written by  

T. van Bommel, E.J. Nijssen and A.A. Alblas.



66   |   Chapter 4

4.1 Introduction
Product platforms enable firms to develop a variety of products efficiently for a market 
(Facin et al., 2016; Salvador, 2007; Jose and Tollenaere, 2005). However, in order to pursue 
product platform development (PPD), a firm requires knowledge and experience in 
different functional areas of its organization (Sköld and Karlsson, 2013; Wouters et al., 
2011; De Weerd-Nederhof et al., 2007; Zwerink et al., 2007). As technological and market 
knowledge need to be integrated (Smits et al., 2015), marketing’s involvement in PPD is 
paramount (Sanchez, 1999).

Although prior research mentions the relationship between product platforms and 
marketing, the understanding about marketing’s role in PPD is lagging behind. Only a few 
studies have focussed on this topic, such as the impact of platforms on product variety 
(Worren et al., 2002; Meyer and Lehnerd, 1997); the changes required in the marketing 
process (Sanchez, 1999); and connecting platforms and dynamic marketing methods 
(Sanchez and Sudharshan, 1993).

Cenamor et al. (2017) investigated modern platforms providing a combined product 
and service offering with an intraorganizational collaboration focus. Noting that the 
extra uncertainty and complexity of servitization calls for more collaboration, they also 
observed new functions emerging, of back-end unit platform orchestrators and front-
end unit offering builders. The former is critical for creating a platform and determining 
its scope in the back-end (like an R&D unit); the latter aims to optimize product-service 
configurations for customer segments in the front-end (market and sales unit) based on 
what the back-end orchestrators have created. We refer to these functions as platform 
architects and marketing.

Research by Cenamor et al. (2017) shows these functions operate separately. Platform 
creation and optimization of product configurations happen sequentially because the 
front-end unit offering builders of marketing are unable to participate and lack common 
ground. This can lead to a serious mismatch between a platform and its market, thus 
seriously hampering a new platform’s market success. How do we solve this problem?

Our work addresses this issue by focussing on the drivers of marketing involvement in 
PPD and their impact on financial outcomes. Specifically, we explore how marketing’s 
involvement can be promoted during PPD by ensuring that the marketing person has 
adequate knowledge of the product platform and its underlying technology, and that the 
architect understands the importance of market opportunities and needs for the platform’s 
success. Apart from this decentral and personal coordination between individual PPD 
team members, we highlight a central and formal structural coordination mechanism, 
namely the marketing department and its knowledge of product platforms. Previous 
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research identified the importance of these two coordination mechanisms for shaping 
organizational behaviours and outcomes (Mom et al., 2009; Martinez and Jarillo, 1989; 
Van De Ven et al., 1976). Previous studies also showed the importance but decreasing 
influence of the marketing department (Homburg et al., 2015).

We contribute to the literature in three significant ways. Firstly, we extend prior work on 
product platform management (Cenamor et al., 2017, Facin et al., 2016; Salvador, 2007; 
Jose and Tollenaere, 2005; Sanchez, 1999) by studying the role of marketing in PPD. 
Although the R&D–marketing interface in new product development (NPD) has been 
studied extensively (Smits et al., 2015; Rubera et al., 2012; De Luca and Atuahene-Gima, 
2007; Griffin and Hauser, 1996), research on marketing’s role in PPD is limited. Drawing 
on knowledge-based theory (e.g., Grant, 1996), we note the importance of bilateral 
knowledge to improve product platform architectural decisions which lead to success. 
Bilateral knowledge refers to the knowledge of the other function’s domain. Consequently, 
we focus on how the marketer’s product platform knowledge and the architect’s 
knowledge of market opportunities both impact marketing’s level of involvement and 
the platform’s performance.

Secondly, we explore how personal (individual level) and formal structural (department 
level) coordination mechanisms work together and potentially reinforce each other 
(Mom et al., 2009; Martinez and Jarillo, 1989; Van De Ven et al., 1976) through inter-
functional coordination in PPD, providing a two-level perspective. We anticipate that if 
the marketing department has a great deal of product platform knowledge, it gains more 
credit with the organization’s engineers and architect(s); consequently, this trust spills 
over to the individual, personal coordination mechanisms. Our study extends prior work 
conceptualising the relationship and interaction between R&D and marketing functions 
(Sanchez, 1999).

Finally, we add to prior work on high-tech marketing (Calantone and Rubera, 2012; 
Rubera et al., 2012; Atuahene-Gima and Evangelista, 2000). Connecting marketing to 
development is particularly difficult in technology-intensive firms. R&D often dominates 
these organizations and marketing’s role is marginalized (Workman, 1993). Focusing on 
the development of uncertain and complex platforms, we offer fresh insights into the 
challenges facing technology-intensive firms when they switch from developing and 
selling products to providing solutions and services, in other words servitization (Cenamor 
et al., 2017).

We begin by discussing the theoretical background to our study before presenting our 
model and developing hypotheses.
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4.2 Theoretical background

Product platforms and bilateral knowledge
A product platform is a common structure in which a variety of products can be developed 
and produced (Meyer and Lehnerd, 1997). Platforms can help to better address market 
segments and plan successive product versions across technology and product life 
cycles (Meyer et al., 2018). Product platforms and their development are becoming more 
complex, because firms shift from selling products to solutions and services (Cenamor et 
al., 2017), a process that requires combining software and hardware.

To develop a product platform, various functions in an organization have to collaborate 
(Wouters et al., 2011; De Weerd-Nederhof et al., 2007; Zwerink et al., 2007). This collaboration 
generally leads to the creation of PPD teams (Zwerink, 2007), consisting of an architect 
and sometimes a marketer, managed by a platform or project leader. The architect is 
responsible for linking technological possibilities with market needs by proposing an 
architectural design for the platform (its functional components and interfaces). The 
marketer is responsible for identifying market opportunities, ensuring a product variety 
− market segment fit, as well as developing and implementing a marketing plan for the 
platform’s product family (Sanchez, 1999).

As knowledge-based theory predicts, knowledge is ‘sticky’ and difficult to combine inside 
an organization (Galunic and Rodan, 1998), yet is a firm’s strategically most important 
resource (Grant, 1996). The typically uncertain market information in product platforms 
is particularly ambiguous and difficult to transfer and integrate (Sanchez, 1999). Bilateral 
knowledge plays a key role in overcoming and preventing the segregation of marketing 
from other functions (Calantone and Rubera, 2012; Grant, 1996). Moreover, bilateral 
knowledge facilitates trust between parties and offers a joint framework of interpretation. 
By gaining knowledge of adjacent areas, participants can better understand other actors’ 
views and appreciate their business functions. This leads to a better involvement of all 
functions and facilitates knowledge integration.

As part of their responsibility for safeguarding the platform’s overall design and 
components, the architect needs technical and market knowledge to facilitate trade-
offs and integrate technological and marketing decisions. As an entire product family is 
based on a platform, any lack of balance between technical and market considerations, 
commonalities versus differentiation, can seriously hamper financial returns (Sköld and 
Karlsson, 2007; De Weerd-Nederhof et al., 2007). An architect’s knowledge of market issues 
will also improve communication with the marketing person involved in the firm’s PPD.
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Generally lacking a strong technological and engineering background, marketing 
employees are often not taken seriously and their involvement during development is 
marginalized (Workman, 1993). An exception is if marketers do have adequate knowledge 
of platforms and their technologies. This demonstrates competence and breeds trust, thus 
increasing the likelihood that marketers will be taken seriously by a firm’s PPD engineers.

Personal versus formal structural coordination mechanisms
Management research indicates the importance of personal and formal structural 
coordination mechanisms for shaping relationships and interactions between individuals, 
groups and organization units (Mom et al., 2009; Martinez and Jarillo, 1989; Van De Ven 
et al., 1976). Alongside the personal relationship between the architect and marketer in a 
PPD team, the marketing department’s formal position in the organization also impacts 
team decisions. Based on resource dependence theory (studying how an organization’s 
external resources affect its behaviour, Salancik and Pfeffer, 1977), we assume that the 
marketing department’s general knowledge of product platforms will be critical for the 
PPD process; more platform knowledge implies that marketing will more effectively reduce 
the environmental and market uncertainty for a firm tackling platform solutions. Apart 
from the direct effect of this formal structural coordination mechanism, we also anticipate 
an impact on the personal coordination mechanism’s effectiveness. The architect (and 
other PPD team members) will interpret and encode the interactions with the individual 
marketing person in the team, depending on their attitude towards the central marketing 
department and its knowledge of product platform management. Greater knowledge 
means a more positive attitude and less suspicion of each individual marketer’s ability to 
contribute (Fazio and Zanna, 1978). As such, much platform knowledge at departmental 
level may spill over to the individual level, thus making the decentral, personal coordination 
mechanism more effective.

