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Abstract

University technology transfer has garnered significant attention in the fields of innova-
tion and entrepreneurship. Most research has focused on the overall performance of entire
universities or their technology transfer offices. This study aims instead to contribute to the
literature by evaluating performance and its determinants at the level of individual research
centers. By promoting continuous engagement between researchers and external stakehold-
ers these centers facilitate the co-creation of projects with a translational impact. Despite
being critical channels for advancing publicly funded technology transfer, research cent-
ers have received limited attention in previous studies. To address this gap, we examine
the technology transfer efficiency (TTE) of 46 innovation-driven university research cent-
ers funded by the Australian Research Council from 2013 to 2021. Combining traditional
data envelopment analysis with fuzzy set qualitative comparative analysis, we assess these
centers’ TTE and identify configurations for high and low TTE outcomes. Our findings
reveal respectable performance levels across most research centers; however, significant
inefficiencies are related to Master’s and PhD students, and collaborations with external
stakeholders. We outline three configurations leading to high TTE, and five configurations
for low TTE. Notably, our results highlight the pivotal role of female directors in technol-
ogy transfer leadership, which significantly contributes to high TTE. Additionally, ineffi-
ciencies arise when engaging with multiple external stakeholders and in the utilization of
research students and postdoctoral researchers as factors in configurations linked to low
TTE. These results highlight the complex causality underlying the technology transfer pro-
cess and provide implications for research policy and the functioning of research centers.
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1 Introduction

Universities play a pivotal role in driving the commercialization of new scientific knowl-
edge through commercialization and entrepreneurship programs. Such research translation
and application through innovation is typically described as a knowledge spillover. If the
knowledge flow from the university involves financial compensation for the value of that
knowledge, it is characterized a university technology transfer (Good et al., 2019; Grimaldi
et al., 2011; Siegel et al., 2003a, 2003b). The distinction is vital because publicly funded
research aims to promote knowledge spillovers since the public has already paid to gener-
ate that knowledge. By contrast, a knowledge-producing organization, such as a university,
has a particular interest in appropriating the value of the knowledge by procuring financial
compensation for its value. In the US, an important historical milestone for this process
was the passage of the Bayh-Dole Act of 1980, which allowed universities to keep owner-
ship title to their innovations (Siegel & Wright, 2015) and thus increased commercial out-
comes from university-based research (e.g., via the establishment of Technology Transfer
Offices [TTO] in universities). Other OECD countries followed with similar national poli-
cies (e.g., Alhomayden, 2017; Chapple et al., 2005; Miller et al., 2018; Thursby & Kemp,
2002). Contemporary universities worldwide are making substantial efforts to enhance
and maintain high levels of technology transfer. Despite these efforts, the process remains
poorly understood. Furthermore, there is clear evidence that many research findings are
either not commercialized by the universities and their affiliated institutions or are being
commercialized slowly and inefficiently (Siegel et al., 2003a, 2003b; Swamidass & Vulasa,
2009). ‘Marrying’ the lab in the ivory tower with the marketplace remains a challenge.

To learn more about this process and potential barriers and acknowledge that university-
based research is predominately underwritten by public funds (Bozeman, 2000), examin-
ing the efficiency of public investments in technology transfer has become a key topic in
the literature (e.g., Anderson et al., 2007; Chapple et al., 2005; Ho et al., 2014; Lafuente
& Berbegal-Mirabent, 2019; Siegel et al., 2003a, 2003b, 2008; Thursby & Kemp, 2002).
The central unit of analysis in such previous research has been either universities or TTOs.
These studies find considerable variance in the relative technology transfer efficiency
(TTE)' across universities and TTOs. While some universities are highly efficient (Thursby
& Kemp, 2002), a general conclusion is that many TTOs fall short in terms of efficiency,
resources, and expertise needed for success in this sector (Chapple et al., 2005; Siegel
et al., 2003a, 2003b). It is safe to conclude that such programs and policies did not nec-
essarily deliver the desired significant and efficient boost for university technology trans-
fer (Bradley et al., 2013). Hence, policymakers and other authorities have been seeking to
change their thinking and adopt innovative measures and schemes that can fulfill universi-
ties’ innovation mission better.

One more direct way to boost innovation is by intentionally aligning research activi-
ties and training students and postdoctoral researchers toward innovation, starting as early
as “in the lab”. In various countries, publicly funded major university research centers
focusing on research translation and commercialization have emerged as a new innova-
tive vehicle for promoting university technology more directly and potentially efficiently
(Choi et al., 2022; Link et al., 2019; Mulligan et al., 2022). In addition to bridging the gap

! Technology transfer efficiency, often assessed through DEA, measures the effectiveness of transferring
knowledge or innovations by comparing the main unit of analysis’ inputs and outputs, providing insights to
optimize the process.
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between the lab and the market (like TTOs), these entities aim to proactively instill a mar-
ket and innovation orientation culture, thereby aligning the research laboratory to the mar-
ketplace’s needs. These schemes direct funding to centers that promise to build an innova-
tion orientation into their “DNA” as a knowledge production and application hub. This can
be achieved, for example, by adopting a co-design approach involving continuous engage-
ment between the center’s researchers and external collaborating entities to envision and
execute projects with more significant translational impact (Karami & Read, 2021; Mufioz
& Dimov, 2023). These centers recruit postdoctoral fellows and higher-degree research stu-
dents to work on innovation-oriented projects. An ambitious aim of such research centers’
is the nationwide promotion of innovation and scientific research transfer into practice. For
example, funding from the Australian Research Council (ARC) aims “to increase Austral-
ia’s research and innovation capacity to generate new knowledge and result in the develop-
ment of new technologies, products and ideas, the creation of jobs, economic growth and
an enhanced quality of life in Australia”.’ The research centers funded through this scheme
stimulate industry-university collaboration resulting in innovation and entrepreneurship
outcomes (Hicks, 2012; Mulligan et al., 2022). Other countries have initiated similar fund-
ing schemes to support university innovation and its implementation—Appendix Table A.1
overviews selected funding schemes for major innovation-driven research centers in the
US, UK, Germany, Ireland, and Australia.

To enable innovation-driven research and university research transfer, such research
centers receive exceptionally vast amounts of funding. For example, the Engineering and
Physical Sciences Research Council, a funding scheme within the UK Research and Inno-
vation council, provides funding for research hubs that may receive up to £11 million per
center. Likewise, the US National Science Foundation recently offered about $26 million
over five years for each of the four Engineering Research Centers.* Such considerable pub-
lic funding and use of other resources (e.g., involvement of many researchers orienting
their research programs and graduate student training towards innovation) make it essential
to evaluate these centers’ efficiency and outcomes. However, in contrast to the thorough
evaluation of TTE at the TTO and university levels, it is surprising that there has been little
evaluation of TTE for innovation-driven, publicly funded research centers. This is unex-
pected because these centers frequently serve as the nexus between cutting-edge university
research and commercial applications.

To address this gap, we present results from a novel study examining the TTE of inno-
vation-driven research centers funded by the ARC, the central public funding body for
research in Australia (Hicks, 2012). Our primary research questions are: (1) What has been
the relative TTE of the research centers funded by the ARC? (2) What factors determine
the high (or low) TTE of these centers?

To answer our research questions, we draw upon the Strategic Alignment Model
(Audretsch & Belitski, 2022), which highlights the importance of achieving strategic

2 We refer to research centers that are typically based within a university and operate as an integral part
of the university’s structure (Mulligan et al., 2022; Young et al., 2008). These entities collaborate across
universities and receive independent funding, primarily from government sources and industry partnerships.
They are distinct from research institutes like Max Planck Institute or US Federal Labs that are not directly
affiliated with universities.

3 https://www.arc.gov.au/funding-research/funding-schemes/linkage-program/industrial-transformation-
research-program

4 nhttps://www.forbes.com/sites/michaeltnietzel/2022/08/11/nsf-to-invest- 104-million-in-four-new-unive
rsity-based-engineering-research-centers/?sh=19a6aa8a661c

@ Springer


https://www.arc.gov.au/funding-research/funding-schemes/linkage-program/industrial-transformation-research-program
https://www.arc.gov.au/funding-research/funding-schemes/linkage-program/industrial-transformation-research-program
https://www.forbes.com/sites/michaeltnietzel/2022/08/11/nsf-to-invest-104-million-in-four-new-university-based-engineering-research-centers/?sh=19a6aa8a661c
https://www.forbes.com/sites/michaeltnietzel/2022/08/11/nsf-to-invest-104-million-in-four-new-university-based-engineering-research-centers/?sh=19a6aa8a661c

When the marketplace comes to the research laboratory: technology... 2559

congruence across individual, organizational, and systemic levels in entrepreneurial uni-
versities to enhance knowledge creation and dissemination. Drawing on this model while
adapting it to research centers, we propose that TTE is similarly influenced by an interplay
among these factors. Misalignment, such as weak connections between knowledge capital
(academic publications and inventions, applied research, investment in R&D) and entre-
preneurial capital (research into and identification of market opportunities), can lead to
knowledge inertia and hinder productivity in technology transfer, limiting both pecuniary
and non-pecuniary benefits. This model provides a robust framework to analyze both the
enablers and barriers to effective technology transfer and entrepreneurial outcomes.

