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Abstract

One of the main challenges in technology transfer is to actively involve small and medi-
um-sized enterprises (SMEs)—which are most in need of and benefit the most from col-
laborative Research and Development (R&D) programs. This study presents a large-scale
collaboration program which focuses on project-based technology transfer in SMEs with
little to no prior experience in collaborative research projects. The core of this collabora-
tion program is the temporary secondment of scientists from a Research and Technology
Organization (RTO) into an SME to jointly work on a practical project objective—which
is directly tailored to the demands of the SME. To evaluate the effectiveness of this ap-
proach in overcoming barriers related to finding the right collaboration partner, limited
resources, and limited absorptive capabilities, we adopt the R&D Lifecycle Model as a
theoretical framework. Our findings, using self-reported and objective data from 106 dif-
ferent projects in a structural equation model, highlight that most SMEs in the considered
cluster environment not only successfully mastered a challenging topic in the context of
industry 4.0 that immediately benefits the organization, but also engaged in new R&D
projects to strengthen their scientific and technical human capital in the long term. More-
over, consistent with previous literature, we found that trust is the main driver within the
R&D Lifecycle Model both in building capabilities and economic growth. Based on these
insights, we consider a long and close secondment of scientists to SMEs as key for col-
laboration projects and discuss implications for research and future technology transfer
approaches.

Keywords Small and medium-sized enterprises (SME) - Technology transfer - R&D
lifecycle model - Drivers - Barriers - Transfer projects

1 Introduction

In times of ongoing digital transformation, industrial enterprises have to deal with ever-
accelerating change, shortening technology life cycles, and highly dynamic markets (e.g.,
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Green, 2007; Giinsel, 2015; Rauter et al., 2018, van Lancker et al., 2016). At the same time,
costs for research and development are rising, while complexity of products and services
increases (Rauter et al., 2018; van Lancker et al., 2016). In this environment, a companies’
competitive advantage no longer lies in its access to financial or physical capital, but in its
knowledge-based resources and human capacity (Audretsch et al., 2014). This means, the
ability to adapt to, implement, and drive technological changes determines a companies’
competitiveness and capacity to grow (Giinsel, 2015; Handoko et al., 2014).

However, the underlying basic research that enables such technological progress is often
conducted in the public sector, i.e., by universities and government research laboratories
(Feller et al., 2002; Sherwood & Covin, 2008; Wirsich et al., 2016). The application of this
basic research in products, services, or business processes can result in groundbreaking
innovation on the companies’ side (Baba et al., 2009; Spanos et al., 2015). To ensure that
research results are disseminated and refined to be used in marketable products, processes,
or new business models, governmental funding agencies try to strengthen the collabora-
tion between Research and Technology Organizations (RTOs) and companies to achieve an
efficient technology transfer (e.g., Bozeman, 2000; Hayter et al., 2020; Weckowska, 2015).
Indeed, firms involved in such partnerships seem to be in a better position to adopt new
technology and innovate faster, while also reducing the risks of misguided commercial deci-
sions and thus improving their overall competitiveness (Audretsch et al., 2014; Grimpe &
Hussinger, 2013).

The focus of such government-facilitated technology transfer funding programs is often
on small and medium-sized enterprises (SMEs; e.g., Jones & Tilley, 2003). SMEs have
a high economic and social importance and traditionally contribute substantially to the
innovativeness and competitiveness of the whole economy (German Federal Ministry for
Economic Affairs and Energy, 2020; Muller et al., 2017; Perkins, 2018). However, due to
their limited resources and especially limited absorptive capabilities—i.e., limited internal
capabilities for problem-solving and innovation—SMEs are especially challenged by the
acceleration of research and development (R&D) processes, increasing R&D costs, and the
raising complexity of technical systems (Buganza et al., 2014; Decius & Schaper, 2017,
Glinsel, 2015; Rauter et al., 2018; Spithoven et al., 2012; Strategic policy forum on digital
entrepreneurship 2016; van Lancker et al., 2016). As a result, the share of innovative SMEs
is dropping significantly (Zimmermann, 2018). However, because of their limited networks
and thus difficulties in finding the right collaboration partner (Buganza et al., 2014), SMEs
cooperate less closely and less often with academic partners than larger firms (e.g., Badillo et
al., 2017). Though, once engaged, SMEs use their university-based connections to a greater
extent than their larger counterparts (Link & Rees, 1990; Ahn et al., 2018). In short: SMEs
are most in need of and benefit the most from collaborative technology transfer programs.

It is advocated that technology transfer towards SMEs should follow the “scientific and
technical human capital approach” (Bozeman, 2000). This entails that technology trans-
fer—besides immediate positive effects from the project at hand (e.g., reaching defined
goals) —should help build these absorptive capabilities. As pointed out by many scholars
(e.g., Bishop et al., 2011; de Wit-de Vries et al., 2019; Fernandes et al., 2017; van Wijk et
al., 2008), this capability of firms to assimilate and apply new knowledge is a necessary
requirement for further technological advancements.

Even though governmental technology transfer programs put an emphasis on academic
engagement in collaborative projects with SMEs (e.g., German Federal Ministry for Eco-

@ Springer



How to foster innovation in SMEs: evidence of the effectiveness of a... 3

nomic Affairs and Energy, 2020), research in this area is rather lacking (Buganza et al.,
2014; de Wit-de Vries et al., 2019). To shed some light on this important but rather under-
explored topic, the current study thus presents results of a large-scale collaboration program
which focuses exclusively on project-based technology transfer between RTOs and SMEs.

This study employs the R&D Lifecycle Model of Perkmann et al. (2011; also see Albats
et al., 2018; Fernandes et al., 2017) to evaluate to which extent the approach employed
within this large-scale collaboration program could indeed help SMEs to find the right col-
laboration partner, circumvent their limited resources, and design transfer projects that
are not only compatible with SMEs rather limited absorptive capabilities, but help extend
these capabilities in the long run. The R&D Lifecycle Model implies four sequential stages
within a collaborative R&D process: The first stage consists of organizational and individ-
ual “inputs”, which affect the collaborative “in-process activities” (second stage) within the
project. During the duration of the project, these “in-process activities” should lead to the
generation of actual “outputs” (third stage). Finally, the exploitation of these outputs should
result in a range of desirable “impacts” for all partners involved (fourth stage).

Addressing the call of Audretsch et al. (2014), the main contributions of this study are
to present a successful dissemination approach, evaluate its effectiveness, examine the
interplay of technology transfer factors within the SME context on a large empirical basis
(as urged by de Wit-de Vries et al., 2019), and give implications for technology transfer
programs focused on SMEs on the meso-level (Cunningham & O’Reilly, 2018). Addition-
ally, we address several research desiderata by (a) focusing on individual competences and
resources (as suggested by Zaichenko, 2018), (b) adopting the perspective of the companies
engaging in collaborations (as suggested by Cunningham & O’Reilly, 2018; de Wit-de Vries
et al., 2019), (c¢) considering not hardware aspects, but the knowledge facets of technology
transfer (as suggested by Giinsel, 2015), and (d) offering an empirical validation of the R&D
Lifecycle Model on the micro-level (as advised by Perkmann et al., 2011).

In the following, after briefly describing the large-scale collaboration program itself,
we discuss transfer barriers, the selected approaches to overcome them (part 2), as well as
evaluation criteria within the stages of the R&D Lifecycle Model (part 3). After introducing
our research design (part 4), we finally present the results of the empirical evaluation (part
5) and discuss them, including the study’s limitations and implications for future technology
transfer programs (part 6).

2 Atechnology transfer program tailored to the needs of SMEs

SMEs depend on external sources of knowledge to cope with the technology-induced
change towards industry 4.0 (Rauch et al.,, 2018). To successfully collaborate with RTOs,
acquire the knowledge needed, and remain prosperous on the market in the future (Handoko
et al., 2014; Perkmann et al., 2011), SMEs need lowered or eliminated barriers to engage
in technology transfer activities with RTOs (Bozeman, 2000; Feller et al., 2002; Hayter et
al., 2020).