4.3 Research model and hypotheses
Based on the above, we developed the conceptual model shown in Figure 4.1. The personal 
and formal structural coordination mechanisms as well as their interaction are shown 
on the left. The two personal coordination mechanisms are the marketer’s knowledge 
of product platforms (Marketer PP knowledge) and the architect’s knowledge of market 
opportunities for the product platform (Architect MO knowledge); both have a positive 
impact on marketing’s involvement with the PPD team (Marketing PPD involvement). The 
formal structuralcoordination mechanism refers to the marketing department’s general 
product platform knowledge (Marketing Dept PP knowledge). This, together with the 
personal coordination mechanisms directly fuel marketing’s involvement in the PPD 
(team). On the right of the figure, we show how marketing’s involvement in PPD impacts 
the platform’s financial performance. We now discuss our hypotheses.
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The architect plays a key role in decisions regarding platform design and its derivative 
products. By optimizing commonality and configurability, the architect aims to create 
a family of potential product variants (Karlsson and Sköld, 2007; Zwerink, 2007). The 
greater the architect’s knowledge of the market and its opportunities, the better they 
will be able to make the right design decisions about the platform and its components. 
Knowledge about factors such as market size, trends and evolving customer needs can 
enhance decisions and prevent overdesign as well as unnecessary variation (Salvador, 
2007). In other words, an architect with market opportunity knowledge can make better 
commonality—diversity trade-offs, which benefit platforms’ financial returns. Thus, we 
hypothesize:
H1a: The greater the architect’s market opportunity knowledge, the better the product 
platform’s financial performance.

An architect who appreciates the value of market opportunity knowledge is more likely to 
vigorously pursue activities that generate this knowledge and will therefore be aware of 
the need to conduct market research and market the platform. It also means the architect 
better understands the difficulties involved in identifying customers’ latent market needs 
and addressing them. It is then more likely that the architect will involve marketing staff 
in the process. Jaworski and Kohli (1993) found empirically that the amount of emphasis 
managers place on market information indeed enhanced their firm’s involvement in 

Figure 4.1: Model showing the impact of the marketing department, architect and 
marketer’s bilateral knowledge on marketing involvement and financial performance in 
Product Platform Development
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generating market intelligence, as well as their interdepartmental coordination. Therefore, 
we hypothesize:
H1b: The greater the architect’s market opportunity knowledge, the greater marketing’s 
involvement in PPD.

In order to align the platform and its products with the market, the marketer needs 
to understand the product platform and its underlying technology and engineering 
principles (Sanchez, 1999; Workman 1993). This knowledge helps them to understand and 
create the variety for catering efficiently to customer segments, using a platform’s modules. 
The greater the marketer’s knowledge of platform design (architecture, components and 
technical opportunities/limitations), the better they will be able to match platform and 
market needs while accounting for communalities. Knowledge of the platform will help 
to identify and create an optimal level of variation and develop supporting marketing 
activities such as pricing and advertising. Thus, we hypothesize:
H2a: The greater the marketer’s product platform knowledge, the better the product platform’s 
financial performance.

Although the marketer’s knowledge of product platforms may have a direct effect on a 
platform’s success in the marketplace, this will probably be mediated by the collaboration 
with other PPD team functions (Li and Atuahene-Gima, 1999). The greater the marketer’s 
product platform knowledge, the more likely they will be actively involved in the PPD 
process. This knowledge increases the perceptions of competence to address issues of 
uncertainty when integrating technical and market knowledge (Workman, 1993). The 
product platform’s knowledge of the marketer also fosters mutual understanding, which 
stimulates inter-functional collaboration (Calantone and Rubera, 2012). Therefore, we 
hypothesize:
H2b: The greater the marketer’s product platform knowledge, the greater marketing’s 
involvement in PPD.

Marketing’s greater involvement will result in a better transfer of market(ing) knowledge, 
ensuring a better fit between the platform and its market. It will also increase the likelihood 
that the marketer can influence the PPD team and its decisions (Li and Atuahene-Gima, 
1999). Such knowledge integration between departments also enhances new product 
advantage and profitability (Li and Atuahene-Gima, 1999; Griffin and Hauser, 1996). 
Regarding platforms, not just a single product is affected, but the entire product family 
built on the platform. Moreover, because future customer preferences are generally 
unformed and uncertain, modular architectures offer a flexible vehicle to unlock and 
develop markets, making marketing’s contribution even more important and necessary 
(Sanchez, 1999). Marketing involvement will help reflect on these market developments, 
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and effectively create a match with the platform and its components, which benefits 
profitability. Hence, we hypothesize:
H3: The greater the marketer’s involvement in PPD, the greater the product platform’s financial 
performance.

Finally, we turn to the marketing department and its level of product platform knowledge. 
The marketing department has formal structures and routines for collecting and using 
market knowledge in the firm’s business processes and for developing platforms 
(Jaworski and Kohli, 1993). A marketing department with a high level of product platform 
knowledge will be better equipped to address uncertainties the firm is facing (Sanchez, 
1999) and will be thus more powerful and involved (Salancik and Pfeffer, 1977). Marketing’s 
platform knowledge fosters mutual understanding of what is going on in other functions 
and facilitates inter-functional coordination and collaboration (Grant, 1996). Calantone 
and Rubera (2012) confirm that a marketing department’s technical knowledge indeed 
increases marketing involvement. Thus, we hypothesize:
H4: The greater the marketing department’s product platform knowledge, the greater 
marketing’s involvement in PPD.

Marketing’s product platform knowledge is likely to have a moderating influence on 
personal knowledge mechanisms – including the marketing involvement relationship. By 
nature, engineers and architects are sceptical about marketers’ technical knowledge and 
role (Atuahene-Gima and Evangelista, 2000; Workman, 1993). Both communities develop 
their own interpretative schemes through which they selectively filter information. 
Although both sincerely want the platform to succeed, they tend to develop their own 
perspective of each platform and its products. Different perspectives, goals and languages 
pose challenges for collaboration between R&D and marketing.

Attribution theory explains how people offer causal explanations about events, as well as 
the behavioural outcomes or consequences of those explanations (Kelly, 1972). The link 
between attributions and specific behavioural outcomes is acknowledged. Therefore, we 
posit that high levels of a marketing department’s (perceived) product platform knowledge 
will benefit R&D attributions and the individual marketer’s role in enhancing PPD 
outcomes, thus strengthening the marketer’s product platform knowledge—marketing 
involvement relationship. A low level of marketing department’s product platform 
knowledge could have the reverse effect as negative attributions probably diminish this 
inter-relationship. Research examining the impact of suspicion on attributions confirms 
the posited effects. As Fein (1996) noted, “The most fundamental effect that suspicion has 
on perceivers is that it causes them to hesitate to take behaviour at face value. Suspicion 
renders ambiguous the implications of a variety of behaviours for making dispositional 
inferences about the actor.”
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In a similar vein, we expect that a high level of marketing department’s perceived product 
platform knowledge will strengthen the connection between the architect’s market 
opportunity knowledge and marketing involvement. If the marketing department has 
low product platform knowledge, architects may be suspicious and doubt the individual 
marketer’s ability to provide the necessary input for market demand and the platform’s 
product variety. Conversely, if the marketing department’s product platform knowledge 
is perceived as high, this will enhance the relationship, giving the architect confidence in 
the marketing department staff and their ability to add to PPD.

Thus, once the architect becomes more confident about the value of involving the 
individual marketer, we expect the formal structural coordination mechanism of the 
marketing department’s product platform knowledge to have a positively moderate 
the effect of both the marketer’s and architect’s bilateral knowledge on marketing 
involvement, respectively. Formally stated:
H5: The marketing department’s product platform knowledge will positively moderate (a) 
the marketer’s product platform knowledge–marketing involvement relationship, and (b) the 
architect’s market opportunity knowledge—marketing involvement relationship.