We make three main contributions to the technology transfer literature by addressing
these research questions. First, we complement prior research on the TTE of universities
and TTOs by investigating the overlooked issue of TTE of publicly funded research centers
formed to promote innovation and entrepreneurship from university research. This added
focus is essential because measures of TTE at the TTO and university levels are diluted
by the attention those bodies must give to other objectives pursued at their levels. Second,
we deliver novel insights into the determinants of TTE by complementing traditional Data
Envelopment Analysis (DEA) estimates with fuzzy set qualitative comparative analysis
(fsQCA). This technique can account for the causal complexity of university technology by
inductively revealing multiple configurations that led to high (or low) TTE (Ragin, 2009).
Additionally, by harnessing the strengths of both DEA and fsQCA methods, we evaluate
the relative efficiency among the research centers and analyze the apparent determinants of
TTE at the case level, departing from the broader sample-level approach employed in prior
research. Finally, our paper is a response to the call for research on providing empirical
evidence to optimize the managerial practice and policy within the university innovation
and entrepreneurial ecosystem —faculty, students, external companies, universities, gov-
ernment entities, and research centers (see Guerrero et al., 2024) by identifying ways such
interactions and collaborations can become more efficient.

2 Theoretical background
2.1 Technology transfer efficiency

Technology transfer is “an active process during which the technology (and knowledge
related to it) is transferred between two distinct entities” (Battistella et al., 2016, p.1196).
The substantial growth in technology transfer from universities activities has been a focal
point in government policies and academic discussions for decades. This focus has given
rise to new concepts, such as the ‘three-ring entrepreneurial university’ (Audretsch &
Belitski, 2021), which establishes a business model for the modern university. Alongside
the traditional first and second rings—teaching and research—the entrepreneurial univer-
sity introduces a third ring: entrepreneurship activity. This third ring facilitates the trans-
formation and commercialization of knowledge, fostering stronger connections between
universities and industry (Audretsch & Belitski, 2021). Furthermore, Audretsch et al.,
(2022) demonstrate that a university’s integrated outcomes from teaching, research, and
entrepreneurship activities collectively contribute to its scholarly and economic impacts,
reinforcing the importance of this expanded business model. Given that public resources
predominantly fund university research, there has been a growing interest in understanding
how effectively this research is transformed into commercial outputs. Within this research
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domain, studies exploring the efficiency of technology transfer have primarily focused on
assessing the relative effectiveness of universities or TTOs as transfer agents, typically
within the context of a specific country.

While assessing efficiency at the university or TTO level, as has been prevalent in prior
studies, is good practice, a more targeted exploration of TTE and its underlying determi-
nants is warranted to avoid conflating the objectives faced by universities and TTOs. For
instance, unlike universities and TTOs, research centers are expressly designed to catalyze
innovation and entrepreneurship, emphasizing innovation-driven outcomes (Lee & Win,
2004). While TTOs primarily facilitate commercialization efforts (Nugent & Chan, 2023),
research centers are committed to nurturing innovation from the inception of research
projects. Furthermore, universities pursue multiple objectives, including teaching, basic
research, and societal impacts, which may only sometimes align with commercial out-
comes. Research centers often enjoy greater flexibility in resource allocation, interdisci-
plinary collaboration, and industry partnerships, making them better suited to address the
rapidly changing demands of innovation ecosystems. Therefore, by shifting our focus from
universities and TTOs to research centers, we can gain deeper insights into the specific
drivers of TTE and better understand the unique dynamics at play within these innovation-
driven entities.

Several predictors contributing to high TTE have been proposed and tested (see
Table A.2 in the appendix). These predictors provide a foundation for understanding the
mechanisms driving TTE, offering insights into institutional, individual, and contextual
factors. This section delves deeper into these predictors, categorizing them into key themes
critical to developing a comprehensive conceptual model. Furthermore, we highlight over-
looked predictors that are particularly relevant for understanding TTE in research centers.

2.1.1 Financial and resource inputs

University technology transfer’s effectiveness is shaped by institutional support structures,
such as TTOs, and the financial resources dedicated to commercialization efforts (see
Table A.2 in Appendix). TTOs are critical infrastructures established at most universities
over the past few decades to support science commercialization, such as creating spin-off
firms (Algieri et al., 2013), licensing, and industry contracts (Huyghe et al., 2014; Siegel &
Wright, 2015). As boundary-spanning organizations, TTOs bridge the academic and busi-
ness worlds, with their resources being a prominent predictor of TTE by enhancing univer-
sities’ entrepreneurial capabilities beyond individual licensing and spin-off cases (Bolzani
et al., 2021). However, there are some mixed findings on the effectiveness of TTOs in this
process. Universities with large and experienced TTOs generate higher volumes of contract
research. Still, the TTO characteristics matter less for university performance regarding
licensing and creating spin-offs (Caldera & Debande, 2010). Older TTOs show lower effi-
ciency, indicating a lack of learning effects (Chapple et al., 2005). Some research findings
show having a more significant number of staff in the TTO leads to increased licenses but
does not necessarily boost revenue (Siegel et al., 2003a, 2003b). Meanwhile, expenditures
on external legal services diminish the number of agreements while enhancing the revenue
generated from licenses (Siegel et al., 2003a, 2003b).

Major research funds awarded by research councils significantly enhance universi-
ties’ ability to commercialize research outputs (Thursby & Kemp, 2002). In addition to
supporting research efforts, these funds facilitate entrepreneurship awareness programs,
educational offerings, and increased industry engagement activities (Bolzani et al., 2021;
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Mulligan et al., 2022). However, research indicates that higher expenditure on research
does not necessarily lead to greater TTE (Anderson et al., 2007).

2.1.2 Research focus and disciplinary influence

Research shows the potential for successful commercialization of research outputs is influ-
enced by the focus of the research and the disciplinary context in which it is conducted.
Depending on the basic or applied nature of the research being undertaken, the chance of
successful commercialization varies (Abreu & Grinevich, 2013; Ardito & Svensson, 2024;
Stokes, 2011). Patent outputs from science researchers is significantly lower compared to
engineering and biomedical sciences (Dietz & Bozeman, 2005). Research shows biological
sciences and engineering contribute more to licensing activity than physical sciences, likely
due to their applied nature and better market opportunities (Thursby & Kemp, 2002). For
example, biological sciences often yield commercially viable outputs like pharmaceuticals
or medical devices, which have established pathways for technology transfer and market
entry (Jensen & Thursby, 2001). In contrast, the commercial applicability of discoveries in
physical sciences may be less direct, requiring more time and research to develop market-
ready products. Furthermore, academic culture and the availability of industry partnerships
also play a crucial role in shaping commercialization outcomes, as disciplines with a strong
tradition of industry collaboration are more adept at leveraging market opportunities (Perk-
mann et al., 2013).

2.1.3 Director characteristics

Research indicates that the commercial success of scientific projects often hinges on the
individual characteristics of the primary investigator. For instance, Ambos et al., (2008)
found that projects led by junior scientists are more likely to produce commercial outputs,
attributed to their flexibility and openness to new ideas. However, contrasting findings
Dietz and Bozeman, (2005) suggest that senior scientists may have higher commercializa-
tion success rates due to their extensive networks and greater experience. Azoulay et al.,
(2007) argue that experience, especially prior experience with industry collaborations, dra-
matically enhances the likelihood of successful commercialization. Additionally, research
highlights a persistent gender gap in entrepreneurial propensities between male and female
scientists, with male scientists historically being more likely to engage in commercializa-
tion activities (Goel et al., 2015; Perkmann et al., 2013, 2021). However, recent studies
emphasize female scientists’ growing involvement and success in technology transfer.

2.1.4 Early career researchers

Early career researchers, encompassing students and postdoctoral fellows, represent a vital
yet underexamined group in the university technology transfer ecosystem. Prior research
on technology transfer and entrepreneurship within universities has often overlooked stu-
dent entrepreneurship’s role in facilitating the technology transfer process (Grimaldi et al.,
2011; Rasmussen et al., 2024). Despite students being a key source of innovative ideas
and spin-offs, the extent to which their entrepreneurial activities impact technology transfer
remains underexplored (Boh et al., 2016). Furthermore, the role of postdoctoral researchers
in this context is still in the early stages of the investigation (Choi et al., 2022; Siegel et al.,
2023). These early career researchers often contribute to research commercialization due

@ Springer



2562 F. Zarea et al.

to their involvement in cutting-edge projects and their potential to drive the translational
research (Boh et al., 2016). Despite their importance, early career researchers’ contribution
to TTE has been overlooked by prior research.

2.1.5 Collaborations/alliances

Collaborative efforts and strategic partnerships are fundamental to driving TTE in universi-
ties, yet their complexities and challenges often need to be addressed. University-industry
collaboration is widely regarded as a key factor in the university technology transfer pro-
cess, facilitating the commercialization of research through mechanisms such as research
joint ventures, co-design approaches, licensing agreements, and spinofts (Etzkowitz, 2003).
However, evidence suggests that these collaborations do not always result in successful
outcomes due to university and industry stakeholders’ diverging mindsets and institutional
cultures (De Wit-de Vries et al., 2019; Siegel et al., 2003a, 2003b). For instance, academic
scientists often prioritize open innovation practices more intensely than their industry
counterparts, leading to disagreements and misalignment in project objectives (Perkmann
& Walsh, 2007). Further complicating these collaborations, research indicates that the pace
of academic research and the urgency of industry timelines can also clash, creating addi-
tional barriers to effective partnerships (Bruneel et al., 2010). Moreover, universities may
prioritize long-term, exploratory research characteristic of basic research, while compa-
nies often seek short-term, application-oriented results, making it difficult to align strategic
objectives (Tartari & Breschi, 2012).