In the following, we will discuss these barriers and especially selected approaches to
overcome them. However, to understand these approaches and the way they were selected
in a better way, we will first briefly describe the large-scale collaboration program itself: it §
OWL— named after a geographical region in northwestern Germany— is a public-private
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partnership of more than 200 businesses of all sizes on the one hand, and 18 RTOs on the
other hand. It can be considered the largest and most capable innovation cluster initiative
in the context of Industry 4.0 in Germany (it’s OWL, 2020; G6tz & Jankowska, 2017). Ity
OWL combines two approaches: One side of the cluster-program consists of long-term and
large-volume collaborative research projects between RTOs and larger firms with expertise
in R&D with a total project volume of around 100 million € (it’s OWL, 2020). These long-
term and large-volume research projects can be classified as high-risk projects, i.e., the
objectives are strongly future-oriented, which involves the building of a new knowledge
base. The other side of the cluster-program is specifically aimed at SMEs whose internal
capacities for R&D are limited and which therefore cannot participate directly in those high-
risk projects but should also benefit from the R&D activities in the cluster.! To disseminate
the research results, it’s OWL tried to overcome existing transfer barriers in the following
way:

Barriers related to finding the right collaboration partner. As shown by for instance
Buganza et al. (2014), finding the right academic partner is especially difficult for SMEs
as they have smaller, more localized networks. Moreover, they are often unable to identify
RTOs that can answer their specific needs on their own (Masiello et al., 2015), but at the
same time rarely come into contact with technology transfer intermediators like university
technology transfer offices (Todtling & Kaufmann, 2001). Brokerage and bridge building
are thus key practices of transfer and can promote the establishment of a collaboration
(Lockett et al., 2008). To overcome these barriers, it’s OWL’s transfer activities take place
within the described innovation cluster ecosystem, which—in accordance with the cluster
concept of Porter (Porter, 1998; 2003; also see Curley & Salmelin, 2018)—is characterized
by a technological focus (in this case on intelligent technical systems and industry 4.0)
and geographical proximity of the actors involved (in this case a region in northwestern
Germany; Ketels, 2017; Ketels & Memedovic, 2008). Geographical proximity facilitates
exchange and assimilation of knowledge and thereby improves the likelihood of successful
collaboration between academia and industry (Albats et al., 2018; Audretsch et al., 2014;
Bishop et al., 2011; Herliana, 2015; Kind & Meier zu Kocker, 2012; Petruzzeli & Murgia,
2020; Schuh & Woelk, 2017; Villani et al., 2017). Within this innovation cluster, the it
OWL management agency employs an active bridging organization as an intermediator
(Dumitrescu et al., 2016; Fechtelpeter et al., 2017; Fechtelpeter et al., 2018), which—unlike
a classic technology transfer office—not only provide access to one RTO, but eighteen and,

!'To give the reader a better understanding of the transfer initiative, below are brief descriptions of two trans-
fer projects:As part of one transfer project, a supplier of adhesives for the furniture-, textile- and automotive-
industries optimized the production of reactive hot-melt adhesives in order to increase process reliability.
The aim of the project partners was to develop a virtual sensor for online monitoring of adhesive viscosity
during the production process. Because a direct measurement of the viscosity is not possible, the monitor
combines a multitude of measurement data, which indirectly provide information about the reaction progress.
Machine learning algorithms were used to detect a suitable mapping of measured variables to the viscosity.In
another transfer project, the SME wanted to improve its production of complex foot-operated switches. These
switches are used in the field of medical technology, for example in performing eye surgery. The sophisti-
cated assembly is carried out by hand and demands maximum precision. As part of the transfer project, the
partners developed an intelligent and intuitive assistance system, which explains work processes by means of
a graphic user interface. A touchscreen is used to show the employee images and videos, which explain how
the individual components are correctly assembled. In order to assure quality, process steps can be checked
and documented in paperless form. The architecture of the assistance system is based on standardized process
models and can be linked with other levels of the company IT.
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as suggested by Garengo (2019), actively develops and manages transfer activities like net-
working events between RTOs and SMEs.

Barriers related to limited resources. As discussed by Masiello et al. (2015) and others,
SMEs often lack internal resources, and even if they do not, they are reluctant to invest
time and money in collaborations with RTOs. This is presumably due to the risk of failure
associated with such collaborations (see Proskuryakova et al.2017) as well as the “long term
orientation of academics and the fundamental nature of [academic] research” (de Wit-de
Vries et al., 2019, p. 1247; Albats et al., 2018). In addition, the length of time taken between
initial collaboration proposal and actual start of the collaboration as well as the bureaucratic
procedures to get there are seen as major obstacles (e.g., Bozeman, 2000). To protect the
SME’s limited resources, it s OWL focuses on shorter transfer projects that only take about
five to ten months (as suggested in Tavares, 2000, as cited in Buganza et al., 2014), can be
applied unbureaucratically and easily, and usually starts shortly after the initial proposal
is granted by the bridging organization—and not by a superordinate governmental fund-
ing agency (Dumitrescu et al., 2016; Fechtelpeter et al., 2017; Fechtelpeter et al., 2018).
These transfer projects often build on know-how and project results that have been tested
in industrial applications. Moreover, the RTO in any collaborative project is fully publicly
funded (the cluster-internal bridging organization had a total public funding of about 6 mil-
lion € for these kinds of transfer projects); the company contributes additional efforts to the
collaboration, e.g., in the form of personnel resources. Bringing own effort into the project
increases the company’s commitment to the project, which is considered a success fac-
tor for transfer collaborations (Barbolla & Corredera, 2009). To prevent the risk of failure
associated with the long-term orientation of many collaborative research endeavors and to
increase the involvement and commitment of the companies, the transfer projects focus on
specific tasks and challenges from business practice of the firm’s discretion. This ensures
that the intended results have a high relevance for the companies and that the companies
have a high interest in assimilating the project results (Barbolla & Corredera, 2009; Salmi
& Torkkeli, 2009). Both are key success factors for technology transfer and also help lifting
the next set of barriers:

Barriers related to limited absorptive capabilities. As pointed out by many scholars (e.g.,
Bishop et al., 2011; de Wit-de Vries et al., 2019; Fernandes et al., 2017; van Wijk et al.,
2008), the capability of firms to assimilate and apply new knowledge is a necessary require-
ment for successful technology transfer. Unfortunately, especially SMEs are often lacking
in this regard (Buganza et al., 2014), presumably because larger firms “not only have more
resources to devote to knowledge transfer [...], but may also have more diverse knowledge
resources that enable absorption of new knowledge” (van Wijk et al., 2008, p. 844). In
the conceptualization of its technology transfer instrument, its OWL puts great emphasis
on overcoming this set of barriers: For one, as argued by van Wijk et al. (2008), industry-
academia collaboration is often not focused on knowledge that is relevant for the firm at
that particular point in time and might therefore not easily be exploited. As described in the
last set of barriers, the transfer projects presented here are projects of the firm’s discretion.
The results of such a project should therefore be directly implementable in the firm’s reper-
toire and knowledge base (Barbolla & Corredera, 2009; Salmi & Torkkeli, 2009; Santoro &
Chkrabarti, 2002; Motohashi, 2005). Following suggestions by Locke and Latham (1990),
it’s OWL’s bridging organization monitors that the project goals are set to be challenging,
but likely to fulfill (also see Garengo, 2019). In other words, the transfer projects enable
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SMEs to execute projects with a manageable element of technical risk that they would oth-
erwise not be able to carry out due to a lack of scientific and technical human capacities or
other resources. Furthermore, scholars have emphasized that especially informal learning
processes—i.e., (tacit) knowledge exchange through feedback, reflection, and work experi-
ences (Decius et al., 2019; Hilkenmeier et al., 2021)—are “a necessary condition to build
up and maintain the formal technology transfer interaction” (Zaichenko, 2018, p. 370) and
have “a major impact on the effectiveness of manufacturing technology transfer” (Bozeman
2000, p. 642). Therefore, as suggested by Demain (2001) and others, it’s OWL chooses an
interpersonal transfer approach in which the academic partner is working in the facilities of
the industrial partner. This secondment of scientists “is likely to be particularly effective in
transferring tacit knowledge and skills from university to company” (Hicks, 1993, p. 372),
and “the dual configuration of academic and practitioner entrepreneurial team configura-
tion provides the basis for the most effective commercial performance” (Cunningham &
O’Reilly, 2018, p. 547). The positive effects of the secondment should be enhanced by the
relatively long and close interaction between transferor and recipient (Amesse & Cohendet,
2001; Salmi & Torkkeli, 2009; Sherwood & Covin, 2008).
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Fig.1 Conceptual evaluation framework and empirical resultsNote. Rectangles represent manifest indicators,
whereas ovals represent latent constructs. Arrows pointing from items to constructs indicate formatively op-
erationalized constructs (with associated weights), whereas arrows pointing from constructs to items indicate
reflexively operationalized constructs (with associated loadings). The model was specified in a way that all
constructs from an earlier stage influence all constructs in the subsequent stage (e.g., motivation was assumed
to influence joint strategy, trust, as well as commitment). However, for the sake of clarity, nonsignificant
paths were omitted
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3 Conceptual evaluation framework: the R&D lifecycle model