4.4 Methodology

Data collection and sample
To better understand product platform decisions, team composition, and the marketing 
department’s role in these processes, we conducted 11 interviews with platform managers 
and senior architects at a Dutch multinational electronics company. To ensure diverse 
perspectives, we selected interviewees with different roles, at different management 
levels, and from different divisions. The semi-structured format of the interviews allowed 
for a discussion with the interviewees. The interviews lasted 30-60 minutes and were 
conducted over a one-month period. For an overview of the interviewees’ relevant quotes 
per construct/variable and conclusions, see in Appendix D. The initial findings confirmed 
the importance of the architect’s knowledge about a platform’s market opportunities 
and the marketer’s understanding of product platforms and their development process. 
Bilateral knowledge helped them to better understand each other’s problems and 
contributions. The interviewees agreed that perceptions regarding individuals and 
departments played a role, supporting the concepts of personal and formal coordination 
mechanisms. The importance and benefit of marketing involvement in product platform 
development were widely recognized by the interviewees.

Encouraged by these findings, we collected data to test our framework using an electronic 
survey and the organization’s architects as key respondents (excluding those involved 
in the pilot study). Invitations were sent via email to 690 persons in the firm’s Platform 
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Architectural Community. The respondents selected and reported on a platform in which 
they were involved, with products that had been on the market for 6 months or more.

We sent a reminder and contacted in person those who had still not responded, to request 
their collaboration. This resulted in 135 returned questionnaires, a response rate of 20 
percent (135/690). Of these, 35 could not be processed because: the architect had not 
been involved in PPD, the platform was still being developed, or the platform’s products 
had not been on the market long enough to allow a meaningful performance evaluation. 
This left us with 100 responses for our analyses.

Table 4.1 shows a demographic profile of the sample. Most architects (72 percent) had 
more than five years’ experience. Of the product platforms, 39 percent related to hardware 
development, and 50 percent focused on B2B markets.

Questionnaire and measurements
The questionnaire was compiled to reflect the findings from the interviews and the 
respondents were purposively selected to minimize method biases (MacKenzie and 
Podsakoff, 2012). The survey questions and response options were clear and concise, in 
different formats. A letter enclosed with the survey stressed that the responses would 
remain anonymous, strictly confidential and that only aggregated data would be reported. 
Finally, the survey was pretested and optimized in accordance with the responses.

Several of our measurements are grounded in existing theoretical literature (see Appendix 
E). The dependent variable of product platform financial performance, for example, was 
adapted from Worren et al. (2002). The three-item measurement was complemented 
with an extra item to capture the performance of the platform’s derivative products. 
Operationalizing the independent construct of the marketer’s knowledge of product 
platforms was adapted from Calantone and Rubera’s (2012) measurement of marketer’s 
technological knowledge, using four items. We geared the survey to the product platform 
context, adding one item to capture the marketer’s command of platform jargon. 
We borrowed the measurement of marketing involvement in PPD from Danese and 

Table 4.1: Demographic profile of our sample

Architect Platform Marketer 

Experience Department Type Years in use Customer Experience

years (%) (%) (%) year (%) (%) years (%)

<2 8 Research 37 Hardware 39 <3 36 B2B 50 <2 15

2<5 20 Development 53 Software- 
Hardware

61 3<5 21 B2C 39 2<5 57

5<10 31 other 10 5<7 11 Both 11 >5 28

>10 41 >7 32
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Filippini (2010), also using four items. The architect’s knowledge of market opportunities 
was measured using a method newly developed for this study, as was the marketing 
department’s general platform knowledge. Building on work by De Luca and Atuahene-
Gima (2007), we created a three-item measurement for the architect’s knowledge of 
market size and costs, customer needs and trends, and optimal product variety given the 
financial constraints. The marketing department knowledge items were created and then 
refined through discussions with managers, using four items.

Data analyses
We analysed the data in two stages. First, we assessed the quality of the measurement 
model and explored correlations. Table 4.2 shows the internal reliability, correlations 
between the focal measurements, and the average variance extracted (AVE) for the 
constructs. All the multi-item reflective measurements were reliable (Cronbach’s alpha ≥ 
.7) and had an AVE exceeding .5, confirming convergent validity (Bagozzi and Yi, 1988). 
Moreover, the square root of AVE for each construct exceeded the highest variance shared 
with any other construct in the model, confirming discriminant validity (Fornell and 
Larcker, 1981).

To check whether common method bias might inflate the relationships in the perceptual 
data, we examined the smallest correlation among the variables, which provided a 
reasonable proxy for the absence of common method bias (Lindell and Whitney, 2001). 
The smallest observed correlation among the model variables is 0.18 (p< n.s.) between 
the architect’s marketing knowledge and the marketing department’s product platform 
knowledge (see Table 4.2). We also performed Harman’s one-factor test on the study items 
(McFarlin and Sweeney, 1992). The maximum variance explained by a single factor is 27 
percent and is thus less than the 50 percent required. These results suggest it is unlikely 
that common method bias will affect our results.

Next, to test the hypothesized relationships, we used SmartPLS 3.0 (Ringle et al., 2015). 
Partial Least Squares is a powerful instrument for analyzing small samples. As it requires 
fewer assumptions about data distribution than other covariance matrix techniques, the 
findings are less sensitive to data skewness and kurtosis. We used bootstrap with 1000 
samples for stable estimates. To ensure correct model estimation, we included several 
controls in the analysis: architect’s department, division, customer type, platform type and 
team size. The divisions operate in different industries and markets, with different product 
technology and customer characteristics, which may affect marketing’s involvement as 
well as platform outcomes. The size of the development teams as well as the complexity 
of the platform may also affect marketing’s involvement and influence. We estimated 
two nested models, one with controls and direct effects, and the other including the 
interactions.
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4.5 Results

Main effects
Table 4.3 shows the results of the PLS estimates. We focus on the direct effects-only model, 
i.e. Model 1, which displays a fair amount of variance in marketing involvement in PPD and 
the platform’s financial performance, 36 and 24 percent, respectively.

As expected, the architect’s level of market opportunity knowledge positively correlates 
with the product platform’s financial performance (β = .31, p < .01). This finding supports 
H1a. There also is a positive effect between the architect’s level of market opportunity 
knowledge and marketing involvement in PPD (β = .21, p < 0.05) supporting H1b. The 
architect’s knowledge of market opportunity is thus a better basis for connecting 
marketing to the PPD process.

Contrary to our expectations, the marketer’s level of product platform knowledge has 
no direct positive effect on the platform’s financial performance (β = .09; p > .1). Thus, 
there is no support for H2a. However, we found that the marketer’s knowledge of product 
platforms has a significant and direct positive effect on marketing’s involvement in PPD (β 
= .23, p < .05). This supports H2b.

The results confirm the positive effects of marketing involvement in PPD on the product 
platform’s financial performance. This supports H3 (β =.23; p<0.05). The marketing 
department’s general product platform knowledge has a strong positive and direct effect 
on marketing involvement in PPD (β = .44; p<.01). It confirms that this structural variable 
is a key driver of marketing involvement in PPD, as anticipated and thus supporting H4.

Interaction effect
Model 2 shows the results for the model including moderating effects. We note a significant 
increase in R2 for marketing involvement (ΔR2= 0.07, p<.05), confirming that including the 
interactions does add variance explanations and is thus useful. Specifically, the findings 
show that the marketing department’s level of product platform knowledge significantly 
moderates the marketer’s product platform knowledge—marketing involvement 
relationship (β = -.16; p<.10). However, the effect is negative rather than positive, as 
anticipated in H5a. Moreover, the marketing department variable does not moderate the 
architect’s market opportunity knowledge—marketing involvement pathway (β =.22, 
p>.1). Hence, there is no support for H5b. We used a simple slope analysis to facilitate the 
interpretation of the interaction and draw conclusions regarding H5a. The analysis results 
in Figure 4.2 clearly illustrate how the relationship between marketer’s product platform 
knowledge—marketing involvement behaves under different moderator variable 
scores (one standard deviation above or below the mean). For high values of marketing 
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department knowledge, the individual marketer’s product platform knowledge does not 
play a role. However, if the marketing department has little product platform knowledge, 
the marketer’s product platform knowledge has a positive effect on involvement. This 
suggests that the structural mechanism of the marketing department’s knowledge 
compensates for low levels of knowledge at the individual level. Because the interaction is 
negative, this rejects H5a. Still, in line with our original idea, we found that with low levels 
of marketing department’s product platform knowledge, the individual marketer’s higher 
platform knowledge led to greater involvement in PPD.