Other forms of external collaborations and their impact on TTE have received less
attention. For example, collaboration with other universities and government laborato-
ries remains underexplored in the literature (Guerrero et al., 2024; Siegel et al., 2023).
These types of partnerships can be crucial, particularly in research centers where pool-
ing resources, expertise, and infrastructure can lead to more comprehensive and impact-
ful commercialization outcomes. Cross-university collaborations can facilitate the shar-
ing of complementary skills and access to a broader research network. At the same time,
partnerships with government labs can provide unique funding opportunities and access
to specialized facilities, accelerating the pathway from research to market. Furthermore,
interdisciplinary research collaborations within academia have shown promise in foster-
ing innovation, as they bring together diverse perspectives and knowledge bases to address
complex problems (Rafols & Meyer, 2010). Yet, these collaborations also face challenges
in coordinating across academic departments and managing varying research agendas.

2.2 University technology transfer models

A critical limitation in previous studies examining TTE and its predictors lies in the under-
lying assumption of linearity in university technology transfer. Historically, linear (or
sequential) models have been widely applied to explain the connections between research
and innovation. These models assume that innovation diffusion begins with basic research,
progresses through applied research and development, and culminates in production and
dissemination (e.g., Godin, 2006). In the context of university technology transfer, stud-
ies have similarly adhered to a linear conceptualization of the process, beginning with a
university scientist’s discovery and advancing through sequential stages. This trajectory
typically starts with the initial disclosure to the TTO (e.g., Siegel et al., 2004), followed
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by patenting, marketing, and licensing the invention to an existing firm or the creation of a
spinoftf company focused on the innovation.

However, scholars have increasingly challenged the validity of the linearity assumption
in this process (Stokes, 2011). Bradley et al., (2013) critique the oversimplification inher-
ent in the linear model, arguing that it serves as a one-size-fits-all solution that fails to cap-
ture the diverse pathways to commercialization. They assert (p.569) that “a linear model of
technology transfer is no longer sufficient, or perhaps even no longer relevant, to account
for the nuances and complexities of the technology transfer process that characterizes the
ongoing commercialization activities of universities”.

Alternatively, over the past two decades, there has been a growing emphasis on non-
linear technology transfer mechanisms characterized by reciprocal relationships among
universities, industries, governments, and other stakeholders. Examples of such models
include the ‘Triple Helix’ (Etzkowitz & Leydesdorff, 2000), the ‘Quadruple Helix’ (Caray-
annis & Campbell, 2009), and the ‘Strategic Alignment Model’ (Audretsch & Belitski,
2022). These models underscore the increasing complexity and interconnectedness of
innovation ecosystems. Therefore, new models of TTE that align with existing theoretical
frameworks and better capture the empirical complexities of the technology transfer pro-
cess are needed (Maula & Stam, 2020).

The Triple Helix model emphasizes the interplay among government, academia, and
industry as the critical institutions shaping and driving university technology transfer (Etz-
kowitz & Leydesdorff, 2000). Fundamentally, it operates as an innovation-push model,
where innovation originates in academia, such as through technology disclosures, and pro-
gresses through development with government funding support and private-sector invest-
ment (Etzkowitz & Klofsten, 2005). However, this model has faced critiques for its limited
societal engagement, which has often resulted in unmet expectations regarding increased
innovation, GDP growth, and job creation.

In response to these limitations, the Quadruple Helix model was developed to integrate
societal-based innovation users as key stakeholders (Carayannis & Campbell, 2009). This
model highlights the co-creational nature of collaborations among government, industry,
universities, and societal actors, creating an innovation-pull effect in technology trans-
fer (Miller et al., 2018). Additionally, the Quadruple Helix fosters an open innovation
approach, facilitating the exchange of knowledge among multiple stakeholders throughout
the technology transfer process, in contrast to the more closed innovation processes of the
Triple Helix model (Miller et al., 2018).

Building upon the collaborative and open innovation principles of the Quadruple Helix,
the Strategic Alignment Model (Audretsch & Belitski, 2022) introduces a focus on aligning
entrepreneurial and knowledge capital across multiple levels—individual, organizational,
and systemic—within universities. This alignment aims to achieve entrepreneurial goals
and promote Open Innovation in Science, providing a strategic lens for fostering technol-
ogy transfer in increasingly dynamic innovation ecosystems.

The next section proposes our conceptual model addressing these nuances in university
technology transfer, aiming to predict and enhance efficiency in university research centers.

2.3 Conceptual model
Building on the theoretical foundations outlined in Sects. 2.1 and 2.2, this section intro-

duces a conceptual framework based on the ‘Strategic Alignment Model’ (Audretsch &
Belitski, 2022) for investigating the factors shaping the TTE of research centers. Although
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our focus is on research centers, we contend that prominent perspectives used to study uni-
versities can be adapted to this context. Research centers, as integral entities within uni-
versities, benefit from interactive and collaborative associations while operating across
multiple levels within their institutional structures. This dual positioning allows research
centers to leverage university-wide resources and networks while maintaining their distinct
innovation-focused mission.

The Strategic Alignment Model emphasizes the importance of achieving strategic con-
gruence across individual, organizational, and systemic levels in an entrepreneurial univer-
sity to foster efficient mechanisms for knowledge creation and dissemination (Audretsch
& Belitski, 2022). Collaboration across multiple levels with internal and external stake-
holders enhances universities’ strategic congruence, boosting productivity in knowledge
transfer to industry and the public (Audretsch & Belitski, 2022). At the system level, inte-
grating the Quadruple Helix model (Carayannis & Campbell, 2009) with institutional sup-
port from the general public, scientific communities, industry, and local government can
enable individual researchers to create and capture greater value from their research. At
the organizational level, entrepreneurial universities seek to strengthen inbound and out-
bound innovation mechanisms, such as investing in entrepreneurial education and fostering
an entrepreneurial mindset. At the individual level, greater involvement of researchers can
be achieved through targeted investments in knowledge and the creation of diverse entre-
preneurial opportunities for scientists.

The interplay between individual, organizational, and systemic levels (Perkmann et al.,
2013) is critical, as it ensures that all elements of inbound and outbound innovation within
a university operate cohesively. Strategic alignment in entrepreneurial universities requires
congruence in knowledge and entrepreneurial capitals (strategic fit) and between knowl-
edge production and dissemination (functional integration) across individual, organiza-
tional, and systemic levels (Audretsch & Belitski, 2022). According to the Strategic Align-
ment Model, a lack of alignment across these levels can hinder productivity in technology
transfer, leading to knowledge inertia. For example, weak alignment between knowledge
and entrepreneurial capital may hinder the conversion of knowledge into outbound innova-
tion, thereby limiting both pecuniary and non-pecuniary benefits. The model thus provides
a robust framework for analyzing the enablers and barriers to effective technology transfer
and entrepreneurial outcomes.

We adapt this framework to study TTE in research centers, distinguishing between
three levels of factors that influence their effectiveness. Similar to the original framework
in (Audretsch and Belitski, 2022), we propose these levels encompass individual, organi-
zational, and systemic factors, each playing a critical role in shaping technology transfer
outcomes in research centers (see Fig. 1). At the systemic level, research centers estab-
lish collaborative relationships with other ecosystem stakeholders, including universities,
industry, government, and societal actors. These collaborations often adopt a co-creational
approach, integrating end-user perspectives into the research center’s projects and strategic
missions. By embedding external knowledge and human capital, such partnerships enhance
the research center’s capacity to align with broader innovation ecosystem objectives. At
the organizational level, the interplay of resources and structural characteristics drives the
commercialization process and strategic decision-making within research centers. Finally,
at the individual level, the expertise, engagement, and human capital of researchers signifi-
cantly influence TTE, shaping the effectiveness of technology transfer activities.

As argued by Audretsch and Belitski, (2022), the underlying premise of interdepend-
encies between multiple domains in the Strategic Alignment Model is twofold: “Firstly,
the change either cannot happen in one domain without impacting on at least two of the
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cross-connected domains in some way. Secondly, the change in one domain complements
efficiency in the cross-connected domains, so that the joint effect is greater than the changes
in each individual domain.” (p.297). This framework aligns with advanced approaches like
fsQCA, which move beyond the linear assumptions of traditional regression analysis by
addressing conjunctivity (e.g., substitution, synergy, and suppression) among factors driv-
ing the focal outcome. Additionally, it emphasizes the principle of equifinality, demonstrat-
ing that multiple distinct configurations can lead to high or low focal outcomes—nuanced
and complex patterns not fully captured by conventional regression methods. This is while
regression has traditionally been used to examine the linear-additive effects of individual
predictors on efficiency outcomes. Regression analysis assumes linearity and independence
of variables, which may oversimplify the complex, interdependent relationships that char-
acterize research centers.