Above, we have identified three sets of barriers that hinder technology transfer into SMEs
and presented the project-based transfer approach of the large-scale collaboration program
it’s OWL’s to lift these barriers. To empirically test the effectiveness of this approach, we
use the R&D Lifecycle Model (Perkmann et al., 2011). More specifically, we use the R&D
Lifecycle Model and its extensions (Albats et al., 2018; Fernandes et al., 2017) as a theo-
retical framework to choose evaluation metrics (performance indicators) that best fit the
transfer approach used and are relevant to the objectives of the it5 OWL transfer approach
(as intended by Albats et al., 2018; Rossi & Rosli, 2015), namely increase a firm competi-
tiveness as well as its absorptive capabilities. However, as stated by Perkmann et al., 2011,
earlier stages of the R&D lifecycle influence subsequent stages. Thus, we not only use
performance indicators from the two later stages “outputs” and “impacts” to measure if
the transfer projects lead to increased competitiveness and absorptive capabilities, but use
indicators from all four stages to model the interplay between the different stages. By doing
so, we utilize a structural equation model (SEM) further described in Sect. 4 and depicted in
Fig. 1 to assess which impact is influenced by which output and to what extent. Likewise,
we can determine which in-process activity influences which output and so on.

As discussed, the its OWL transfer approach tries to counteract barriers related to find-
ing the right collaboration partner (e.g., Buganza et al., 2014; Lockett et al., 2008) by
employing an active bridging organization as an intermediator which matches SMEs and
RTOs within the cluster region. To evaluate this matching process at the “input” stage, we
measure the transfer recipient’s (the SME’s) motivation during the initiation phase. While
many scholars emphasize academia’s motivation in engaging in transfer projects (e.g.,
Bercovitz & Feldman, 2008; Perkmann et al., 2011), the industrial partner’s motivation is
equally important for a successful cooperation (see Fernandes et al., 2017). Relevant aspects
to test whether the it5 OWL bridging organization’s matching process generates motivated
industrial partners are (a) whether the project was originally initiated by the SME (Boze-
man, 2000), and (b) the share of expected work allocated to the industry partner during
the preparation of the necessary project proposal (Albats et al., 2018; Cummings & Teng,
2003). Most likely, this motivation during planning helps to develop a common percep-
tion of the R&D challenge to be solved in the transfer project at hand, which leads to a
Jjoint strategy during the “in-process activities”. As Cummings and Teng (2003), Morandi
(2013) or Schultz et al. (2020) have shown, a joint strategy, i.e., a common perception of
the aspired goals and the way to reach them substantially increases a project’s performance.
Joint strategy consists of common procedures and goals, indicating the level of ambition of
both partners (Mora-Valentin et al., 2004). As shown by Morandi (2013), this is especially
important when the project partners’ activities are mutually interdependent, as is the case in
the technology transfer approach with long and close secondment of scientists to the com-
pany presented here. A further aspect of joint strategy and indicating whether it’s OWL’s
bridging agency helps finding the right collaboration partner is the effort of both partners
put in the collaboration, whereby both partners should be equally involved (Perkmann et
al., 2011). Finally, defining the joint strategy should reveal possible coordination efforts
that “minimize the confusion, conflicts of interests or mismatch in the vision of the project
implementation” (Albats et al., 2018, p. 397) that arise due to differences in culture, priori-
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ties, and values between RTOs and SMEs (Banal-Estanol et al., 2013; Cummings & Teng,
2003; de Wit-de Vries et al., 2019; Morandi, 2013).

To circumvent barriers related to limited resources, it’s OWL focuses on shorter, unbu-
reaucratic transfer projects and with a fully publicly funded RTO transfer partner. To track
the influence of the firm’s resources on its engagement in the it’s OWL transfer project, we
measure the SME’s expenditure at the “input” stage. As for instance stated by Perkmann
et al. (2011), expenditure is a major factor in any type of R&D activity and has a positive
impact on innovation potential (Nepelski et al., 2019; Ahn et al., 2018). While expenditure
measures the resources dedicated at the “input” stage at the start of the project, the “in-
process activity” commitment reflects the transfer recipients’ organizational commitment to
prioritize the transfer project, i.e. whether the SME has enough resources to commit to the
project over its day-to-day business (Barbolla & Corredera, 2009; Barnes et al., 2002; Cum-
mings & Teng, 2003; Plewa & Quester, 2006). Moreover, commitment is indicated by the
staff’s involvement degree, i.e. managerial and non-managerial support and assistance from
the SME’s staff who are not directly involved in the transfer project, which is positively
associated with transfer performance (see Liu & Hsiao, 2019). Furthermore, commitment is
indicated by the perceived importance of the project within the organization, e.g., whether
senior management sees it as a priority. Otherwise, it might again be hard to commit the
resources needed (e.g., Barnes et al., 2002; Cummings & Teng, 2003; Mora-Valentin et al.,
2004).

Finally, to counteract barriers related to limited absorptive capabilities, its OWL
employs transfer projects with manageable risk and of the firm’s discretion that (ideally)
lead to results that can be implemented in the firm’s products, services or processes shortly
after the end of the project. Moreover, it’s OWL chooses an interpersonal transfer approach
in which the seconded academic partner (also known as “boundary spanner”; de Wit-de
Vries et al., 2019) is working in the facilities of the industrial partner, which should be the
most effective basis for technology transfer (Cunningham & O’Reilly, 2018; Hicks, 1993).
To test whether this approach actually negates the need for pre-existing absorptive capa-
bilities at the “input” stage, we examine the influence of prior experience by evaluating the
extent of previous collaborative research or contract research, which usually increases per-
formance during the cooperation and contributes to the reduction of transfer barriers (e.g.,
Bellini et al., 2019, Barbolla & Corredera, 2009; Santoro & Bierly, 2006; van Wijk et al.,
2008). The collaborative working style und thus close communication between industrial
and academic partner should facilitate building #rust at the “in-process” stage (e.g., Kaup-
pila et al., 2015; Salmi & Torkkeli, 2009; Sherwood & Covin, 2008), especially for more
unexperienced industrial partners, who fear that their academic counterparts might not be
working on the same goals, or have a hidden agenda (De Wit-de Vries et al., 2019). Thus,
trust is indicated by a more goal-oriented work (Mora-Valentin et al., 2004) and a higher sat-
isfaction with the collaboration process (De Wit-de Vries et al., 2019). Indeed, trust seems
to be a key requirement for transfer projects to successfully reach their desired outcomes, to
which we turn next (e.g., Barbolla & Corredera, 2009; Bellini et al., 2019; Kauppila et al.,
2015; Lockett et al., 2008; Oliver et al., 2020; Santoro & Bierly, 2006).

As discussed in the introduction of this manuscript, firms who are involved in academia-
industry-collaborations and overcame the aforementioned transfer barriers should be able
to implement new technologies into innovative products, process, services, or business
models in a faster and less risky way, thus improving their overall innovation capabilities
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and competitiveness—both immediately and in the long run (e.g., Audretsch et al., 2014;
Bishop et al., 2011; Grimpe & Hussinger, 2013). Besides these direct positive effects from
the collaborative project at hand, these firms should also build absorptive capabilities dur-
ing the collaboration: Increased absorptive capabilities should not only help to further
disseminate the project’s results within the organization, but also enable the company for
further technological advancements in new research topics (e.g., Bozeman, 2000; van Wijk
et al., 2008). To match these multi-faceted outcomes of project-based technology-transfer
within the R&D Lifecycle Model, we investigate both performance (i.e., competitiveness)
and innovativeness (i.e., absorptive capabilities) immediately and (at least prospectively)
in the long run.