Turning to the control variables, we note that marketing involvement is positively 
correlated with larger PPD team size, and with hardware development compared to 
software-hardware PPD. The latter confirms that marketing is less involved in development 
solution-oriented software-hardware platforms. Furthermore, research has a negative 
impact on performance. Platforms supervised by an architect from research perform 
worse than from development, probably because these platforms are more uncertain and 
complex to develop.

4.6 Conclusion and discussion
We studied the personal and formal structural coordination mechanisms explaining 
marketing’s involvement in PPD. The two personal coordination mechanisms are the 
architect and the marketer and their level of bilateral knowledge. The formal structural 
mechanism refers to the marketing department’s role, in particular its level of general 
product platform knowledge. Our results confirm the positive impact of both mechanisms 
but also indicate a substitution effect.

Figure 4.2: Simple slope analysis results
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Our results show that knowledge of product platforms at marketing department level 
ensures the involvement of marketing staff in PPD. Having this knowledge is a structural 
solution, suggesting that the department is well developed and is thus a strong player 
in the internal organization. It removes suspicion regarding marketing’s lack of expertise 
in general and marketing individuals in particular. Product platform knowledge at 
marketing department and individual levels complement each other in guaranteeing 
knowledge integration. This result adds to previous studies examining the interactions 
between personal and formal structural coordination mechanisms for organizations’ 
innovativeness (Mom et al., 2009).

If the marketing department lacks product platform knowledge, the personal coordination 
mechanism becomes important. Marketing’s involvement in the PPD process then depends 
on the individual marketer’s level of product platform knowledge. This corroborates prior 
results by Workman (1993), who found that individual marketers had to work hard and use 
soft influence tactics to sway platform and new product decisions in firms with a strong 
engineering culture.

The results reveal that architects who are knowledgeable about market opportunities 
manage product platforms more successfully than their less knowledgeable counterparts. 
They are better at dealing with the trade-offs between a product platform’s variety and 
commonality. Moreover, their market knowledge also has an indirect positive effect on 
the platform’s financial performance thanks to improving marketing staff’s involvement 
in the process. Thus, an architect’s understanding of market opportunities is vital to 
ensure the integration of technical and market knowledge for a product platform and 
its architecture. This finding extends prior research (De Luca and Atuahene-Gima, 2007) 
identifying the architect as an important integrating mechanism.

The architect’s knowledge of market opportunities, with its generally positive effect 
on marketing involvement, is separate from the marketing department’s knowledge. 
It seems like a separate mechanism helping to ensure marketing’s participation in the 
PPD process. The low correlation between the marketing department’s product platform 
knowledge and the architect’s market opportunity knowledge (0.18, p< n.s.) also points 
in this direction.

Consistent with other studies, we found that marketing involvement had a positive 
effect on development outcomes. While prior research focused on involvement in NPD 
projects, we extended these results to product platforms. The impact of marketing’s 
product platform knowledge on financial performance is, however, fully mediated by 
their involvement in the process. Without involvement, that influence is impossible (Li 
and Atuahene-Gima, 1999). In line with this result, Rubera and Calantone (2012) found 
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that marketing’s technical knowledge had an indirect positive effect on product program 
performance through increased collaboration.

We also see a higher involvement of marketing in the development of simple hardware 
platforms compared to complex software-hardware platforms. Hardware is apparently a 
more proven technology and is visible, making marketing involvement easier. However, for 
complex solution-oriented software-hardware platforms, marketing involvement is (even 
more) necessary (Cenamor, 2017). As functions and technologies become increasingly 
embedded, and products evolve over their life cycle, coordination between marketers 
and architects is vital. Future research could follow up these conjectures.

4.7 Limitations and implications
Like most studies, this work has limitations that offer opportunities for future research. 
As our study focused on product platforms in a single firm, which may reduce the 
generalizability of results, additional studies in other industries (e.g. machinery) would 
be useful. Future studies could also examine firms operating in different phases of the 
technology and product life cycle (Meyer et al., 2018).

We applied a cross-sectional approach to study platforms selling products on the market. 
A longitudinal approach could offer a more detailed perspective of marketing’s level 
of involvement and its importance at various stages. Cenamor (2017) as well as Li and 
Atuahene-Gima (2000) recommend higher marketing involvement later in the platform 
exploitation than development.

Our study highlighted that marketing is less involved in the development of software-
hardware platforms than hardware platforms, indicating that the shift to servitization 
seriously impacts marketing involvement. By analyzing this impact, future research could 
enrich our insights, for example on how to improve marketing’s involvement in platform 
servitization.

Apart from the architect and marketer, other functions are involved. Future studies could 
investigate the interactions with functions such as the supply chain manager.

Our study offers significant managerial insights. The results highlight the importance 
of the marketer’s and the architect’s bilateral knowledge and the type of bilateral 
knowledge needed. Knowledge and skills can be developed through training. Architects 
as well as marketers should contribute to training programs by offering participants 
inside knowledge of adjacent areas. Managers may also want to build a database with 
information on best practices for integrating platform and market knowledge. This can 
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advise how to best use market research for platforms and their derived products (Sanchez, 
1999; Sanchez and Sudharshan, 1993).

Staff recruiters should pay more attention to new applicants’ bilateral knowledge, 
particularly if they are to be involved in PPD. People with high levels of bilateral knowledge 
should be selected for uncertain, complex and high-value product platform tasks. The 
selection procedure may even lead to new functions and job titles such as “platform 
marketer” and “strategic business architect”. Based on our results, we expect that hybrid 
functions involving both marketing and technical competencies, can improve product 
platform performance.

Finally, R&D and product managers in a high-tech setting should work towards creating 
product platform knowledge in their marketing department as this is vital for integrating 
technical and market information. Such a structure not only complements the personal 
mechanisms of knowledge integration in PPD teams, but is also a more secure way of 
guaranteeing that product platforms align adequately with market demand.
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This chapter presents the overarching findings and an in-depth discussion on the relevant 
literature. I also address the overall theoretical and practical implications, limitations, and 
avenues for future research.

5.1 Overarching findings
My motivation for this research was several personal observations in practice of the 
challenges when managing R&D projects at a technology-intensive firm, particularly in the 
predevelopment stage. These challenges proved to be uncharted areas in the literature. 
Predevelopment is a critical stage in R&D (Langerak et al., 2004; Murphy and Kumar, 1996) 
because it involves preparing technology for use in one or more applications. Specifically, 
predevelopment concerns activities and decisions to select, from a subset of related 
technologies or functions, the best option for a product application. Often it requires 
integrating the technology in a new product platform that will help create a product 
family to address heterogeneous demand in the marketplace. Through the transfer of new 
technologies into product platforms, predevelopment has become an important area not 
only for increasing return on R&D investments, but also for developing new ‘best practices’ 
that can give technology-intensive firms a greater competitive advantage.

Based on my findings, this dissertation highlights that it is key for managers in R&D intensive 
firms to become aware and competent in predevelopment management and embrace its 
practices. By focusing on learning in technology trajectories, and exploring competing 
technologies in parallel projects, managers will be better equipped to select the most 
suitable technologies for their firms’ platforms and relevant applications. Realizing the 
interdependency between individual R&D projects will also help with decision making 
and provide a higher return on R&D investments. Similarly, managers need to foster 
marketing’s connection and contribution to product platform development; ensuring 
good collaboration between platform architects and marketers will help to integrate a 
firm’s technical and market knowledge. Platform architects and marketers who have 
knowledge of each other’s domains will enable better quality applications of a firm’s 
product platforms, and can ultimately increase profits.

Studies 1 and 2 highlight the challenges for management, namely application and 
technology selection, and address the research questions: “how to prioritize R&D projects 
within a technology trajectory” and “under what conditions is it beneficial to pursue 
competing technologies in parallel projects?” Building on real options modelling and 
simulation techniques (e.g. Huchzermeier and Loch, 2001), this work signifies maximizing 
the market value of emerging technologies. Prior studies have focused on intraproject 
decisions. In line with this project’s parameters such as product performance, project 
budgets and schedules, the models also include market characteristics such as market 
payoffs and requirements, which together determine a project’s value. This approach 
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has not been widely adopted by practitioners, probably because it is difficult to 
estimate different parameters like market scope and thus value, but also because they 
do not account for technology trajectories and learning between projects. By focusing 
on technology trajectories, the parallel development of competing technologies, and 
learning opportunities between projects, my research aims to make the real option 
approach more resilient to these important aspects of technology management in 
predevelopment. I furthermore demonstrate that the value of R&D projects can be better 
maximized by accounting for interproject learning.