To investigate the conceptual model in Fig. 1, we opt for fSQCA to examine the ante-
cedents of high and low TTE at the case level in each research center. The choice of
fsQCA, rather than regression analysis, is made to better fit the analytical method to the
empirical phenomenon (characterized by “complex causality”—see Furnari et al., 2021).
Unlike regression, which assumes the linear-additive impact of the independent variables
considered discretely, fsSQCA finds interdependent combinations of causal conditions that
lead to a particular outcome. This allows for a holistic and more nuanced understanding
of the antecedents of effective university technology transfer. Second, the research centers
are heterogeneous and established for a specific purpose in different research fields, such
that various combinations of interdependent factors may drive their TTE outcomes (Lee &
Win, 2004). Thus, there are likely multiple ways for individual centers to achieve TTE, and
these alternative configurations may be equally effective. Symmetric analytical methods
that rely on a single dominant “net effects” explanation of entrepreneurial phenomena can
obscure the diverse reasons that prompt technology transfer among minority groups in the
data (Douglas et al., 2020; Fiss, 2011). Recognizing and understanding the different causes
of these configurations could offer valuable insights into the university technology process
in these research centers. Finally, when the sample size is small, regression analysis may
not provide reliable estimates of the coefficients. The fsQCA is more robust in this respect
since it uses set theory to identify configurations, which makes it less susceptible to sample
size issues (Ragin, 2009).

2.4 Innovation-driven publicly funded research centers

The publicly funded research centers program examined in this study is supported by
the ARC, a central public funding body established in 2001, which is a vital component
of Australia’s innovation and research ecosystem. A significant focus of the ARC is on
innovation stimulation through grants to support and shape the research environment and
maximize the impact of public investment in Australia’s university research (Hicks, 2012).
The ARC is comparable to the UK Research and Innovation (Walker et al., 2022), Sci-
ence Foundation Ireland (Mulligan et al., 2022), and the US National Science Foundation
(Bozeman & Youtie, 2017), the major government entities that direct research and innova-
tion funding in those countries (see Table A.1 in the appendix).

A recent funding scheme supported by the ARC is the Industrial Transformation
Research Program (ITRP), designed to foster innovation through academic entrepreneur-
ship. From 2013 to 2021, the ARC granted over AUD 410 million to centers via that
scheme, which “encourages and supports university-based researchers and industry to work
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together to find solutions to a range of subjects facing Australian industries” and thereby
stimulate entrepreneurship in Australian universities (see www.arc.gov.au).

The ITRP provides funding for two major types of research centers, namely Industrial
Transformation Research Hubs (ITRH) and Industrial Transformation Training Centers
(ITTC), both aiming to bring various stakeholders together to facilitate university technol-
ogy transfer. In both types of research centers, the participating organization(s), must com-
mit to cash contributions which depend on their size (i.e., a minimum of 75% of the total
funding requested from ARC where any Partner Organization has more than 100 employ-
ees and no minimum contribution if any Partner Organization has 100 or fewer employees;
with no upper contribution). As such, the primary drive for firms partnering with research
centers is collaborating with world-leading academics and accessing scientific knowledge
rather than conducting this research in-house.

The ITRH is centered on developing collaborative research projects that lead to trans-
formative innovations for critical industries, leveraging resources and expertise from
academia and industry partners. The ITTC’s primary objective is to train and produce
higher-degree research graduates who are well-versed in their academic disciplines and
industry-ready. This involves integrating rigorous research training with contemporary
industries’ nuanced requirements and challenges.

Both research center types play a vital role in the entrepreneurship ecosystem in Aus-
tralia adopting innovative approaches to bring the marketplace to the research labs with an
emphasis on co-design (Karami & Read, 2021; Slattery et al., 2020). Research students and
postdoctoral fellows in these centers regularly communicate with their university super-
visor and industry partner. Since their projects are co-developed by the university and
industry partner, the outcome of the students’ and postdocs’ research can potentially lead
to commercial and scholarly outputs (Siegel et al., 2003a, 2003b). Additionally, drafted to
bolster the economy, these initiatives forge connections between firms and publicly-funded
scientific research, thereby streamlining the commercialization of discoveries and foster-
ing innovation (Fleming et al., 2019). These centers are led by the professors who initially
applied for the ITRP grants and the collaborating academic and industrial scientists, gov-
ernment bodies, and other universities. Research shows that the individual-level charac-
teristics (such as seniority) of the leading professors of projects with potential commercial
outcomes can affect the likelihood of a commercial output (Ambos et al., 2008). The find-
ings regarding age of the professors remain inconclusive on the general level of studies
(Perkmann et al., 2013, 2021). While research generally suggests a male-leaning bias in
scientific gender demographics and their commercial productivity (Perkmann et al., 2013,
2021), studies explicitly focusing on the gender of collaborative project leaders and their
impact on commercial outputs are lacking.

3 Data and methods
3.1 Data

We used both primary and secondary data for our analysis. Our data is derived from
the Survey of Commercialisation Outcomes from Public Research conducted annually
by Knowledge Commercialisation Australasia, the peak body representing technology
transfer professionals and their organizations (see https://techtransfer.org.au/metrics-
data/). We also surveyed primary data (the questionnaire is available on request from
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the lead author), to obtain quantitative and qualitative information to complement the
archival data.

We identified 104 research centers in the ITRP program (consisting of 47 ITRH and
57 ITTC centers) funded by the ARC between 2013 and 2021. The research centers were
funded for a minimum of three and a maximum of seven years. In mid-May 2022, a survey
was sent to center directors and deputy directors. We received 67 responses, of which 46
were complete and usable for analysis. Our response rate is considered high in social sci-
ences, and the sample size is considered “medium” for fSQCA purposes (Ragin, 2009).

Over 70% of the research centers were located in three major Australian cities: Mel-
bourne, Sydney, and Brisbane. Approximately 69% of the sample comprises research cent-
ers that have had at least 3 years since the start of their funding. Twenty-nine research
centers had completed their funding period. The sample included 38 ITTCs and 18 ITRH
centers.

Information regarding the Chief Investigators (Cls) research field in each research
center was derived from the academic profiles of each CI on their university website. Data
regarding the company, university, and government lab collaborators of each center was
derived directly from the Australian Government ARC portal (see RGS Grants Search—
Grants Data Portal).

3.2 Measurements
3.2.1 Financial inputs and resources

This category includes two variables: funding received and university TTO size. The award
funding received (FUNDING) is measured in millions of Australian dollars that were
awarded to each center in the beginning of their funding period by the ARC. The univer-
sity’s TTO size (TTO) is measured as the maximum number of full-time equivalent staff at
the university of each research center during their funding period. For instance, if during
the 3 years of funding, the size of TTO changed each year, we chose the maximum number.

3.2.2 Research focus and disciplinary influence

This category includes two dummy variables: the ratio of Chief Investigators (Cls) from
the school of engineering (ENGINEERING) and the ratio of CIs from the school of sci-
ence (SCIENCE) relative to the total number of CIs in each center. We hand-coded each
CT’s affiliation according to their university profiles. Then, we divided the number of mem-
bers in each respective school (i.e., science or engineering) by the total number of CIs.

3.2.3 Early career researcher
This category encompasses three variables. We consider the number of admitted ‘higher
degree by research’ students, including masters (MASTERS) and doctoral (PHDS) stu-

dents in the research centers. We also include the number of postdoctoral fellows that the
research center hired (POSTDOCS).
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3.2.4 Collaborations/alliances

We include three variables to capture collaboration efforts: the number of company col-
laborators (COMPANIES); the number of university collaborators (UNIVERSITIES); and
a binary variable indicating government collaboration (or not) (GOVERNMENT).

3.2.5 Research centers’ characteristics

We measure two variables in this category: the elapsed time from the beginning of funding
until commercialization activities culminate in innovation outputs (TIME) and a dummy
variable that takes the value of 1 for ITRH centers and O for ITTC centers (TYPE).

3.2.6 Director characteristics

We measure four variables related to the characteristics of the center director: age (DAGE)
in six age categories (21-30, 3140, 41-50, 51-60, 61-70, and 71-80); director’s gender
(DGENDER) where we assigned male=1 and female=0; director’s experience in aca-
demia (DACADEXPER) in actual number of years; and director’s company directorship
experience (DDIRECTEXPER) measured as the number of directing positions in compa-
nies before directing the ARC center.

3.2.7 Technology transfer efficiency (TTE) score

In our study, we focus on research centers funded by ARC as the unit of analysis, often
referred to as decision making units (DMUs) in DEA analysis, examining their TTE in
terms of commercialization outcomes. We must specify the appropriate input and output
variables to calculate the TTE score using the DEA approach. Given the lack of prior DEA
evaluations on research centers, we selected input, output variables based on our review
of the literature on university technology transfer (see Table A.2) and identification of rel-
evant factors (e.g., Bradley et al., 2013). Accordingly, we chose LICENSE, PATENTS,
and SPINOFFS as the output variables, and FUNDING, PHDS, MASTERS, POSTDOCS,
COMPANIES, UNIVERSITIES, and GOVERNMENT as our input variables. The DEA
approach and the analysis are explained in Sects. 4.1 and 4.2.

Table 1 shows the descriptive statistics for the variables. Appendices B and C include
the DEA inputs, outputs, efficiency scores, and other data, including the correlation matrix.