The immediate “outputs” thus cover more tangible and direct benefits, i.e. whether the
transfer project achieves its defined goals (Grimaldi & von Tunzelmann, 2002; Lockett
et al., 2008) and therefore increases the SME’s overall competitiveness short-term; and
more intangible effects of the collaboration, namely building scientific and technical (S&T)
human capital at the project level (Bozeman et al., 2001), which, according to Bozeman et
al. (2015), is at least as valuable as the beneficial direct outputs and helps increase the firm’s
absorptive capabilities. Increased S& T human capital at the project level shows that transfer
recipients have mastered the transferred technologies and are able to use them in day-to-day
business as well as apply them throughout the company and to new problems and projects
(also see Argote et al., 2000 for intra-organizational knowledge transfer).

In the more future-oriented “impact” stage, long-lasting growth in competitiveness is
determined by the market impact, i.e., the commercial success of the transferred technol-
ogy that should manifest itself in overall organizational growth and success (Bozeman et
al., 2015; Perkmann et al., 2011). Sustainable innovativeness through increased absorptive
capabilities on the other hand is evidenced by engagement in new R&D projects in the
future. Therefore, the existence of new early-stage research projects is a suitable measure
(Perkmann et al., 2011).

4 Methods
4.1 General research design

As outlined in the introduction, our objectives are to (a) evaluate the effectiveness of the it s
OWL transfer approach designed for the demands of SMEs and to (b) determine the main
drivers that contribute to successful transfer projects within this context. To evaluate the
approach’s effectiveness, we report and discuss descriptive statistics of the R&D Lifecycle
Model’s later stages “output” and “impact” explicated in part 3. If the transfer approach
has been successful, the transfer recipients should report tangible and intangible outputs
and impacts like high organizational benefits, technological advancements (i.e., achieved
innovation leaps), or engagement in new R&D projects. As detailed below, we therefore
employ both objective and subjective data as well as retrospective and prospective measures
to obtain a holistic evaluation framework (as recommended by e.g., Lockett et al., 2008;
Perkmann et al., 2011).

To determine the main drivers that contribute to successful transfer projects, we employ
a partial least squares structural equation model (PLS-SEM; cf. e.g., Goller & Hilkenmeier
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forthcoming; Hair, Hult et al., 2014) using the R package plspm v0.4.7 (Sanchez et al.,
2015). The PLS-SEM approach offers several features that make it particularly suitable for
the study at hand and quantitative technology transfer studies as a whole (see Ibanez et al.,
2021; Leischnig & Geigenmiiller, 2020; or Stolze & Sailer, 2021, for recent examples in The
Journal of Technology Transfer): First, since it is based on a series of ordinary least squares
(OLS) regression, it can handle even complex causal predictive models with relatively small
sample sizes. Second, PLS-SEM allows incorporation of formative constructs (i.e., group-
ing variables), which cover different aspects of a construct (Chin, 2010). Therefore, the
PLS-SEM approach fully meets the demands of our study: The underlying R&D lifecycle
framework is rather complex and uses a number of abstract and inclusive “high bandwidth”
constructs (Ones & Viswesvaran, 1996), which are best modelled as formative constructs.
Furthermore, the sample size (and even the underlying population) of its OWL transfer
projects is relatively small, requiring an approach with high statistical power. These benefits
come along with at least one relevant downside: PLS-SEM does not offer global goodness-
of-fit criteria like y* significance test, CFI, or RMSEA to assess how well a specified model
fits the observed data. Instead, as in regression analyses, the interpretation of the results
focuses on path coefficients and R? values (Goller & Hilkenmeier forthcoming). However,
since the aim of the present research endeavor is on identifying those aspects of the R&D
Lifecycle Model that most strongly predict transfer success, this downside is negligible
(Goller & Hilkenmeier forthcoming).

4.2 Procedure and sample

In the time span between 2014 and 2017, it’s OWL conducted 171 transfer projects with a
total public funding of about 6 million €. Approximately three months after each project, an
online questionnaire was sent to the transfer recipient (i.e., the principal collaborator within
the SME serving as contact person). As shown by Bandura (1977), Ajzen (1991), or—more
specific in the transfer context—Mora-Valentin et al. (2004), it is the subjective perception
that drives behavior. Therefore, asking for the transfer recipients’ perception of inputs, in-
process-activities, and outputs should lead to a high predictive validity in regard to the last-
ing impact of the transfer project. As suggested by e.g., Lockett et al. (2008) and described
above, our evaluation also includes prospective indicators of anticipated long-term impacts.

By contacting the transfer recipient directly, we ensure that the evaluator is the same
person who worked on the project. This questionnaire was not anonymized, but it was made
clear that the individual answers would remain confidential within the research institution
(represented by the first author who is not a part of the cluster). The results were reported
only in aggregate form to the management of the leading-edge cluster or the government
funding agency. De-anonymizing the questionnaire allowed us to enrich the survey data
with more objective measures when useful (see below). These data were taken from a proj-
ect proposal (approx. ten pages) that the project consortium (SME and RTO) had to write
during the planning and application phase of a transfer project. Overall, we gathered data
from 106 different transfer projects, representing a return rate of 62%. However, because
16 of these 106 evaluated projects had up to three principal collaborators within the SME,
we get data from 125 participants (for these cases, the average within-group-agreement
between collaborators from the same firm was 0.81, which, according to LeBreton & Senter,
2008, can be classified as strong agreement).
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4.3 Measures and operationalization

The online questionnaire sent to the transfer recipient contained 25 survey items, each to
answer either on a three-point or a six-point Likert-scale ranging from “strongly disagree”
to “strongly agree”. In addition, we extracted 4 information from each project proposal and
merged these rather objective data with the survey data. Due to cross-loadings (see results
section below) we had to exclude one survey item. A brief overview of the remaining 28

Table 1 Indicators Used in the Evaluation Including Descriptive Statistics

Process stage  Factor Item Results in %
strongly disagree <->strongly agree
Input R&D Appropriate budget? 0.0 19.2 80.8
Expenditure  Appropriate timeframe? 32 33.6 63.2
Total project duration in month ** 8.1
Capabilities  Prior collaborative research'? 29.0 71.0
Prior commissioning of contract 45.0 55.0
research'?
Motivation  Initiative 0.0 48 144 49.6 20.0 11.2
Share of expected work** 49.0
In-Process Joint strategy Efforts for common understanding®> 2.4 18.4 79.2
Appropriate goals? 0.0 232 76.8
Trust Goal-oriented collaboration 08 32 48 8.0 264 568
Satisfactory collaboration 1.6 24 72 152 40.8 328
Experience to work together 0.8 32 48 80 264 568
Commitment Project priority 00 64 72 32.0 33.6 2038
Organizational support 1.6 1.6 72 240 36.0 29.6
Focus on Project 1.6 56 12.0 224 33.6 248
Output Goals Goals reached 0.8 40 72 200 40.0 28.0
achieved High organizational benefit 0.8 48 88 200 344 312
Technological advancement 1.6 48 8.0 184 424 248
S&T human Use project output in day-to-day 5.6 13.6 12.0 28 20.8 20.0
capital business
Share project outputs among 0.0 12.0 5.6 28.0 352 19.2
departments
Apply output to different problems 2.4 11.2 11.2 13.6 37.6 24.0
Continue research on one’s own 08 64 48 21.6 28.8 37.6
Impact Market Predicted employment growth 8.0 12.8 20.8 21.6 224 144
impact Predicted growth in 1.6 24 40 248 312 360
competitiveness
Predicted organizational success 1.6 08 80 208 344 344
New R&D Further interest in cooperative 00 08 48 104 21.6 624
projects research
Further research on same topic! 43.2 56.8
Further cooperation with same 39.6 60.4
partner!