Study 1 focuses on selecting an application for a particular technology from a given set of 
options. This study shows that the technology trajectory (the order in which R&D projects 
are executed), has a major impact on overall market value. Moore (1999) compares this 
to a bowling alley: the first pins are essential as they are the application(s) a high-tech 
entrepreneur should invest time in and develop to conquer the market and build a 
business. The first pin — like in bowling — is critical because it affects how the other pins 
subsequently tip over and increase the chance of a strike. Study 1 shows that the first pin 
should not be a too difficult project. This will allow interproject learning to “cascade” to 
subsequent projects and management can prevent burning up the company’s resources 
before completing the first project: product launch. In this way the company not only 
has initial cash flow to reinvest in developing subsequent applications, management’s 
faith is also strengthened that their company is on the right track. The lessons learned 
from this first project enable the development of more complicated applications to 
secure a technological advantage and stay ahead of the competition. Study 1 fuses the 
theory of technology s-curves and interproject learning with the real options modelling 
of technology and R&D projects.

Study 2 likewise relates to technology development, but focuses on selecting the 
technology for a particular product application. It shows that pursuing alternative and 
thus competing technologies in parallel projects, of which only one will finally reach the 
market, is most effective in predevelopment. The point of departure is that although a 
technology’s function for a product application may be clear, however, there may be 
alternative technological options (often rooted in the same underlying technology) for 
a particular function. Where there are two closely related technological options and only 
one will be used in the final product application, the question is which one to select. By 
running projects in parallel, a company can explore both scenarios simultaneously, while 
benefitting from not losing time and enjoying interproject learning effects. Huchzermeier 
and Loch’s model (2001) is adapted to frame and study the trade-off between the 
anticipated benefits and cost of pursuing competing technologies in parallel projects. The 
results show that the impact of interproject learning during predevelopment is clearly 
associated with running parallel projects in the research and development stage. Running 
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projects in parallel is particularly effective if the projects (i.e. technologies) are clearly 
related and the learning sufficiently enhances the winning technology. More importantly, 
study 2 shows that the maximum positive effect is obtained under predevelopment rather 
than research and development conditions. As such, study 2 extends prior studies’ findings 
which show that a parallel project approach pays off most in the research stage. Prior 
studies, however, did not focus or account for predevelopment. Current results show that 
in predevelopment, technologies are sufficiently certain to allow for narrowing options, 
but that it is still beneficial to explore competing technologies until the learning spillover 
is complete. The results thus extend the R&D management literature by accounting for 
interproject learning effects during predevelopment.

Study 3 also pertains to predevelopment issues but turns to the challenges in product 
platform management. It addresses the research question: “How to best integrate 
marketing and R&D efforts in product platform development.” In contrast with the first two 
studies, it does not involve real options modelling and valuation, but structural equation 
modelling. It builds on and extends prior work on the R&D-marketing interface that 
emerged in the mid-1980s (Gupta et al., 1986). The R&D-marketing divide is still a relevant 
issue in both industry and academia. Despite general agreement that marketing and R&D 
collaboration is critical to NPD success, this is not easy in a high-tech context (Workman, 
1993). The problem particularly persists in the early stages of product development when 
technological uncertainty is high and power remains with R&D, like in predevelopment. 
Moreover, most prior work looked at R&D-marketing cooperation in new product 
development projects or between departments in general (Rubera et al., 2012; Calantone 
and Rubera, 2012; De Luca and Atuahene-Gima, 2007; Griffin and Hauser; 1996), with much 
less focus on marketing’s role and influence in product platform development. Because 
product platforms drive a family of products based on a common architecture targeting 
both current and future market needs, platform strategies are complex and uncertain. 
Decisions on platform design therefore require an understanding of market opportunities 
and product platform development. Thus the identification of market opportunities and 
development of product platform architecture need to be integrated, requiring input from 
both marketers and architects. To facilitate their relationship and discussion, as Calantone 
and Rubera (2012) show, technological knowledge on the marketer’s side may be critical. 
Similarly, engineers may need to be aware of the marketing side.

Study 3, focusing on the interaction between architects and marketers, shows that both 
need to have knowledge of the market opportunities and product platform to ensure 
marketing’s involvement in the product platform development process and improve 
the platform’s performance in the marketplace (i.e. personal coordination mechanisms). 
The study results reveal that the architect’s knowledge of market opportunities has a 
direct effect on financial performance; in contrast, the marketer’s knowledge of product 
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platforms and their development does not have a direct effect on financial performance; 
marketing’s influence is fully mediated by its involvement. A possible explanation is the 
research focus on early stage new product platforms. As their products are only on the 
market for a limited time, they may benefit less from extra marketing activities to promote 
their adoption and increase their profitability. The current results also show that a high 
knowledge of product platform development at department level (formal structural 
coordination mechanism) compensates for a lack of marketing knowledge at the individual 
level (coordination mechanisms), thus ensuring general marketing’s involvement and 
contribution. The next section looks at the implications for research and practice.

5.2 Overarching implications

Theoretical implications
The study results have significant theoretical implications. Firstly, I contribute to 
the literature on predevelopment by demonstrating how predevelopment project 
management can be improved focusing on the main predevelopment tasks and using 
complementary methodologies. Predevelopment project management refers to applying 
the knowledge, skills, tools, and techniques to meet predevelopment project requirements 
(adapted from Project Management Institute, 2003). Research on this topic is still limited, 
and many issues remain unexplored (Eling and Herstatt, 2017). I add a further dimension 
to the literature by going beyond the challenge of managing individual projects to 
managing technology trajectories and competing technologies. In addition, I show 
how integrating marketing and R&D input can improve product platform development 
projects (see Figure 5-1).

I contribute to the management literature on capability building (Lei et al., 1996; Tushman 
and Anderson, 1986) by showing that the development of technology trajectories and 
competing technologies affect a firm’s technological capability. By applying optimal R&D 
project sequences and pursuing competing technologies in parallel projects, firms can 
develop and evolve new technologies and thus ensure their competitive position. In 
addition, architects with knowledge of the product platform’s market opportunities and 
marketers with product platform knowledge can help to make better decisions in terms 
of product variety and platform design. Improving these competences within a firm will 
expand its technological capability.

I extend the R&D and technology management literature on developing technology 
trajectories and competing technologies in parallel projects (Eggers, 2015; 2014; 2012; 
Klingebiel and Rammer, 2014; Klingebiel and Adner, 2015; Shabita, 2012), by exploring 
the effectiveness of these approaches in predevelopment. Prior studies have stressed 
predevelopment’s particularities and importance (Murphy and Kumar, 1996), but not 
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focused much on the effectiveness of developing technology trajectories and competing 
technologies at this stage of R&D. My studies show that both technology development 
approaches are effective and excel in the predevelopment stage.

I also contribute to the literature on real options for R&D management (Santiago and 
Bifano, 2005; Santiago and Vakili, 2005; Huchzermeier and Loch, 2001), by extending 
previous work on using real options to select one project from a set of unrelated projects 
(Santiago, 2008) to decision making regarding technologically related projects. Prior 
research focused on intraproject learning, whereas I examine interproject learning across 
a sequence of projects and parallel projects. My work demonstrates that using real 
options to model interproject learning effects is beneficial for selecting and managing 
R&D projects, thereby maximizing their value.

I also extend prior work on product platform management (Facin et al., 2016; Jiao et al., 
2007; Salvador, 2007; Jose and Tollenaere, 2005) by studying the role of marketing in 
product platform development. Relatively little is known about marketing’s role and the 
marketer – architect interface. Consequently, I highlight the importance of architects being 
aware of the market opportunities for a product platform, and equally that marketers 
are knowledgeable about product platforms and their development. I provide insights 
how these functions perform best, and the impact of this type of bilateral knowledge on 
marketing involvement and product platform performance. Observing the knowledge of 

Figure 5-1: Technology development and product platform development in the 
predevelopment stage
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product platform development at department level shows this can compensate for a lack 
of marketing knowledge at the individual level, thus ensuring marketing’s involvement 
and contribution to product platform development. Furthermore, if marketers and 
architects are both knowledgeable about product platforms and market opportunities, 
this ensures marketing’s connection with the platform development team and good 
performance in the marketplace.