4 Results
4.1 DEA approach

In this section, we address our first research question: what has been the TTE of the
research centers funded by the ARC? We use DEA, a programming model developed
initially to measure the relative efficiency of DMUs with multiple inputs and outputs
(Charnes et al., 1978). DEA is a nonparametric method used to evaluate the relative
efficiency of a group of homogeneous DMUs. This method measures the efficiency of
a DMU with multiple inputs and outputs as a ratio of weighted outputs to weighted
inputs. It determines the relative efficiency compared with those of other DMUs with
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Table 1 Descriptives of measurements

Variables Obs Mean Std dev Min Max
Efficiency score 46 0.83 0.18 0.44 1
FUNDING 46 4.06 0.96 1.8 5
MASTERS 46 1.26 2.98 0 17
PHDS 46 13.26 7.64 0 35
POSTDOCS 46 5.85 4.87 0 21
COMPANIES 46 10.87 6.06 2 24
UNIVERSITIES 46 3.74 3.07 1 14
GOVERNMENT 46 0.35 0.48 0 1
SPINOFFS" 46 1.48 1.03 1 6
PATENTS" 46 2.37 2.57 1 11
LICENSES” 46 1.5 1.38 1 7
TTO 46 9.14 7.45 1.5 31.1
DAGE 46 4.13 0.72 2 6
DGENDER (Male =1, Female =0) 46 0.78 0.42 0
DACADEXPER 46 22.63 10.73 2 50
DDIRECTEXPER 46 0.41 1.00 0 4
SCIENCE 46 0.42 0.31 0 1
ENGINEERING 46 0.49 0.32 0 1
TIME 46 5.02 2.64 2 10
TYPE (ITRH=1, ITTC=0) 46 0.39 0.49 0 1

*Translated variable

Table 2 Average slack in input

variables Input variables Slack %
FUNDING 0.06
MASTERS 25.82
PHDS 14.66
POSTDOCS 8.13
COMPANIES 6.05
UNIVERSITIES 23.87
GOVERNMENT 25.35

similar activities (Lu & Hung, 2011). To measure efficiency, estimating a production
function that reflects DMUs that use the minimum inputs to generate a particular output
level or alternatively produce the maximum output from a given set of inputs is neces-
sary. The DMUs that perform best are used as benchmarks and determine the relative
efficiency of the other DMUs in a sample. The efficiency of the other DMUs is assessed
in relation to these top-performing units. By establishing an efficient frontier, it is possi-
ble to measure the inefficiency of a DMU by the distance between the DMU’s TTE and
the efficient frontier—a DMU located closer to the frontier is considered more efficient.

Existing DEA models can be categorized into two groups based on the assumption
of either constant return to scale (CRS) or variable return to scale (VRS). Proposed by
Charnes et al., (1978), CRS reflects the output changing by the same proportion as inputs,
while VRS, proposed by Banker et al., (2004), accounts for the potential for increasing,
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Fig. 1 Conceptual model

constant, or decreasing returns to scale. Additionally, DEA models can be classified based
on their objectives: input-oriented and output-oriented. Input-oriented models aim to mini-
mize inputs for a given level of output, indicating the extent to which a DMU can decrease
its inputs for a given level of output. Conversely, output-oriented models aim to maximize
outputs for a given level of inputs, indicating the extent to which a DMU can increase its
output for a given level of inputs.

Some centers sampled had zero values for all three outputs, raising an issue of non-
positivity for outputs in the DEA model. Initially the input and output variables of any
DEA model were assumed to be positive (Charnes et al., 1978) but this strict condition
was modified by Charnes et al., (1986). Following Pastor and Ruiz, (2007) who prove that
“The envelopment form of the input (output)-oriented BCC model is translation invari-
ant with respect only to outputs (inputs) and to non-discretionary inputs (outputs).” (p.67),
we translated all outputs by adding one unit to each center’s output to solve the issue of
non-positivity.

4.2 Assessment of the research centers’ TTE using DEA

We first performed DEA analysis using MaxDEA Ultra v.8. Following Chapple et al.,
(2005), the DEA model used was the input-oriented, VRS envelopment model. The DEA’s
efficient frontier is composed of the collection of centers providing the maximum increase
in the output achievable for a given input level.

The DEA solution exhibits coverage of approximately 41% of the sample with 100%
TTE and 67% having over 75% TTE (see Table B.3 in Appendix). The correlation matrix
for all variables in this study is displayed in Appendix Table C.1. We also include Tables
B.4 and B.5 in the Appendix, which report the proportionate movement, slack movement,
and projections of inputs and outputs, respectively. Proportionate movement refers to the
method used in input-oriented DEA to measure changes in efficiency scores when there
are proportional changes in all input factors. Slack movement refers to the change in the
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slack variables of a center in input-oriented DEA when there are changes in the input lev-
els. In DEA, a DMU is said to be efficient if there is no slack in its inputs. Projection in
DEA refers to estimating the efficiency scores of new centers based on the performance of
existing centers by projecting the new DMU onto the efficiency frontier to provide an esti-
mate of its efficiency score. As evident in the tables, the proportionate movement and slack
movement for units with 100% efficiency are zero, meaning that they are efficiently using
their inputs for achieving the desired outputs.

To gain an insight into inefficiencies, Table 2 provides an average amount for each
input variable in terms of average slack among all the evaluated research centers.’ Table 2
shows there is substantial slack in the research centers, suggesting inefficient allocation of
resources on an aggregate level. For instance, the number of master students and PhD stu-
dents could be reduced by over 25 and 14 percent respectively without sacrificing outputs.
In other words, there is excess capacity in these areas and research centers are not fully
utilizing their available resources. This can be seen as a form of redundancy in the sense
that the center could achieve the same level of output with fewer resources. However, there
is very little slack (0.06%) in terms of FUNDING for the research centers which means the
funding is contributing to their TTE in a highly efficient way. The DEA results also indi-
cate over 16% inefficiency across all the inputs into the centers.

4.3 The fsQCA approach

In this section, we address our second research question: What combinations of factors cul-
minate in high (or alternatively low) TTE? Given multiple predictors that contribute to
TTE, and the differing levels of each predictor factor that are possible, we wish to examine
what configurations (i.e., which predictor and how much of each predictor) allow research
centers to gain relatively high TTE, and conversely what configurations culminate in rel-
atively low TTE. This information will be of value to all research centers who wish to
increase their grant acquisitions and will augur for the increased efficiency of the tertiary
education sector’s utilization of public funding for technology innovation projects.

Thus, our focus now turns to the individual research centers at the case level, where
we examine the qualitative nature of their utilization of resources and conduct compara-
tive analysis of the alternative recipes (or configurations) that the most efficient research
centers take to culminate in high TTE outcomes (and alternatively the configurations the
least-efficient research centers utilize to culminate in relatively low TTE). To congruence
the analytical method with the empirical phenomenon, we utilize Qualitative Comparative
Analysis (QCA—Ragin, 2000) to address our second research question. The QCA method
was developed for research questions related to the qualitative differences among the sub-
jects rather than the sample-wide commonalities across the subjects. Ragin (2009) sub-
sequently extended “crisp set” QCA (where all variables are binary) to “fuzzy set” QCA
(fsQCA), continuous and categorical variables can also be analyzed to explain the depend-
ent variable.

5 To calculate the average slack for each variable, we used the formula
>, Slack movement for the target variable/(variable mean # total number of centers) where i represents the
individual research center (i =1:46).
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4.3.1 The fsQCA method for TTE

A fuzzy set is several combinations of variables (i.e., several configurations) where each
configuration is sufficient to cause a specific outcome. Examples of fuzzy sets are the
recipes for soup, the pathways from home to work, and the reasons for human happiness,
the outcomes of which have multiple equally valid answers at the case level. The fsQCA
method is therefore appropriate for the analysis of the TTE, because the research centers
have heterogeneous resources. Furthermore, there is no standard formula for TTE, such
that there is no single pathway to the “focal outcome” of high (or low) TTE. The fsQCA
method identifies (sub-sample) groups of cases that have highly similar recipes for success
(or failure) to achieve the focal outcome, where each group achieves the focal outcome
by utilizing a different combination of resources, thus facilitating comparative qualitative
analysis. It can be used inductively, deductively, or abductively and has achieved legiti-
macy in the social sciences, including in elite business and management journals (see e.g.,
Fiss, 2011; Furnari et al., 2021; Leppénen et al., 2023; Woodside, 2013). Given its novelty
for many readers, however, we include a brief primer on the fsSQCA method in Appendix
C.4 and refer the novice to Pappas and Woodside, (2021) a comprehensive tutorial paper
on how to use the fsSQCA method.

As mentioned, our use of fSQCA represents a methodological departure from prior
TTE studies that used multiple regression analysis to explain the causes of high TTE (see
e.g., Anderson et al., 2007; Thursby & Kemp, 2002). However, regression analysis was
designed for a different purpose, namely, to find the independent variables that are statis-
tically significant sample-wide with the dependent variable and provide a single “domi-
nant net-effects” prescription for the dependent variable, this being the linear addition
of the sample-average data relationships between the dependent variable and each of the
causal variables considered independently and discretely (i.e., holding all other variables
constant). Correlational methods, therefore, cannot efficiently deal with the “complex
causality” of multiway interdependencies of causal variables (i.e., conjunctive causality);
case level data relationships in the opposite direction to the dominant net effect (i.e., data
asymmetry); and multiple equally legitimate configurations to the same focal outcome
(i.e., equifinality)—see Furnari et al., (2021); Misangyi et al., (2017). The fsQCA method
accommodates such complex causality and provides additional finer-grained (within-sub-
ject qualitative) information that is suppressed by the correlational method, thereby provid-
ing empirical information to facilitate new theoretical propositions for subsequent hypoth-
esis testing and new theory building.