Note." Indicators are true or false; ? Indicators are on a three-point scale; > Duration in month; * In percent;
3 Information extracted from the project proposal; all other indicators were answered by transfer recipients
on a six-point Likert scale. A full description of all indicators, their measurement, means, standard
deviations, and a short reference to locate the indicator in the technology transfer literature are provided
as Electronic Supplementary Information

@ Springer



12 F. Hilkenmeier et al.

indicators including their descriptive statistics can be found in Table 1. A full description of
all indicators, their measurement, means, standard deviations, and a short reference to locate
the indicator in the technology transfer literature are provided as Electronic Supplementary
Information.

5 Results
5.1 Effectiveness of the it’s OWL focused transfer projects

Besides achieving the specific sub-goals of each project (which were defined in the proj-
ect proposal, e.g., development of a new function for a product based on machine learn-
ing methods, see again '), the overarching goal of all it’s OWL transfer projects was to
strengthen the SMEs’ scientific and technical human capital and thereby increasing their
innovative and absorptive capabilities. The descriptive statistics for all indicators used in
the R&D Lifecycle Model can be found in Table 1. As we will discuss in more detail below,
the descriptive results indeed suggest that most projects achieved both the specific sub-goals
and the overarching increase in absorptive capabilities: More than 65% of the transfer recip-
ients “agree” or “strongly agree” that the objectives of the transfer project were achieved
and that the resulting technological advancement had an immediate organizational benefit
(see descriptive statistics of goals achieved in Table 1). Likewise, at the time of the evalua-
tion, about 60% of the SMEs were already working on a follow-up project (see descriptive
statistics of New R&D projects in Table 1).

5.2 Drivers of successful technology tansfer projects: assessment of the
measurement model

In order to identify the main drivers of successful technology transfer projects between
SMEs and RTOs within the it’s OWL transfer approach, we consider the R&D Lifecycle
Model as a theoretical framework for the assumed relationships (see Fig. 1), and therefore
apply structural equation modeling (SEM) using the partial least squares (PLS) approach.
As described in Goller and Hilkenmeier (forthcoming), or Hair et al. (2014), analysis using
PLS-SEM is usually conducted in two separate stages: (a) assessment of the measurement
model and (b) assessment of the structural model. Whereas analyses at the first stage ensure
that the data are indeed suitable for the theoretical model at hand, analyses at the second
stage deal with the interplay of the different factors within the model.

A first step to ensure the appropriateness between empirical data and theoretical model
is to examine whether the empirical sample size is sufficient to find any substantial effects
(statistical power). As suggested by Hair, Hult et al. (2014), the power analysis focuses
on the part of the model with the highest number of predictors. As can be seen in Fig. 1,
the highest number of predictors of any construct is three. Using R’s pwr package v1.2-2
(Champely, 2018), we determined a minimum sample size of 100 to achieve a statistical
power of 80% for detecting low-to-medium effect sizes (R? values of at least 0.10) on a sig-
nificance level of 5%. With a sample size of N=125 in the present study, this requirement
is therefore fulfilled.

@ Springer



How to foster innovation in SMEs: evidence of the effectiveness of a... 13

Second, as most of our indicators were answered using a self-report questionnaire, our
data might suffer from common method variance, even though—as a procedural remedy
suggested by Podsakoff et al. (2003)—we used different response formats throughout the
questionnaire (see methods section above). Applying Harman’s (1960) test, the single fac-
tor for all 28 items (self-reports and objective data from the project-proposal) accounts for
26.5% of the overall variance, whereas the single factor for all 24 self-reported survey items
(see supplementary information) accounts for 30.8% of the overall variance, both of which
is well below the critical threshold of 50%. Thus, according to Harman’s test, there is no
indication of a high common method variance in our data.

Whereas the first and second step dealt with the suitability of the data in general, the third
step is concerned with the relationship between the factors (constructs) and their respec-
tive indicators. For reflectively operationalized constructs (see Fig. 1 as well as Electronic
Supplementary Information), it is necessary to ensure a high proportion of common vari-
ance between the manifest items (i.e., to ensure that all items measure the same construct
reliably). Reliability was assessed by calculating the factor loadings as well as Cronbach’s
alpha for each reflective construct. With factor loadings and Cronbach’s alpha>0.70, all
reflectively operationalized constructs can be considered reliable (Hair, Black et al., 2014).
Only the construct S& T human capital slightly misses these criteria. However, with all fac-
tor loadings>0.67 and Cronbach’s alpha=0.68, this construct can still be seen as reliable
enough (see Table 2 column “Cronbach’s alpha” and Fig. 1 for factor loadings).

For formatively operationalized constructs, indicators do not need to correlate but must
cover different aspects of a construct to form a common factor. Therefore, collinearity
between the indicators needs to be checked to ensure stability of the estimated coefficients.
This means, formatively operationalized constructs cannot be evaluated in the same way
as reflectively operationalized constructs (Sanchez et al., 2015). Thus, instead of report-
ing Cronbach’s alpha as a measure of reliability, we report variance inflation factors (VIF)

Table 2 Reliability and Collinearity of all Constructs

Process stage Factor Cronbach’s alpha AVE Max. VIF Max.
(reflexive constructs) (reflexive (formative VIF
constructs) constructs) (process
stage)

Input R&D expenditure 1.01 1.01
Motivation 1.00
Capabilities 1.10

In-Process Joint strategy 1.02 1.68
Trust 0.88 0.81
Commitment 0.76 0.65

Output Goals achieved 0.83 0.75 1.72
S&T human capital 0.68 0.51

Impact Market impact 0.88 0.81 1.32
New R&D projects 1.24

Note. To assess reliability for reflexively operationalized constructs, we calculated Cronbachs alpha
and the average variance extracted (AVE). To assess collinearity between items of a formatively
operationalized construct, we calculated the variance inflation factors (VIF). The largest VIF for each
formatively operationalized construct is shown here (max. VIF). Likewise, to assess collinearity between
different predictors / constructs, we calculated the VIF for each construct on a given process stage. The
largest VIF for each process stage is shown here (max. VIF)

@ Springer



14 F. Hilkenmeier et al.

as a measure of collinearity for formatively operationalized constructs (Hair, Black et al.,
2014; Kline, 2016). All resulting VIFs were smaller than two and therefore indicate that col-
linearity is unproblematic in the current dataset (see Table 2 column “Max. VIF formative
constructs”; see O’Brien, 2007, for an in-depth view into collinearity).

In step 3, we focused on each construct and its indicators separately; in step 4 we turn
to convergent validity and discriminant validity between the constructs. On the item-level,
we checked each indicator’s loading on the target construct against its cross-loadings on all
other constructs. As described in the methods section above, one of the original 29 indica-
tors had higher cross-loadings on several other constructs than on its target construct. That
indicator was therefore excluded and the whole analyses were rerun (all analyses presented
here refer to the final 28 indicators). As can be seen in the Electronic Supplementary Infor-
mation, all of these 28 items loaded the highest on their respective constructs, confirming the
indicators’ discriminant validity. On the construct-level, we checked the average variance
extracted (AVE) and employed the Fornell-Larcker-criterion for reflectively operationalized
constructs (Fornell & Larcker, 1981). AVE is the average amount of variation that a latent
construct explains in its indicators (Farrell, 2010). Thus, analogous to a high Cronbach’s
alpha value, an AVE>0.50 indicates that items of a given factor are indeed a reliable mea-
sure of that construct (Hilkenmeier et al., 2020). As can be seen in Table 2 (column “AVE”),
all reflectively operationalized constructs exceed this threshold and therefore display good
convergent validity. To test discriminant validity on the construct level, we compared the
AVE (representing the average amount of variance that a construct explains in its indicators)
against the squared intercorrelations between the constructs in the model (representing the
amount of variance a construct shares with each other construct). Discriminant validity is
established when a construct is more closely related to its own indicators than to any other
construct within the contextual framework. As can be seen in Table 3, the square root of each
reflectively operationalized construct’s AVE (shown in the diagonal) is always higher than
the highest correlation with any other construct, indicating discriminant validity (Fornell &
Larcker, 1981; Hilkenmeier et al., 2020; please note that the alternative approach to estab-

Table 3 Intercorrelations Between the Factors

Factor Num- 1 2 3 4 5 6 7 8 9 10
ber of
items

1. Capabilities 2 -

2. R&D expenditure 3 0.02 -

3. Motivation 2 0.02 0.07 -

4. Commitment 3 -0.21 0.13 -0.02 0.81

5. Joint strategy 2 0.04 0.18 0.18 0.35 -

6. Trust 3 -0.08 0.31 0.12 0.51 0.54 0.90

7. Goals achieved 3 -0.13 0.25 0.16 0.54 044 0.77 087

8. S&T human capital 4 -0.07 0.12 0.14 0.37 037 052 0.65 0.71

9. Market impact 3 -0.02 0.11 0.11 0.37 022 048 0.69 0.65 0.90

10. New R&D projects 3 0.04 0.08 0.01 041 030 048 042 048 049 -

Note. All r>.18 differ significantly from zero with p<.05 (two-tailed test). For reflexively operationalized
constructs, the square-root of the AVE is shown in the diagonals in italics. For discriminant validity between
the constructs, the square-root of the AVE of the construct in question must be higher than the highest
correlation of that construct with any other construct in the model
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lish discriminant validity via HTMT, although not reported here, also indicates discriminant
validity, see Henseler et al., 2015). It follows that, based on the presented analyses, both the
reflectively operationalized constructs as well as the formatively operationalized constructs
can be used to estimate the assumed relationships in the structural model.