Managerial implications
The results have several important managerial implications. Firstly, the combined outcomes 
highlight the importance of predevelopment. Managers should warrant predevelopment 
a separate status and consider it a separate stage, particularly in high-tech firms. While 
the functionality and performance of technologies may be clear in low-tech firms, new 
emerging technologies are pursued and implemented in high-tech firms. Management 
has to pay specific attention to the transition process of bringing technologies from the lab 
to the business. The insights I provide can guide managers in technology development to 
select the most promising technologies and applications. Managers should also consider 
predevelopment projects as interdependent rather than individual cases and decisions. 
Predevelopment projects can be seen as steps for pursuing a technology trajectory or as 
combined efforts for developing competing technologies. Such approaches will improve 
linking technologies, applications, and platforms, and thus develop a variety of products 
more efficiently.

Managers in predevelopment should also focus on technology trajectories rather than 
individual projects. When selecting a first product application, managers should 
particularly avoid a too difficult and challenging option which may backfire and not reach 
the market. This might be harder than they expect as engineers often prefer working on 
highly advanced products rather than new simple ones. Yet it is vital to focus on a less 
challenging project with a lower project value first to demonstrate a technology’s potential 
and generate cash flow; then tackle more difficult projects with higher project values. 
Difficult projects run the risk of depleting funding or termination before completion, and 
consequently abandonment of the technology altogether.

My findings underscore the value of interproject learning. Managers should be aware that 
interproject learning has useful advantages and can be cost effective. They should take 
measures to ensure that interproject learning can occur and will materialize. Interproject 
learning arises from sharing information between projects. Related projects should be 
linked and monitored so that management can respond to this information, which will 
hopefully trigger improved performance. These studies offer managers real option-based 
models for maximizing the value of technology trajectories and exploring competing 
technologies. The models can help managers identify the most promising technologies 
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and applications. It makes sense to offer training and software to help implement this 
approach.

Managers can seek advice on parallel development of competing technologies and 
choosing the optimal alternative technology for an application. They should be aware 
that the strategy of pursuing competing technologies in parallel projects not only helps 
to mitigate the risks of not developing the best technology, but can also considerably 
enhance the project’s market value. It may be beneficial to continue pursuing competing 
technologies in parallel projects even if there is one dominating technology. This may run 
counter to current stage-gate processes where go/no-go decisions are made at several 
intermediate points (known as gates). My studies show that abandoning a project too 
early may be just as bad as abandoning it too late. It is therefore advisable to develop 
excellent monitoring systems supporting these efforts, and internal benchmarking in 
order to learn over time.

My findings emphasize the need for bilateral knowledge in platform development. In other 
words, managers should ensure that architects understand the importance and basics 
of marketing, and that marketers understand the basics of platforms and technology. 
Training and job rotation can help. The selection of team members for product platform 
development projects should be based on their level of bilateral knowledge. Management 
should select persons with high levels of bilateral knowledge for highly uncertain, complex, 
and high-value product platforms as these platforms contribute substantially to a firm’s 
revenue. Managers can also evaluate their marketer’s and architect’s performance based on 
how well their bilateral skills have been developed and applied. This can in turn stimulate 
the creation of bilateral knowledge. Finally, managers should anticipate the development 
of new functions and job titles to stress the importance of bilateral knowledge. It is likely 
that hybrid functions including both marketing and product platform knowledge will 
improve platform performance. Managers could introduce hybrid functions with job 
titles such as ‘platform marketer’ and ‘strategic business architect’. Work by Cenamor et 
al. (2017) regarding platform development for hybrid offerings points in this direction. 
They distinguish between front-end unit offering builders, who may be marketers or sales 
engineers with decent technical and product platform development knowledge, and 
back-end unit platform orchestrators, who are similar to platform architects.

5.3 Limitations and avenues for future research
These studies have several limitations that can be opportunities for future research. 
More analyses or robustness tests would be possible in studies 1 and 2. Parameters kept 
constant could be varied for example as a function of time or uncertainty. It would be 
possible to differentiate the level of learning between projects that succeeded or failed. 
The learning spillover may be higher in cases where an earlier or alternative project has 
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been completed successfully. A larger number of projects would enable more complex 
calculations. Parallel and sequential projects could be combined like ‘bowling alleys’ 
(Moore, 1999). Future research could investigate combinations of related and non-related 
predevelopment projects, learning spillovers between product platform development 
projects, or sequences of technology development and PPD projects. The outcomes of 
such studies might lead to new insights, tools, and methods.

Although the models in studies 1 and 2 are acknowledged in the literature, alternative 
models can be used (e.g. Kauffman and Li, 2005; Lint and Pennings, 2002; Childs and 
Triantis, 1999). Some are perhaps more advanced and could expand the applicability 
and accuracy of current findings by including parameters such as technology/platform 
complexity ( Erat and Kavadias, 2008) or technology readiness level (Clausing and Holmes, 
2010; Mankins, 1995).

Though studies 1 and 2 involved simulation and preselected parameter settings, I added 
empirical cases. To increase the empirical relevance, more empirical data could be 
gathered and included in the models to further scrutinize the outcomes and test their 
generalizability. The empirical data from R&D projects (e.g. estimated learning spillovers 
and probabilities of success) could be entered in the models. Likewise, market(ing) data 
could be obtained from marketing and sales departments for the models, while project 
data from different firms and industries (e.g. machinery) could help generalize the results, 
also for study 3.

My study highlights that marketing is less involved in the creation of software-hardware 
platforms than hardware platforms, indicating that the shift to servitization seriously 
impacts marketing involvement. However, this shift can impact product platform 
development in other ways. Future research could enrich our insights on how to 
improve the platform approach and process for advanced product–service offerings. An 
area that merits further examination is how the shift to servitization impacts product 
platform decisions on commonality, configurability, and variety. This may also require 
better alignment between technology trajectories, parallel development of competing 
technologies, and product platform development.

Finally, the three studies show that firms can improve the return on R&D investments 
while at the same time increase their ability to build new technological capabilities and 
competences, for instance through learning. Future research could measure and analyze 
(the settings for) learning and learning spillover. It would be worthwhile to study how 
a firm’s technological capabilities and competences evolve in technology trajectories or 
how the roles of marketers and architects evolve in light of the increased popularity and 
use of product platforms.
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In conclusion, the findings from these studies are valuable for academia and industry. 
They contribute to an improved understanding of application and technology selection 
processes, marketing-R&D integration issues in product platform development, and 
the benefits of interproject learning and bilateral knowledge. The insights gained can 
help R&D managers make informed and better decisions for developing technologies 
and product platforms, particularly in predevelopment. Transferring technologies and 
product platforms into successful products will become a smoother process. There are 
many opportunities for future research that will improve the return on R&D investments. 
These findings could help to direct future research efforts.
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Appendices

Appendix A: Overview of model and sensitivity analyses parameter settings for three 
projects

Impro-
vement

A priori  
probability

Probability end Premium profit 
margin

Project Value

ut pmin
A pmin

B pmin
C pmax

A pmax
B pmax

C MA MB MC VA VB VC

SETTING FOR ORIGINAL ESTIMATIONS*

Model 1 yes 0.4 0.5 0.6 0.8 0.8 0.8 302.65 280 257.19 6.62 6.62 6.62

Model 2 no 0.4 0.5 0.6 0.8 0.8 0.8 349.35 280 234.11 -21.68 -21.68 -21.68

SETTINGS FOR SCENARIOS (using Model 2)

Varying project end probabilities [(pmax
k = (pmin

k + c), with c = 0.1 vs. pmax
A = pmax

B = pmax
C]

Scenario 1 no 0.4 0.5 0.6 0.7 0.8 0.9 349.35 280 234.11 -21.68 -21.68 -21.68

Varying premium profit margins [(MA + 20%); (MC − 20%); ((MA + 20%) and (MC − 20%)]

Scenario 
2a

no 0.4 0.5 0.6 0.8 0.8 0.8 419.22 280 234.11 -5.19 -21.68 -21.68

Scenario 
2b

no 0.4 0.5 0.6 0.8 0.8 0.8 349.35 280 187.29 -21.68 -21.68 -37.80

Scenario 
2c

no 0.4 0.5 0.6 0.8 0.8 0.8 419.22 280 187.29 -5.19 -21.68 -37.80

Varying the size of the inter-project learning effects pmax
A = pmax

B = pmax
C + and − c, with c = 0.1

Scenario 
3a

no 0.4 0.5 0.6 0.7 0.7 0.7 349.35 280 234.11 -21.68 -21.68 -21.68

Scenario 
3b

no 0.4 0.5 0.6 0.9 0.9 0.9 349.35 280 234.11 -21.68 -21.68 -21.68

Varying project begin-probabilities pmin
A = pmin

A − c, pmin
C = pmin

C + c, with c = 0.1

Scenario 4 no 0.3 0.5 0.7 0.8 0.8 0.8 461.07 280 202.25 -21.68 -21.68 -21.68

Varying project end probabilities [(pmax
k = (pmin

k + ck), with c1 < c2 < c3 vs. pmax
A < pmax

B < pmax
C]