4.4 The fsQCA analysis and results

The software used for this analysis was fsQCA 2.5 (Ragin & Davey, 2014). We followed
impactful entrepreneurship and management studies to design our fsSQCA analysis (cf.
Douglas et al., 2020; Furnari et al., 2021; Leppénen et al., 2023). Since fsSQCA is based
on set theory and utilizes Boolean algebra, the raw data points must first be calibrated to
indices between 0 and 1 to represent their degree of membership in the relevant set. The
researcher must nominate a high value of the raw score that is judged to be unambiguous
“fully in” the set that causes the focal outcome (high TTE) and a relatively low raw score
that is judged to be “fully out” of the set that causes the focal outcome. We nominated the
85th percentile as the “fully-in” threshold, the 15th percentile as the “fully out” thresh-
old, and the 50th percentile (median) as the “point of maximum ambiguity”. The fsQCA
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program resolves the ambiguity by using these three anchor points to calculate the log-odds
of membership in the relevant set by weighting the raw scores by the log-odds of member-
ship in the set, which vary along a logistic curve between 0 at the fully-out threshold to 1
at the fully-in threshold. Thus, any score above the median is referred to as a “high” score
but is weighted more heavily the closer it is to the fully-in threshold. Conversely, a raw
score between the median and the fully-out threshold is referred to as a “low” score but is
weighted less heavily the closer it is to the fully-out threshold. The raw data statistics and
the calibration anchor points are shown in Table 3.

We set the frequency threshold at 1 to eliminate combinations of conditions not
observed in the data set. The raw consistency threshold selected was 0.80 (as standard);
and we selected the PRI (proportionate reduction of inconsistency) threshold selected was
0.75 to eliminate the most egregious cases of conditions with data relationship asymmetry,
i.e., opposite signs of the focal outcome’s dependence on a causal condition.

Following calibration, we first conducted a necessity analysis of all causal conditions
and their negations. To be deemed “necessary” for the outcome, a condition (or its nega-
tion) should exhibit a consistency threshold of 0.90 or higher and have non-trivial coverage
(Kier & McMullen, 2020; Schneider & Wagemann, 2012). This threshold is less than 1 to
account for possible synergy, substitution and suppression of causal variables (Park et al.,
2020). None of the conditions in our study surpassed the consistency threshold of 0.90.
Still, this process is important to ensure that critical causal conditions are not excluded
(to gain model parsimony) and serves to indicate which conditions likely to be “core” or
“peripheral” conditions in the configurational solution (Fiss, 2011).

We then conducted a sufficiency analysis using the truth table algorithm for fuzzy
sets (Ragin & Davey, 2014). This generates various conditions (configurations) com-
binations surpassing the frequency and consistency thresholds sufficient for the focal
outcome. As noted, we set the frequency threshold at 1, the raw consistency threshold at
0.80 and the PRI threshold at 0.75 (Douglas et al., 2020; Ragin, 2009). However, since

Table 3 Calibration of measures

Variables Fullyin Cross-over Fully out
Efficiency score 1.00 0.90 0.62
FUNDING 5.00 4.20 2.75
MASTERS 10.00 4.00 0.00
PHDS 20.00 11.00 7.00
POSTDOCS 9.90 5.00 3.00
COMPANIES 19.00 9.00 5.00
UNIVERSITIES 6.90 3.00 1.00
GOVERNMENT 1.00 0.50 0.00
TTO 14.00 6.00 2.82
DAGE 5.00 4.00 3.00
DGENDER (Male=1, Female=0) 1.00 0.50 0.00
DACADEXPER 33.95 21.00 9.05
DDIRECTEXPER 1.00 0.50 0.00
SCIENCE 0.86 0.55 0.07
ENGINEERING 0.80 0.37 0.11
TIME 8.00 4.50 2.00
TYPE (ITRH=1, ITTC=0) 1.00 0.50 0.00
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the minimum consistency of the configurations remaining in the truth table was 0.94,
we report the cutoff as PRI>0.90 in Table 4. This very high PRI consistency refers to
the degree to which cases within a configuration consistently indicate the same combi-
nation of conditions to produce the outcome of interest, thus ensuring high “plausibility
of causality” (Rutten, 2022). Finally, we confirmed that our solution consistency was
above the 0.80 threshold (Ragin, 2009).

To obtain the configurational solution, we set all conditions as potentially “either
present or absent” because of the probable asymmetry of data relationships (i.e., the
sign of the bivariate relationship between any condition and the focal outcome is poten-
tially either positive or negative depending on the presence or absence of other con-
ditions operating in conjunction). The complexity of our model prevented the Quine-
McCluskey algorithm from producing a parsimonious solution, so in Table 4 we report
the intermediate solution. We will infer the core and peripheral conditions subsequently.
The black circles represent the presence of a condition, while hollow circles enclosing
an X indicate the absence of a condition.

Table 4 Intermediate solution for Research Centers’ high and low TTE

High TTE Low TTE
Configurations A B C a b c d e
FUNDING [ J ([ J ([ J ([ J ([ ([ ([ ([
MASTERS ® ® ® ® ® ® ® ®
PHDS ® ® ® ® [ ] [ ] [ ] [ ]
POSTDOCS ® [ J ® ® [ [ [ ®
COMPANIES [ J ® ® [ J ® [ J [ J [ J
UNIVERSITIES ® [ J ® [ J ([ ] ([ ] ([ ] ([ ]
GOVERNMENT ® ® ® ® ® ® ® [ ]
TTO ([ J ® ® ® ® ® ® ([ ]
DAGE ® ® [ J [ J [ ] [ ] ® [ ]
DGENDER (Male=1, Female=0) & ® [ ] ® [ ] [ ) [ ) [ )
DACADEXPER ® ® [ J [ J ® [ ] ® [ ]
DDIRECTEXPER ® ® ® [ J ® ® [ J ®
SCIENCE [ J ® [ J [ J ® ® [ ®
ENGINEERING ® [ J ® ® [ [ ® [
TIME ® [ J [ J ® ® ® ® ®
TYPE (ITRH=1, ITTC=0) ® ([ J ([ J ® ([ ® [ ] ®
Consistency 0.978 0975 0.994 1.000 1.000 1.000 1.000 1.000
Raw coverage 0.074 0.065 0.068 0.081 0.083 0.081 0.077 0.081
Unique Coverage 0.043 0.036  0.068 0.036 0.041 0.035 0.032 0.037
Solution consistency 0.978 1.000
Solution coverage 0.148 0.235

PRI>0.90 PRI=1

Black circles (@) indicate the presence of a condition, and circles with “x” (®) indicate its absence. Cali-
bration thresholds 85, 50, and 15%. Sample size =46
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As is evident in Table 4, three configurations indicate alternative pathways leading to
high TTE and five configurations indicate pathways to low TTE for the sampled research
centers. We find evidence of asymmetry because the effect of some conditions (e.g., direc-
tor age and external collaboration variables) on the outcome differs depending on whether
they are present or absent in combination with other conditions. In addition to reporting the
consistency levels of each configuration, we also report overall solution coverage, raw cov-
erage, and unique coverage in Table 4. The concept of coverage in fSQCA refers to how the
solution can explain the focal outcome. Specifically, its configuration coverage indicates
the proportion of the sample characterized by each configuration and solution coverage
indicates the proportion of the sample characterized by the configurations in aggregate.
The fsQCA solution reported in Table 4 shows an overall solution coverage of 0.148 for
high TTE, indicating that about 15% of the sample is explained by these very high con-
sistency configurations. Overall coverage of 0.235 for low TTE indicates that about 24%
of the sample is explained by this very high consistency configuration for low TTE. Raw
coverage assesses how much of the outcome’s membership is explained by each configura-
tion, keeping in mind that cases may be described by more than one configuration. Unique
coverage measures how much of the outcome’s membership is explained only by a single
configuration. It is important to note that empirical coverage does not equate to theoretical
significance because a configuration may have low unique coverage but still contribute to
the development of theory (Kier & McMullen, 2020).

Data asymmetry is evident in these results. By negating the focal outcome scores and
using the same conditions, we determined combinations of antecedent conditions that
culminated in very low values for TTE, as shown in Table 4. Unlike correlation analysis,
where symmetry presumptions imply that this would be the negative inverse of the rea-
sons for high values of the focal outcome, the fSQCA method accommodates asymmetry. It
returns a solution comprising five low-efficiency configurations, each with consistency of
1.0 and unique coverage of between 3 and 4%, indicating that each configuration applies to
two research centers.® These configurations for very low TTE are indicated by lower-case
letters in Table 4 to facilitate discussion and comparison with the high TTE solution.