5.3 Drivers of successful technology transfer projects: assessment of the structural
model

Since the evaluation of the measurement model has shown satisfactory results, the sec-
ond stage of the data analysis focuses on the structural model. As described in the general
research design above, PLS-SEM uses a set of OLS-based regressions to obtain parameter
estimates in this model part. Therefore, as a first step, it is important to again check for
collinearity, this time among all constructs of a given process stage of the R&D Lifecycle
Model. As can be seen in Table 2 (column “Max. VIF process stage”), the resulting VIFs
are again all below 2, which indicate that the path coefficients estimated by the PLS-SEM
algorithm are not affected by collinearity. Therefore, R’ values of the endogenous constructs
and path coefficients are inspected next.

Figure 1 shows the estimated loadings (4; for reflectively operationalized constructs),
outer weights (w; for formatively operationalized constructs), standardized path coefficients
(B), and explained variance (R’) for each endogenous variable. As described in the intro-
duction and in the discussion of the conceptual evaluation framework, the R&D Lifecycle
Model implies causal relationships between the four stages, meaning that each construct
on an earlier stage should influence all constructs in the subsequent stage. Accordingly, we
estimated the PLS-Model in that way. However, for the sake of clarity, nonsignificant paths
were omitted from Fig. 1.

As Fig. 1 shows, the “impact” factor new R&D projects has an R’ value of 0.25 whereas
market impact has an R’ value of 0.54, which, in Cohen’s terms (1988), can both be clas-
sified as strong effects. This means that 25% of the variance in new R&D projects can be
explained by its predictors, namely the two “output” factors goals achieved and S&T human
capital. In other words, without knowing anything about the involved SME in detail (e.g.,
R&D challenges, size, sector, products), we can explain 25% of the SME’s future R&D
efforts simply by knowing to what extent the SME has achieved the goals of the trans-
fer project and to what extent it has increased its S&T human capital. Interestingly, goals
achieved is the strongest driver for market impact (B=0.47), whereas S& T human capital is
the strongest driver for new R&D projects (B=0.36). In fact, S&T human capital is the only
significant driver for new R&D projects, suggesting possible differential effects for increas-
ing competitiveness and increasing absorptive capabilities in the long run.

Turning to the previous stage of the R&D Lifecycle Model, Fig. 1 shows that the “output”
factors goals achieved and S&T human capital have R’ values of 0.62 and 0.29, respectively,
which can again be classified as strong effects. The most important driver for both “outputs”
is trust (B=0.66 and f=0.40, respectively). In fact, within the transfer approach presented
here, joint strategy influenced neither of these factors, and commitment only showed a mod-
erate effect on goals achieved.

Again turning to the previous stage of the R&D Lifecycle Model, Fig. 1 shows that none
of the “in-process activities” can be explained particularly well, with R? values ranging
between 0.06 and 0.12 (all small effects; Cohen, 1988). Indeed, the only significant path
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coefficients between “input” stage and “in process” stage lead from R&D expenditure to
joint strategy (B=0.17) and trust (=0.31).

After investigating the interplay between the different factors at the different stages of
the R&D Lifecycle model, we transform the results of the PLS study into importance-per-
formance maps for our two constructs of the “output” stage as well as for the two constructs
from the “impact” stage (e.g., Hair et al., 2014). An importance-performance map identi-
fies predictors with a relatively high importance and relatively low performance. Manage-
rial efforts should in general concentrate on these predictors (lower right quadrant in each
importance-performance map of Fig. 2), as they should be relatively susceptible to change
(due to their current low performance) and yet offer strong improvements on the target con-
struct (due to their relative importance). As a measure of performance, we used the construct
mean scores (see Electronic Supplementary Information), each rescaled as a percentage
value ranging from 0 to 100. As a measure of importance, we used the total effects of each
factor on the respective target construct as estimated by the PLS algorithm.

As can be seen in the upper part of Fig. 2, the importance-performance maps for goals
achieved and S&T human capital suggest concentrating on commitment, and—to a lower
degree—on trust and R&D expenditure, even though the performance of the latter two is
already quite high. As depicted in the lower part of Fig. 2, importance-performance maps for
market impact and new R&D projects suggest concentrating on S&T human capital.

Importance Performance Map for Goals Achieved Importance Performance Map for S&T Human Capital
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Importance Performance Map for Market Impact Importance Performance Map for New R&D Projects
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Fig. 2 Importance-performance maps for the two “outputs” and the two “impacts”. Quadrants are formed by
median-split on both performance (construct mean scores rescaled as a percentage value) and importance
(PLS-estimated total effects).
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6 Discussion

In the following, we first summarize the main findings of our study and place them in the
context of previous research. In doing this, we follow the stages of the R&D Lifecycle
Model (Perkmann et al., 2011) which has served as conceptual framework within our study.
Finally, we discuss implications for technology transfer approaches based on the its OWL
approach we considered in our study (i.e. consideration of technology transfer activities in
clusters as well as project-based transfer collaborations). We focus on the essential feature
of long and intensive secondments of scientists to SMEs and the associated duration of
transfer projects.

6.1 Summary of the findings

The aim of technology transfer activities is to provide companies and their employees with
advanced technologies and methods as well as scientific research results. The companies
convert the transfer results and developments into innovative products, processes, or busi-
ness models, and are empowered to advance technology as well as product and process
development on their own (Bozeman, 2000; Diebold et al., 2015; Link, et al., 2007).

Overall, the it’s OWL transfer projects have achieved this objective. As can be seen in
the descriptive statistics (Table 1 as well as Electronic Supplementary Information), about
two thirds of the projects led to an immediate technological advancement within the transfer
recipient’s organization. These advancements are projected to significantly contribute to
the organizations’ success in the future, covering the “innovative products and processes”
part. Moreover, about 60% of all project partners are already working on a joint follow-up
project. According to Perkmann et al. (2011), this can be seen as a strong indicator of the
long-term development of human and institutional capacities, covering the “advance the
technology” part.

Using the R&D Lifecycle Model (Perkmann et al., 2011) as a conceptual evaluation
framework allows us to pinpoint which factors did, and did not, significantly influence a
project’s success—at least in the context of the technology transfer approach of the leading-
edge cluster its OWL. In the following, we will discuss in detail the findings regarding the
different factors in the stages of the model.

6.1.1 The R&D lifecycle model’s input stage: motivation, capabilities, and R&D
expenditure

Starting with the “input” stage, results from the structural model (Fig. 1), the bivariate inter-
correlations (Table 3), as well as the performance-importance-map (Fig. 2) all show little-
to-no influence of motivation or capabilities, neither on the constructs in the subsequent “in
process” stage, nor on the more distal factors in the “output” or “impact” stages, although
the available literature has assumed these relationships (see e.g., Albats et al., 2018; Fer-
nandes et al., 2017; Perkmann et al., 2011). However, these non-significant relations do
not imply that the recipient’s absorptive capabilities are irrelevant for successful technol-
ogy transfer in general. We instead argue that the its OWL transfer approach was indeed
successful in tailoring the project goals directly to the SME’s demands: Taking the current
situation of the company into account and focusing the project activities on solutions with a
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direct market orientation seems to negate the need for previous experience with technology
transfer or extensive capabilities on the recipients’ side. Thus, we would interpret the dimin-
ishing role of capabilities as a further confirmation for the efficacy of the it’s OWL transfer
approach in overcoming barriers related to absorptive capabilities.