Scenario 
5a

no 0.4 0.5 0.6 0.6 0.75 0.9 349.35 280 234.11 -21.68 -21.68 -21.68

Scenario 
5b

no 0.4 0.5 0.6 0.6 0.8 1.0 349.35 280 234.11 -21.68 -21.68 -21.68

*: Settings for Model 1 and 2 are reversely engineered using original values of Huchzermeier and Loch (2001).
Bold squares: indicate the parameter changes made with respect to different scenarios.
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Appendix B: Overview of data and parameter settings

Probability Dsig (market requirement 
variability)

Premium profit 
margin

pmin
B pmax

B Dsigmin
B Dsigmax

B ∆Dsigstep
B MB

Scenario 1.1a* 0.3 0.5 3 3 0 334.72

Scenario 1.1b 0.5 0.7 3 3 0 280

Scenario 1.1c* 0.7 0.9 3 3 0 233.02

Scenario 1.2a* 0.3 0.4 3 3 0 334.72

Scenario 1.2b 0.5 0.7 3 3 0 280

Scenario 1.2c* 0.7 0.8 3 3 0 233.02

Scenario 2a 0.5 0.5 3 3 0 280

Scenario 2b 0.5 0.6 3 3 0 280

Scenario 2c 0.5 0.7 3 3 0 280

Scenario 2d 0.5 0.8 3 3 0 280

Scenario 3a 0.5 0.5 3 3 0 280

Scenario 3b 0.5 0.5 3 2.5 0.5 280

Scenario 3c 0.5 0.5 3 2 1 280

Scenario 3d 0.5 0.5 3 1.5 1.5 280

Scenario 3e 0.5 0.5 3 1 2 280

Scenario 3f 0.5 0.5 3 0.5 2.5 280

Scenario 4a 0.5 0.7 3 3 0 280

Scenario 4b 0.5 0.7 3 3 0 280

*: Settings are “reversely engineered” using Huchzermeier and Loch’s original values
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Appendix C: Constructs and measurements used in case study

Construct Scale

Qualification items
R&D stage 1=research, 2=predevelopment, 3=development.

Technologies were developed simultaneously 1=no, 2=yes.

Technologies were substitutes 1=no, 2=yes.

Application readiness items
Definition of application 1=unknown, 2=several potential applications in 

mind; 3=defined but could change, 4=defined unli-
kely to change, 5=completely fixed.

Technology relatedness item
Relatedness of technologies (sharing same physical 
principle/similar technology)

1=very low, 2=low, 3=moderate, 4=substantial/high, 
5=very high.

Learning spillover items
Intention to create learning spillover (e.g. by sharing 
results)

1=completely disagree, 2=disagree, 3=neutral, 
4=agree, 5=completely agree.

Level of learning spillover between the projects 1=(almost) none, 2=low, 3=moderate, 4=substantial, 
5=high.

Level of knowledge transfer between the projects 1=(almost) none, 2=low, 3=moderate, 4=substantial, 
5=high.

Abandonment item
Time of abandonment of first project 1= apparent one technology superior, 2= some-

time after apparent one technology superior, 3= 
alternative project continued quite some time even 
knowing technology was inferior, 4= when budget 
was spent.
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Appendix D part I: Overview of the interviewees’ relevant quotes per construct/variable and 
conclusions

Construct /
variable

Quotes (# interviewee) Confirmation 
of conceptual 
model

Contribution to 
survey develop-
ment

A
rc

hi
te

ct
 M

O
 k

no
w

le
dg

e

Q1.1 “… [understanding customer needs] is important, 
especially understanding long-term market needs and 
variation points” (#1)
Q1.2 “… an important consideration is the variety of seg-
ments that needs to be covered by the platform” (#1)
Q1.3 “… it is important that platform developers under-
stand the role of marketing” (#1)
Q1.4 “… the market forecast needs to be accurate in the 
case of platforms” (#2)
Q1.5 “… the ability to anticipate future requirements is 
important for platforms” (#3)
Q1.6 “In the architecture creation process, forecasts or fi-
nancial indicators are used to determine the strategy” (#3)
Q1.7 “… it is important that architects speak the language 
of the market” (#7)
Q1.8 “… rotating roles can enhance the link between the 
platform and the market” (#10)
Q1.9 “Architects often have a roadmap, developed in 
cooperation with marketing” (#11)

confirmed the 
importance of 
the architect’s 
knowledge about 
a platform’s mar-
ket opportunities 
in PPD

items are develo-
ped based on the 
findings of the 
interviews e.g. 
Q1.1, Q1.4 and 
Q1.6.

M
ar

ke
te

r P
P 

kn
ow

le
dg

e 
/

M
ar

ke
ti

ng
 D

ep
t P

P 
kn

ow
le

dg
e

Q2.1 “… it is important that marketing understands the 
platform” (#1)
Q2.2 “… it is important [that] marketing … understands 
what is possible and what is not” (#1)
Q2.3 “… at the moment there is more focus on training and 
education geared to platforms” (#1)
Q2.4 “It is also beneficial if the marketing department un-
derstands what is possible to develop and what is not” (#2)
Q2.5 “The platform is a strong guidance for marketing” 
(#3)
Q2.6 “Appreciation and understanding of platforms in 
marketing are important” (#3)
Q2.7 “… marketing [should] understand the benefits of 
platform thinking” (#3)
Q2.8 “… understanding and clarifying the nature of the 
platform will definitely pay off” (#5)
Q2.9 “… [marketers] need to have knowledge about mar-
keting and technology” (#7)
Q2.10 “… marketers [can] help determine a product’s func-
tions and make technological decisions” (#7)
Q2.11 “It is important that marketing speaks a technical 
language” (#7)
Q2.12 “… marketers that help determining the functions 
and make technological decisions” (#7)
Q2.13 “… it is important that people in the organization 
are trained and educated with respect to platforms” (#10)
Q2.14 “A roadmap of the product/platform is constructed 
in collaboration with the client” (#10)
Q2.15 “It is hard for someone from marketing to under-
stand an entire platform and therefore understand all 
derivative products” (#10)
Q2.16 “… marketing started to better understand the 
platform” (#11)
Q2.17 “It is also important that marketing understands the 
architects” (#11)
Q2.18 “Marketing should understand and acknowledge 
the importance of platforms” (#11)

confirmed the 
importance of 
the marketer’s 
understanding 
of product plat-
forms and their 
development 
process

relevant Calan-
tone and Rubera 
(2012) items are 
adapted based 
on interview 
findings e.g. Q2.1, 
Q2.2, Q2.4, Q2.11 
and Q2.18.
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Appendix D part II: Overview of the interviewees’ relevant quotes per construct/variable and 
conclusions

Construct / 
variable

Quotes (# interviewee) Confirmation 
of conceptual 
model

Contribution to 
survey develop-
ment

M
ar

ke
ti

ng
 P

PD
 in

vo
lv

em
en

t

Q3.1 “The interface with marketing is very important” (#1)
Q3.2 “It is important that marketing and platform develo-
pers cooperate well, because there can be friction between 
both worlds” (#1)
Q3.3 “Marketing played an important role in the functions/
features side of the platform” (#5)
Q3.4 “… a good relationship and communication between 
departments is important because everybody needs to 
have the same view on platforms” (#6)
Q3.5 “The collaboration with marketing is crucial” (#7)
Q3.6 “… [it is important to have] a good marketing-tech-
nology interface and communication” (#7)
Q3.7 “It would be best if there is somebody from marketing 
in the platform team” (#8)
Q3.8 “The interaction with marketing is important” (#8)
Q3.9 “It is important that marketing and architects chal-
lenge each other” (#9)
Q3.10 “The link with marketing is important” (#11)

confirmed the
importance of 
marketing invol-
vement in PPD

relevant Danese 
and Filippini 
(2010) items are 
adapted based 
on the interview 
findings Q3.1, 
Q3.4 and Q3.5.