4.5 Profiling research centers

We now provide profiling of the research centers that helps identify patterns, select rel-
evant cases, understand contextual factors, and compare characteristics across different
conditions or outcomes, enhancing understanding of complex relationships between attrib-
utes and outcomes. We follow Furnari et al., (2021) who advocate that assigning evocative
defines to the configurations found using the fsSQCA method will facilitate subsequent dis-
cussion and theory building. The goal is to choose simple and informative defines, evok-
ing each configuration’s essential features. Configuration A, B, and C, the high TTE con-
figurations, provide evidence of equifinality in which multiple distinct configurations lead
to high TTE. Configuration A may be labeled the “integrative science-based centers” led

6 Unique coverage would report the precise fraction of the sample for “crisp set” QCA but is imprecise for
fuzzy set QCA (Ragin, 2008).
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by younger rising-star female directors.” These centers exhibit higher collaborations with
external companies and benefit from their universities’ internal resources such as larger
TTO size. This means close collaboration exists between the centers, industry partners
and other universities for achieving high TTE. They are also mostly ITTC centers focusing
on training higher degree research students. Interestingly, however, the higher numbers of
PhD or master research students does not seem to contribute to high TTE in these cent-
ers. Previous findings (such as Evans, (2010) suggest that the inclusion of industry exper-
tise from companies in academic projects enhances these collaborations’ ability to conduct
innovative and commercially applicable research. The centers represented by configuration
A are not dependent on the time that has elapsed since funding. This indicates that the
translational procedures might be accelerated because of fruitful collaborations between
industry and the research centers while benefiting from university resources such as TTOs.

Configuration B may be labeled ‘“collaborative engineering-based centers” led by
younger rising-star female directors, and is similar to configuration A in terms of its direc-
tor characteristics. The distinguishing factor in configuration B is that postdocs and exter-
nal university collaborations are present as peripheral factors. These centers are mainly
engineering based and of an ITRH type. Postdocs in these research centers seem to con-
tribute efficiently to high TTE. Choi et al., (2022)‘s findings show differences between
postdoctoral fellows working at federal labs and university labs. The reason might be bar-
riers to commercialization regarding “open innovation” since such government labs are
more mission-oriented with certain restrictions on disclosure of their findings. Conversely,
higher collaboration with other universities and adopting a more open innovation culture
may compensate for internal insufficiencies such as smaller TTOs, which together could
assist postdocs in these ITRH research centers (that mainly fund research projects focused
on issues facing industry) which could subsequently lead to higher TTE outcomes.

We name configuration C the “self-reliant science-based centers,” directed by older,
established male directors. These centers exhibit higher self-reliance as they do not rely
on their networks to achieve high TTE. They are mainly found in science faculties and are
ITRH types. To achieve higher TTE, the leadership might focus more on exploiting the
existing resources rather than employing and integrating external potential.

Regarding the low TTE configurations (see Table 4), we name configuration a the
“incoherent science-based centers” that are led by older established female directors. These
centers are mainly of ITTC type. Despite the mission of these centers being to strengthen
the link between industry and academia via training the next generation of university
graduates, these centers’ high collaboration with external companies and other universities
seems to be incoherent and results in inefficiency in terms of commercialization outcomes.

We name configuration d the “misaligned science-based centers” led by younger ris-
ing star male directors. This configuration has some factors in common with a in terms of
highly inefficient external collaborations and previous industry experience of the director.
There are additional conditions, such as the high number of PhDs and postdocs. This sug-
gests that more extensive internal and external networks lead to a misalignment between
the two and, alternatively, low TTE. In configuration a, there are very few, if any, mas-
ters, PhDs, or postdocs who, operating in conjunction, appear to be predicting their low
TTE. Conversely, the high number of PhD and postdocs for the younger male directors
taking configuration d, which also features very high involvement of industry and other

7 We use “younger” versus “older” (relative to the median) to reflect the center director’s age; “rising star”
versus “established” to reflect the center director’s academic experience.
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universities, seemingly indicates that the number of research students is not instrumental
for low TTE.

We name configurations b and c the “inharmonious engineering-based centers” directed
by older established male directors. The high internal and external synergy of these centers
leads to low TTE. These two configurations appear to be neutral permutations (Fiss, 2011),
differing only in the peripheral conditions of industry involvement, academic experience,
and funding source. These disparities indicate that differing conditions are peripheral (pos-
sibly substitutive) as causes for their low TTE scores, while the core conditions for their
inefficiency are probably the high involvement of other universities, the absence of govern-
ment involvement, and the small size of their TTOs.

Finally, we name configuration e the “overextended science-based centers” led by older
established male directors. The high external collaboration with external bodies includ-
ing the government and internal networks such as TTO offices, and larger recruitments
of research students contribute to low TTE in these centers. Moreover, the absence of
postdocs in conjunction with the directors’ absence of prior directing experience may be
the “Achille’s heel” that nullifies the advantages of industry, university, and government
involvement since postdocs commonly support the liaison with these external entities.

4.6 Auxiliary analysis

In our sample, we included research centers with various start dates of their funding. But
as we saw in the negation analysis a core condition for low TTE seems to be a short time
since the start of the funding, which could be associated with the centers that are newly
established and need time to achieve higher TTE. Accordingly, to consider the potential
problem of right censoring, we repeated the analysis including only the 32 research cent-
ers that had started at least three years before the end of our observation period. Our DEA
results stayed the same for the efficiency scores in terms of both overall efficiency and
magnitude except for two centers where their efficiency moved from 0.628 and 0.791 to
1 (Table B.6 in the appendix). This indicates the DEA results remained robust to a great
extent. In Appendix Table C.3, we report our fsSQCA results regarding high and low TTE
for 32 research centers. In these tables we observed the retention of configurations that we
have named the D, E, and f as a continuation from the preceding sample with 46 research
centers analysis. Note that, the PRI is still very high at>0.90 in both tables.

In Table C.3 in appendix, configurations D and E are highly similar to previous configu-
rations B and C in Table 4. These configurations suggest higher funding, higher collabora-
tion with companies, and external universities in an engineering dominant mindset with
centers being of ITRH type are core conditions for high TTE. Centers in configuration D
are led by younger rising star female scientists, and centers in configuration E are led by
older established male scientists where previous company directorship is not a core condi-
tion for high TTE.

The negation analysis in Table C.3 offers one configuration (i.e., f), that is very similar
to configuration ¢ in Table 4. Core conditions for low TTE are higher funding, a higher
number of masters, PhD, and postdocs; higher collaboration with companies and exter-
nal universities; an engineering dominant mindset; and mainly the ITTC type. The center
directors in this configuration are older, established male directors with low experience as
company directors.

As an additional robust check, we excluded the centers with all zero outcomes and ran
the analysis again with the remaining 23 centers. Overall, the DEA results stayed the same
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with trivial deviations (under 0.03) for the efficiency scores in terms of both overall effi-
ciency and magnitude except for two centers where their efficiency moved from 0.628 to 1
and 0.576 to 0.677 (Table B.7 in the appendix). Therefore, the input-oriented DEA model
is quite robust despite these changes. Such small changes would not materially affect the
fsQCA analysis where the data is calibrated into indices.

5 Discussion

This paper sets out to evaluate the level and causes of TTE at the research center level,
which has been largely neglected in prior research. We investigated the differences in TTE
across two types of research centers in the national context of Australia. We identified the
most likely causes of differences in TTE in those research centers. In the following, we
briefly discuss our central results interpreting the efficiency of these centers in terms of
technology transfer before engaging in a more comprehensive discussion interpreting our
results that tested for TTE predictors using the configuration approach.

To answer the first research question, the relative TTE of the research centers was deter-
mined using DEA model. The results show that the TTE scores vary between 0.44 and
1 across research centers (where 1 is the highest score that can be achieved in an input-
oriented DEA analysis), with over 67% of the sample having a TTE score of over 0.75.
However, the additional analysis revealed substantial underutilization up to 25% in some
resources such as master’s and PhD students, among all research centers (see Table 2).
There is also redundancy in collaboration with external universities and government insti-
tutes where a reduction of over 23% and 25%, respectively, will not affect overall TTE.
The results show there is on average over 16% untapped potential that research centers can
utilize to improve their TTE.

Besides the quantification of the relative TTE, another major focus of our study was
to inductively identify the factors that combine to determine high (and low) TTE. To this
end, we employed the fsSQCA method because it aligns with the complex causality of the
phenomenon and identified the configurations that culminated in either high (or low) TTE.
We were not interested in the sample wide average determinants of TTE but rather the
case-level configurations for high (or low) TTE. We were mainly interested in investigating
the interaction of conditions that would result in very high (or low) TTE with very high
consistency of the configurations which auger for the high plausibility of causality (or pre-
dictive reliability—see Rutten, (2022)).

5.1 Theoretical contributions

Our paper makes significant contributions to the literature on university technology trans-
fer. By examining TTE in publicly funded research centers and identifying factors influenc-
ing both high and low TTE, our study sheds light on critical dynamics in this field. Using a
configurational approach, we uncover multiple configurations leading to either high or low
TTE. These findings reveal the dynamic and multifaceted nature of technology transfer,
challenging linear models that primarily focus on the conditions and effectiveness of the
transfer (Bozeman, 2000; Stokes, 2011). Importantly, our results demonstrate that the con-
ditions enabling high TTE differ fundamentally from those associated with low TTE, rather
than being simple inverses. This study provides empirical evidence of the non-linearity
and complexity of the technology transfer process, addressing calls for such investigations
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(e.g., Bradley et al., 2013) and advancing the understanding of factors influencing TTE in a
nuanced and systematic way.