Likewise, an SME’s lack of motivation (operationalized as the SME’s engagement
during the initiation phase) seems to be compensated for by its OWL’s internal bridging
organization, which —even though the cooperation was not initiated by the SME—seems
to match the right cooperation partners and appropriately support both parties during the
planning phase and the project proposal to reach a joint strategy (as indicated by the high
performance of joint strategy, see Fig. 2; Dumitrescu et al., 2016; Fechtelpeter et al., 2017;
Fechtelpeter et al., 2018), thus overcoming barriers related to finding the right partner.

Interestingly, even though the it s OWL transfer projects are aimed at SME’s with limited
capabilities and limited resources, R&D expenditure is still a significant antecedent for both
trust (see Fig. 1) and the desired “outputs” (see Fig. 2). Thus, taking together the impor-
tance of R&D expenditure as well as the rather low performance of commitment (see next
paragraph), the transfer approach presented here was not able to fully overcome barriers
related to limited resources, although, we would argue, their influence is limited compared
to depictions in the literature (Fernandes et al., 2017; Perkmann et al., 2011; Seppo and
Lilles, 2012).

6.1.2 The R&D lifecycle model’s in-process stage: joint strategy, trust, and
commitment

It seems that especially a longer duration of the transfer project as a whole is helpful to build
trust (see weights in Fig. 1). This latter aspect is not that surprising, given that #rust is built
through experience in collaborations, and that new teams must go through several excru-
ciating phases before they can deliver results, all of which takes time (Tuckman & Jensen,
1977). This suggests that future technology transfer programs should find ways to increase
the minimal project duration, without alienating potential industry partners who might in
general prefer shorter projects (Buganza et al., 2014). Indeed, within the “in-process” stage,
the most important drivers within the present transfer approach are commitment and—by
a wide margin—trust. Whereas commitment focuses on the transfer recipient alone, frust
encompasses the academic partner and, as Oliver et al. (2020, p. 774) put it: “is an important
part of the process because the interaction between the actors is based on it”. The dominance
of trust again underlines the strength that lies in the connections between the individual
stakeholders, which exceeds the strength of a single stakeholder alone (Morlacchi & Mar-
tin, 2009; also see e.g., van Wijk et al., 2008 arguing that #7ust is one of the most important
drivers for knowledge transfer). Even though (as indicated in the performance measure in
Fig. 2) inter-organizational #rust within the transfer projects is already quite high, its strong
influence on the desired outputs implicates that future transfer approaches should find ways
to further facilitate the building of trust between the project partners.

One possibility to increase trust is indeed increasing the partners’ commitment. As dis-
cussed by Dirks (1999), this might be especially important for partners working together
only temporarily, as is the case in the projects discussed here. Commitment on the other hand
can be strengthened by bringing together partners with complementary competences. These
complementary competences ensure that individual inputs are unique and identifiable. This
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results in a high interdependence between partners and makes it obvious that goals can only
be achieved if each side commits to the endeavor (Dirks, 1999). Moreover, complementary
competences as well as prolonged cooperation should reduce motivational losses like social
loafing, thus also boosting the individual effort (Harkins & Perry, 1982; Hilkenmeier, 2018;
Williams et al., 1989). Besides, commitment can be increased by bringing own effort into
the project, again showing interest and ensuring a high level of participation (Barbolla &
Corredera, 2009; Liu & Hsiao, 2019).

As can best be seen in Fig. 2 and contrary to expectations (based on e.g. Morandi, 2013),
Jjoint strategy did neither substantially influence constructs from the immediately subse-
quent “output” stage, nor from the “impact” stage. Again, we would argue that these non-
significant relations do not imply that a common perception of the aspired goals and the
way to reach them is irrelevant for successful technology transfer in general. Instead, the
“performance”-aspect of Fig. 2 shows that the participating transfer recipients already per-
ceived the joint strategy and the work of the it 5 OWL bridging agency as quite successful,
indicating a ceiling effect.

6.1.3 The R&D lifecycle model’s output and impact stages: goals achieved, S&T human
capital, market impact, and new R&D projects

Turning to the interplay between the “output” and the “impact” stage, our results corrobo-
rate Bozeman et al.’s (2015, p. 7) statement that “one of the most critical objectives in
almost all aspects of science and technology policy is building human and institutional
capabilities, even aside from particular accomplishments reflected in discrete knowledge
and technology outputs”. Whereas these “discrete knowledge and technology outputs”, i.e.,
the specific goals of the project at hand, could indeed explain the company’s prospective
market impact, they did not significantly impact the pursuit of new R&D projects (Fig. 1).
Conversely, the acquisition of scientific and technical human capital additionally explains
the commitment to new R&D projects and thus influences the long-term ability of SMEs to
conduct more R&D on their own or in collaboration with partners. (Bozeman 2000; Cyert &
Goodman, 1997). However, as seen in the lower part of Fig. 2, S&T human capital’s actual
performance is relatively low, indicating that future transfer approaches should put an even
greater emphasis on enhancing the industry partners’ capabilities.

A viable strategy, for instance, might be to support the partners during the planning phase
to develop a promising realization strategy for the project. Transfer agents may reveal and
communicate any planning inconsistencies that could prevent integration of the transferred
knowledge within the organization. Furthermore, the planning should include activities for
competence development in the project, which accompany the actual development tasks
(e.g. qualification, joint processing of tasks for competence transfer). This should also be
done in consideration of the fact that, although this may mean additional effort for the com-
panies during the project, it clearly has a positive impact on follow-up integration activities.

6.2 Implications for technology transfer approaches based on it’s OWL
Our findings show that the temporary secondment of scientists to jointly work on a practi-

cal project objective—which is directly tailored to the demands of the company—is an
effective instrument to increase SMEs’ participation in R&D projects and technology trans-
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fer activities. It strengthens the links between individual stakeholders in the cluster (i.e.,
SMEs, RTOs, transfer agents, etc.), which, according to Morlacchi and Martin (2009), is
more important for competitiveness and economic growth than the strength of any stake-
holder alone. The it’s OWL approach and the associated study thus help to concretize the
development of transfer activities in cluster initiatives and to improve the oftentimes low
participation of SMEs in transfer activities. Innovative activities of SMEs—both alone and
with academic partners—have decreased in recent years (Badillo et al., 2017; Zimmermann,
2018); future transfer approaches might consider our findings to counteract this trend.

Furthermore, our results suggest that the it’s OWL transfer approach was indeed quite
successful in overcoming barriers related to finding the right partner and limited absorp-
tive capabilities. However, barriers related to limited resources seem to be reduced, but not
lifted. Therefore, most promising starting points to further improve the transfer approach
presented here are to (a) increase the projects duration without disregarding the requirement
of companies that often want to set up more short-term projects (since project duration was
the strongest driver within R&D expenditure), and (b) increase the companies’ commitment,
both of which should in turn facilitate inter-organizational trust and thus lead to the desired
outcomes. The latter is particularly meaningful because our results confirmed the prominent
role of trust in the literature for the success of transfer projects.

Future transfer approaches can build on these recommendations. In fact, its OWL is
already working on implementing optimizations. After the initial funding period for the
its OWL transfer projects ended in 2018, the cluster initiative refined the transfer approach
for the second period of funding (2018-2025) based on the evaluation results. This encom-
passes two main changes.

The first and major change enables the overall transfer project to be split into two con-
secutive smaller projects. Whereas the first project focuses on analyzing the company’s
existing products, processes, business models, or services and conceptualizes possible
advancements, the consecutive second project focuses on a concrete implementation. This
split has several benefits: It allows to increase the overall project duration (to up to 18
month), while at the same time reducing the duration and thus expense in the first project
(only up to 6 month) as cautioned by e.g., Buganza et al. (2014) or de Wit-de Vries et al.
(2019). This allows for dynamic flows and chains of projects, rather than having one rigid,
monolithic project structure that could be disincentive to partners due to overall length, or
that would be too much of a risk in its entirety.