Fi
na

nc
ia

l P
er

fo
rm

an
ce

Q4.1 “Innovation can be achieved with a platform strategy, 
under the premise that the platform is managed properly” 
(#2)
Q4.2 “… more development efficiency can be achieved” 
(#3)
Q4.3 “Platforms also enable a company to better utilize 
and align their investments and production line capacity” 
(#3)
Q4.4 “A platform approach can be a good strategy to 
handle competition, as long as the platform is easy to 
adapt” (#3)
Q4.5 “Leveraging existing platforms can increase the rate 
of innovation” (#7)
Q4.6 “Platform key performance indicators are diversity in 
the final portfolio, time to market, costs” (#7)
Q4.7 “Savings due to the use of common components” (#8)
Q4.8 “… economies of scale for larger quantities of compo-
nents” (#8)
Q4.9 “… a key performance indicator is re-use” (#9)
Q4.10 “A platform improves quality thanks to re-using 
components” (#10)
Q4.11 “Performance measures are development costs, 
speed, quality and diversity” (#11)

confirmed 
that product 
platforms can 
improve financial 
performance if 
managed well

relevant Worren 
et al. (2002) items 
are adapted ba-
sed on interview 
findings e.g. Q4.6 
and Q4.11.
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Appendix E: Operationalization of study constructs

Construct Items Source

Architect MO knowledge 
(7-pt scale, 1 = strongly 
disagree, 7 = strongly 
agree)

In your role as architect for this platform, to what extent did 
your decisions account for:
• market size and cost development? (f: 0.86)
• future customer needs, market trends and product variety? 

(f: 0.79)
• maximizing future product variety given financial con-

straints? (f: 0.82)

New

Marketer PP knowledge 
(5-pt scale, 1 = strongly 
disagree, 5 = strongly 
agree)

The marketing person:
• understands the platform development process (f: 0.82)
• understands the company’s platform development policies 

(f: 0.74)
• knows the platform’s limitations and capabilities (f: 0.83)
• understands the platform team’s platform language † (f: 

0.85)

Adapted from
Calantone and 
Rubera (2012)

Marketing Department 
PP knowledge 
(5-pt scale, 1 = strongly 
disagree, 5 = strongly 
agree)

In the marketing department, there is sufficient knowledge 
of:
• platforms and modularity. (f: 0.88)
• managing product variety based on modular approaches 

(f: 0.91)
• opportunities and limitations of product platform architec-

ture (f: 0.89)
• how to optimize product variety using platform modules 

(f: 0.85)

New

Marketing PPD  
involvement  
(5-pt scale, 1 = strongly 
disagree, 5 = strongly 
agree)

• We work in teams, with members from various areas (mar-
keting, services), to introduce new platforms (f: 0.75)

• There is clear involvement of marketing, services and sales 
in platform development and adjustment (f: 0.88)

• There is little marketing involvement in the EARLY develop-
ment of platforms (f: 0.72) (R)

• Marketing people are involved to a great extent before a 
new platform launch (f: 0.65)

Adapted from 
Danese and 
Filippini (2010)

Financial Performance 
(10-pt scale, 1 = strongly 
disagree, 7 = strongly 
agree)

Compared to other platforms/products during a 3-year 
period:
• financial performance has been outstanding (f: 0.91)
• financial performance has exceeded that of our direct 

competitors (f: 0.86)
• sales growth in our target segments has exceeded our 

direct competitors (f: 0.80)
• we are happy with the market performance of derivative 

products (f: 0.79)

Adapted from 
Worren et al. 
(2002)

f = factor loading; R = reversed item
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Summary

In the search for growth, technology-intensive firms invest heavily in R&D. However, 
the return on R&D investments remains low. Managers still struggle to make decisions 
on how to best manage their firm’s R&D projects. Three major challenges they face are: 
how to prioritize R&D projects within a technology trajectory; under what conditions 
is it beneficial to pursue competing technologies in parallel projects; and how to best 
integrate marketing and R&D contributions in product platform development. This 
dissertation presents three studies, one for each of these challenges.

Study 1: First, managers face the challenge of which R&D projects to prioritize. Often R&D 
projects are evaluated and compared based on strategic merit or real option value on a 
stand-alone basis, paying little attention to technological interdependence or technology 
trajectories. This approach ignores the opportunities for learning spillover between 
R&D projects. The first study investigates the impact of R&D project sequences on 
outcomes. The first study shows, based on a set of (predevelopment stage) R&D projects 
with a common underlying technology and using a real options valuation model, how 
accounting for this technological commonality and inter-project learning possibilities 
affect the trajectory value of a sequence of projects. The results show that accounting 
for interproject learning has a positive effect on the maximum option value that different 
project sequences can achieve. The maximum value of the technology trajectory is 
particularly dependent on the selection of the first project; greater benefit was achieved 
by selecting a less challenging project with a lower project value first and performing 
more difficult projects with higher project values later on. The reason is that learning is 
more likely to spill over from easier projects than more complicated ones. An empirical 
case of a multinational in the electronics industry illustrates this approach and explores 
its usability in practice. Accounting for inter-project learning helps management to focus 
on building a firm’s technological capabilities rather than only selecting and performing 
individual projects.

Study 2: Second, managers face the challenge of deciding under what conditions is 
it beneficial to pursue competing technologies in parallel projects. Prior research on 
the benefits of running projects in parallel has shown that the effectiveness of parallel 
strategies decreases when moving from research to development. However, it has ignored 
predevelopment, which R&D intensive firms generally distinguish as a separate stage 
lodged between research and development. Predevelopment focuses on activities and 
decisions to select, from a subset of related technologies, the best option for a product 
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application. Parallel projects are often a means of speeding up this process by actively 
pursuing learning spillovers. The second study investigates the effectiveness of pursuing 
competing technologies in parallel projects during predevelopment. Using a real 
options valuation model, this investigation reveals that, when moving from research to 
development, the effectiveness of pursuing competing technologies in parallel projects 
first increases and then decreases, with a maximum positive effect during predevelopment. 
The results also show that learning spillovers can compensate for the higher investment 
costs. An empirical case with a multinational electronics company confirms these findings. 
Managers in predevelopment should seriously consider the parallel project approach to 
increase the market value of their product applications.

Study 3: Third, managers face the challenge of how to best integrate marketing and R&D 
contributions in product platform development. Product platforms enable firms to develop 
a range of products efficiently for a market. To ensure a good fit with market demand, 
marketing’s involvement is paramount. Although the literature on marketing integration 
in R&D projects is well established, research on the role of marketing in product platform 
development is limited. The third study investigates drivers of marketing involvement in 
product platform development and their impact on financial performance. Drawing on 
knowledge-based theory, we note that marketers should have knowledge of product 
platforms, while at the same time, architects need to know the market opportunities for 
the product platform. In our view, this type of bilateral knowledge ensures marketing’s 
connection with the platform development team and good performance in the 
marketplace. Along with this personal coordination mechanism, we examine the impact of 
a marketing department’s general platform knowledge as formal structural coordination 
mechanism, adding it as a contingency and providing a two-level perspective. We 
tested our model using survey data from a multinational electronics company, with the 
architects as key informants. The results show that the architect’s knowledge of market 
opportunities for the product platform fuels marketing’s involvement and has a direct and 
indirect positive effect on financial performance; the marketer’s knowledge of product 
platforms also improves financial performance, but is entirely mediated by marketing’s 
involvement in platform development; and the product platform’s knowledge of the 
marketing department acts as an important compensatory mechanism, namely high 
knowledge at departmental level compensates for a lack of marketing knowledge at an 
individual level, thus ensuring marketing’s involvement and contribution. These results 
suggest that R&D managers need to build up a marketing department’s understanding 
of product platforms and help individual architects and marketers gain more knowledge 
about platforms including their potential in the market.
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The findings of the three studies are valuable for academia and industry. The results 
provide insights which will help R&D managers make better decisions during technology 
and product platform development, particularly in the predevelopment stage.
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In the search for growth, technology-intensive firms invest heavily in R&D. 
However, the return on R&D investments remains low. Managers still  
struggle to make decisions on how to best manage their firms’ R&D projects. 
Three major challenges they face are: how to prioritize R&D projects within 
a technology trajectory; under what conditions is it beneficial to pursue 
competing technologies in parallel R&D projects; and how to best integrate 
marketing and R&D contributions in product platform development?  
This dissertation presents three studies, one for each of these challenges. 
The findings of this dissertation can assist firms in improving technology 
development and product platform development, particularly in the  
predevelopment stage.
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