Second, the finding that higher levels of external collaboration by research centers with
companies and other universities often serve as a core condition for low TTE in most con-
figurations, while collaboration with government entities generally has little influence on
TTE outcomes, is particularly counterintuitive. These results challenge the conventional
emphasis on the importance of broad stakeholder collaboration within the entrepreneurial
ecosystem for fostering academic entrepreneurship (Audretsch & Belitski, 2021; Belitski
et al., 2019). One potential explanation for this finding is that multiway collaborations
between research centers and ecosystem partners have been treated as axiomatic for secur-
ing grants and fostering innovation. However, the assumption that more collaborations
automatically translate into greater efficiency has remained largely untested. In reality, an
excessive number of collaborations can impose significant administrative and operational
burdens on Research Center Directors, who must also manage research staff and fulfill
other university responsibilities. Moreover, the effectiveness of collaborations often hinges
on the alignment of objectives among stakeholders (Audretsch & Belitski, 2022). For
example, the Strategic Alignment Model highlights potential misalignments between top-
down, system-driven goals and bottom-up, individual-driven approaches. This divergence
is particularly evident in the context of open innovation, where individual-level university
researchers may prioritize the open dissemination of scientific knowledge, while industry
and government collaborators often have more restrictive objectives (Siegel et al., 2023).

Third, our findings on the role of female directors and collaboration configurations intro-
duce an important gender perspective to leadership in technology transfer. Specifically, our
case-level fsQCA analysis uncovers insights that cannot be accessed through sample-level
correlational methods, such as regression analysis. Our results indicate that while older
male center directors remain predominant, younger female directors with limited academic
experience can effectively substitute for older, more academically established male direc-
tors in achieving high TTE. We note the regression results found by Ambos et al., (2008)
indicated that the likelihood of commercialization results was negatively related to the time
the project leader has spent in academia. Accordingly, one might assume that there is a
lower likelihood for more academically experienced project leaders to achieve higher com-
mercial outcomes. However, our fuzzy-set approach found that centers with high-experi-
ence male directors and those with low-experience female directors can reach TTE (see
configurations A, B and C in Table 4). Such results further highlight the complexities of
the technology transfer process and the need for analytical tools capable of capturing the
interdependency of all antecedent conditions at the case level to reveal multiple configura-
tions and fine-grained details about the underlying antecedents of technology transfer.

Finally, while studies highlight the importance of universities’ scholarly and educational
outputs in driving regional entrepreneurial impact (Audretsch et al., 2022), the compari-
son of DEA and fsQCA results reveals a new insight: that the common belief that a large
number of PhD and master’s students, along with postdocs, is a significant advantage and
a key performance indicator for research centers is misleading; this does not effectively
contribute to high TTE outcomes. Our DEA findings indicate that a substantial percentage
of resources dedicated to these students are underutilized within the centers. While strong
affiliations and high performance indicators may enhance the chances of securing grants
from funding bodies, they do not automatically translate into high TTE success (e.g., see
Gubitta et al., 2016; Islam et al., 2018). Our results emphasize that more effective man-
agement of these affiliations and their anticipated outcomes requires further investigation.
This offers a great opportunity for future research, particularly given recent calls in the
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literature to promote student ventures and collaborative efforts within university innovation
and entrepreneurial ecosystems. (see Guerrero et al., 2024; Rasmussen et al., 2024).

5.2 Practical contributions

Our study demonstrates the need for policymakers to broaden their investigations into
commercialization outcomes to include research centers, not just universities. This com-
prehensive approach will effectively pinpoint the bottlenecks that impede higher technol-
ogy translation and commercialization outcomes. Recent Australian government reports
underscore that commercialization must be a national priority, especially given Australia’s
status as a global leader in science and technology. Despite this, Australia is underperform-
ing in critical areas such as technology transfer, research commercialization, and advanced
manufacturing. Action is urgently needed to align scientific achievements with practical
outcomes in these sectors (Dutta et al., 2019). As indicated in the Australian government’s
University Research Commercialisation Action Plan (2022), the expenditure on research in
higher education increased from $2.8 billion in 2000 to $12.2 billion in 2018. As a result,
Australia now ranks 7th in the academic ranking of World Universities top 200 universities
and 9th in highly cited publications (i.e., top 10% in the world in all disciplines) among 38
members of the OECD countries. However, Australia ranks only 25th in commercial out-
puts. The Global Innovation Index 2023 report [see Global Innovation Index (GII) (wipo.
int)] classifies Australia as an inefficient economy in converting innovation investment into
tangible innovation output. These rankings indicate a concerning trend regarding the abil-
ity of knowledge generated at Australian research centers to lead to commercialization and
innovative activities. There is still a considerable gap at the systemic level in effectively
translating this knowledge into new products or innovations. Therefore, our investigation of
TTE in ARC research centers offers valuable insights for policymakers who aim to develop
institutional structures to enhance commercialization in Australia’s economy.

Our study also delivers a compelling argument that publicly funded research centers
should not bear the burden of accountability for additional university objectives, such
as the development and delivery of teaching programs, the completion rates of research
degrees, and the outputs associated with scholarly publications. If these deliverables were
to be assigned exclusively to the academic departments, it would enable research centers
to direct their full attention and resources toward TTE. By alleviating the pressure to meet
these broader university goals, research centers could enhance their focus and effectiveness
in translating research into practical applications, fostering innovation, and contributing to
economic growth without the distraction of competing academic demands. This realloca-
tion of responsibilities would allow for a more streamlined approach to research and devel-
opment, ultimately benefiting both the centers and the university as a whole.

Improving the collaboration efforts of research center management with external stake-
holders, such as industry, government, and other universities, requires a strategic approach
to aligning objectives and optimizing resource use. A framework should be developed to
ensure that the goals of all parties are explicitly aligned, with stakeholder workshops con-
ducted early in the grant application process to identify shared priorities and mutual ben-
efits. Instead of focusing on numerous collaborations, efforts should prioritize high-impact
partnerships based on their potential to translate knowledge into actionable outcomes and
societal impact, emphasizing quality over quantity. Additionally, the research center should
establish dedicated coordination teams and embed collaboration milestones within grant
processes to optimize resource allocation. To address the limitations imposed by funding
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bodies’ emphasis on quantitative performance metrics, the center should advocate for a
more balanced evaluation framework that values qualitative impacts, such as knowledge
translation and policy influence, alongside traditional outputs like publications. Regular
monitoring and stakeholder feedback can further refine these collaborations, ensuring con-
tinuous improvement and alignment with the center’s mission.

5.3 Limitations and future directions

Despite the significant contributions of this study, certain limitations should be acknowl-
edged to provide a balanced interpretation of the findings. First, We acknowledge that a
sample size of 46 is not large and agree that smaller sample sizes can potentially affect
DEA results by limiting its ability to distinguish between efficient and inefficient units, as
highlighted in previous studies (e.g., Cooper et al., 2007). However, as noted by Bowlin
(1998), a minimum of three decision-making units (DMUs) per input and output variable
is required to ensure sufficient degrees of freedom for a meaningful analysis. In our DEA
model, we use 3 output variables and 7 input variables, which necessitates a minimum sam-
ple size of 30. Thus, our sample size of 46 meets this criterion. Second, because DEA is
context-dependent, caution should be exercised when applying these findings to broader or
substantially different contexts. While similar research centers are funded in other OECD
countries (as noted in Table A.1 in the appendix), replicating this analysis in those set-
tings would be a fruitful step toward further validating and generalizing our results. Third,
only research centers that responded to the survey were included in the analysis, resulting
in 67 responses, of which 46 were usable. This reliance on survey responses introduces
the potential for non-response bias, as non-responding research centers may systematically
differ from those that participated. Such bias could lead to selection effects, potentially
impacting the generalizability of the findings. While future studies should explore strate-
gies to assess and address non-response bias, such as comparing characteristics of respond-
ents and non-respondents, this was not feasible in our case due to the limited availability of
publicly accessible data and insufficient information on many research centers’ websites.

There are several directions that we suggest future research to consider. First, future
research could investigate the specific mechanisms through which collaboration intensity
and stakeholder alignment influence TTE outcomes. This includes exploring optimal levels
and types of collaboration that balance efficiency with impact. Additionally, examining the
role of stakeholder goal alignment in mitigating conflicts and fostering effective collabora-
tion could provide actionable insights. Such studies would contribute to a more nuanced
understanding of how strategic alignment and collaboration dynamics shape TTE across
diverse institutional and contextual settings.

Second, future studies could delve into the underlying mechanisms that enable younger
female directors to achieve high TTE, emphasizing their leadership styles, decision-mak-
ing approaches, and ability to foster collaboration. Comparative analyses of strategies
employed by male and female directors could provide valuable insights into gendered
approaches to leadership in technology transfer. Additionally, more contextualized stud-
ies examining the interplay between gender and collaboration intensity appear particularly
fruitful. Such investigations could explore how gender dynamics influence collaborative
practices, resource allocation, and stakeholder engagement, as well as the potential moder-
ating effects of institutional, cultural, or disciplinary contexts.
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