The secondment of scientists to the partner SMEs is intended in both project phases.
As stated by Wit-de Vries et al. (2019, p.1252), this close “collaboration experience with a
specific partner and learning how to deal with differences seems the best way to overcome
differences in logic and goals”. Thus, developing common goals, selecting a fitting tech-
nology and defining a promising implementation strategy is now a main component of the
funded first project phase (in contrast, in the original transfer concept, these activities part of
the non-fundable project proposal phase). As an additional result, the transferor (the RTO)
is now much more obliged to co-develop a solution suitable for the SME: For one, because
the transferor is funded to do so, and second, because funding of the second, larger project
in contingent on the quality of the solution developed in the first project. Of course, learn-
ing about the capabilities of the respective partner and drawing up implementation plans
during the first project helps building trust (Wit-de Vries et al., 2019). Moreover, it reduces
misunderstandings, different expectations, and task uncertainty between the partners in the
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subsequent second project (Cummings & Teng, 2003, Morandi, 2013). As an additional
benefit, splitting the overall project into two smaller consecutive projects allows for an
uncomplicated cancellation option. If one or both of the partners is unsatisfied with the col-
laboration itself or its results, they simply do not apply for the second project, minimizing
any potential losses in resources. Moreover, since the proposal for the second project has to
be reviewed as well, the it s OWL’s management organization also has the chance to suggest
comprehensive adjustments or even cancel the second transfer project, if the project plan
has weaknesses, is inadequately developed or, in the opinion of the experts, is not techno-
logically appropriate. Overall, this strengthens the role of the administrative organization.

The second change from the original transfer approach to the refined transfer approach
is that transfer recipients now have to pay 20% (for SMEs up to 50 employees) or 40% (for
SEMs up to 250 employees) of the RTOs’ expenses. All other expenses are funded. Because
the company wants to achieve an efficient use of its own resources, this change should in
general lead to a higher project prioritization and thus increase commitment (Barbolla &
Corredera, 2009; Cummings & Teng, 2003). This refers to both the company and the RTO,
which will be demanded more strongly and intensively by the company.

All in all, between 2018 and the first half of 2021, additional 85 transfer projects with a
total public funding of 2 million € completed this refined transfer approach within the it'’s
OWL cluster. Based on the changes described above, we would predict that, compared to the
original transfer projects evaluated here, these refined transfer projects should report higher
levels of commitment and trust, and, as an effect, higher levels of S&T human capital. More-
over, we would hypothesize that in the refined projects, the specific goals are achieved even
more frequently than in the original projects, and that R&D expenditure, analogous to moti-
vation and capabilities in the present study, does not influence the subsequent stages of the
R&D Lifecycle Model, thus further overcoming the barriers related to limited resources. Of
course, further empirical studies are needed to test these hypotheses.

We expect our findings to be transferable to similar transfer approaches to industry-aca-
demia collaboration -though further research is needed on this. In summary, we recommend
that future transfer initiatives include a secondment of scientists to the companies or at least
a close partnership and a sufficiently long project duration to allow time for trust-building
processes. In addition, we consider a continuous evaluation of the collaborations accord-
ing to defined cycles to be essential to make optimizations, as in the case of its OWL. We
think that the instrument of the its OWL transfer projects with its characteristics is very
well suited to concretize the transfer activities in clusters and, in particular, to integrate
SMEs more strongly into the cluster activities. It might also be an interesting framework
for knowledge-based regional development in regions with weak knowledge structure and
a low degree of attractiveness for non-local knowledge actors via satellite institutes (Conlé
etal., 2021).

7 Conclusions
Our study shows that both input factors such as R&D expenditure and psychological in-pro-
cess factors such as trust and commitment play an important role in achieving project goals,

building human capital, and market impact and initiating new R&D projects in the long run.
However, as mentioned, we have to interpret the findings in the context of the study, i.e., the
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technology transfer framework and the underlying it OWL cluster structure. Although we
think that the findings can be beneficial for a broader range of technology transfer activities
and cluster initiatives, we argue that the underlying holistic technology transfer approach as
a whole was a major factor in generating the positive results reported by the transfer recipi-
ents. Within the izs OWL innovation ecosystem, high-risk, long-term R&D projects are
implemented by large companies and RTOs that promise to generate outstanding competi-
tive advantages and technological breakthroughs. By complementing these high-risk proj-
ects with low-to-moderate risk transfer projects to disseminate the results of the former one
quickly and efficiently into application, it s OWL offers companies of all sizes and scientific
capacities technological solutions as a basis for innovation. Especially the long and close
secondment of scientists into SMEs, which are most in need of and benefit the most from
collaborative technology transfer programs, helps to lift or at least reduce barriers related
to finding the right partner, limited absorptive capacity, and limited resources. Companies
involved in the transfer projects presented here not only enhanced their S& T human capital,
but also engaged in further innovative research activities.

7.1 Limitations and future research directions

Future studies could attempt to replicate our findings by examining other transfer approaches
to achieve generalization outside of it’s OWL. In doing so, research should also overcome
some of the limitations of the present study. For one, as explained in the procedure and
sample section, the evaluation was conducted approximately three months after the end of
each transfer project. Therefore, reliable objective data for market impact, which would be
preferable here, are not yet available. A longitudinal study such as the one conducted by Ahn
etal. (2018) would go beyond the scope of this article but represents a potential continuation
of our research activities.

Similarly, although we use a robust analysis technique for simultaneous consideration of
relationships between variables (Kline, 2016), we cannot draw causal conclusions. Because
of the cross-sectional design, we can say that the observed covariance patterns between
variables are consistent with the theoretically assumed structural model, but there may be
other structural models to which this applies (cf. Stone-Romero & Rosopa, 2008). The use
of at least three measurement points in a longitudinal design and the simultaneous exclusion
or control of confounding variables could provide further empirical evidence of causality
(Maxwell & Cole, 2007). However, this research design is difficult to establish in field-
based evaluation studies like this one. Spector (2019), however, argued for the justification
of cross-sectional field studies, which can provide valuable research impulses on which
future longitudinal studies can build.

Lastly, we modeled our structural equation model after the underlying assumptions of
R&D Lifecycle Model (or at least, how we understood it). Therefore, factors in a given
stage only influence factors in the immediate subsequent stage (e.g., capabilities influence
trust), but not factors in more distal stages (e.g., from capabilities to goals achieved). More-
over, factors within one stage do not influence each other (e.g., from commitment to trust),
even though previous literature suggests such relationships. Thus, the present results offer
plenty of other plausible models that were not investigated here. However, readers inter-
ested in such multivariate relationships can calculate them easily by using the R function
psych::setCor with the intercorrelation matrix of Table 3 as input (Revelle, 2019).
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Future research could also validate the R&D Lifecycle Model with alternative constructs.
In our study, we made a reasoned selection of constructs that can be mapped to the model
stages. However, a broader investigation on antecedents and outcomes of transfer collabo-
rations would be desirable. In addition, little is known to date about the long-term conse-
quences of industry-academia collaborations. Future studies could, for example, investigate
how success criteria (e.g., R&D funding, revenue share with innovative products and ser-
vices) develop over several years after project completion. Longitudinal methodological
designs would allow to capture time courses, such as latencies in impact or possible wave-
like trajectories.

7.2 Outlook

Our study contributes to a better understanding of the complex processes within industry-
academia collaboration projects in the context of SMEs as well as in the realization of trans-
fer instruments within the framework of clusters and innovation ecosystems. By considering
individual competencies and resources as well as knowledge facets on the input side and
organizational success components on the output and impact side, we map these processes
holistically. Furthermore, we empirically validated the R&D Lifecycle Model (Perkmann et
al., 2011) on the micro-level. By looking at the innovation cluster it s OWL we zoomed into
an applied technology transfer approach. Our evidence that innovation clusters such as its
OWL can increase the competitiveness of firms via successful transfer activities argues for
the expansion of this concept, which is effortful but fruitful in practice. Further research to
apply our findings to other transfer approaches is needed. However, our study offers valu-
able insights and provides starting points for further optimizing technology transfer from
academia to industry. The results thus provide impulses for political decision-makers as well
as for other management organizations of cluster initiatives that want to involve SMEs more
closely and strengthen technology transfer between research institutions and companies in
innovation ecosystems.
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