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Abstract

Open innovation (OI) refers to the inbound and outbound flows of knowledge beyond the
boundary of the organization, which can be in the form of pecuniary or non-pecuniary
exchanges. Investigation into pecuniary and inbound innovation types has advanced rap-
idly, but non-pecuniary outbound OI (free revealing) has received less attention. Presenting
a scale developed through a systematic literature review, expert testing and exploratory fac-
tor analysis, we show that revealing is reflected by five motivational factors, namely seek-
ing complementary capabilities, product diffusion, strategic spillovers, product enhance-
ment, and co-creation with firms. Regression models show that these factors influence the
variety of innovation types and shareholder expectations of value capture through future
returns.
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Introduction

In a dynamic and connected business environment firms cannot rely solely on their own
internal resources to innovate. The open innovation (OI) literature investigates how firms
bridge traditional boundaries to allow outside-in and inside-out knowledge flows (Ches-
brough 2006), and whether they adopt a pecuniary or non-pecuniary approach to these
transactions, resulting in four types of OI: revealing, selling, acquiring, and sourcing (Dahl-
ander and Gann 2010). Of these four types of Ol, it is well-understood why firms conduct
in- or out-bound OI that involves financial transactions (pecuniary OI: selling and acquir-
ing) (Chesbrough et al. 2014), and why and how they search for non-pecuniary (sourcing),
inbound knowledge to use for innovation (Bogers et al. 2017). Yet, less is known about
firms’ motivations to share knowledge for free (Huizingh 2011; West and Bogers 2014) as
it happens for example, in the information technology industry with open source software
(Shah 2006; von Hippel 1988; West and Gallagher 2006; West and Lakhani 2008). We
argue that this disproportionate focus on the inbound flow of knowledge fails to recognize
that: (1) in- and out-bound OI is often coupled with bi-directional flows between firms (e.g.
Laursen and Salter 2006), and (2) not all outbound innovation has an immediate aim of
financial gain, but firms may indeed use revealing to enhance other aspects of their innova-
tion processes (Henkel et al. 2014). Thus, while sharing for free occurs less frequently, it is
important to open innovation researchers who want to understand the full picture of knowl-
edge flows between firms.

A revealing strategy without an immediate financial gain, also termed ‘non-pecuniary
outbound OI’ or revealing (Dahlander and Gann 2010), has not been explored in the lit-
erature in a systematic way (West and Bogers 2014). Intuitively it seems less attractive to
disclose knowledge for free since the mainstream strategy literature focuses on appropri-
ability regimes that lead to value capture (Barney 1991; Teece 1986, 1988). Indeed, firms
expect profits from innovation, and these may disappear if the innovation can be easily
imitated (Baldwin and Von Hippel 2011; Machlup and Penrose 1950). The appropriability
paradigm has therefore been largely unquestioned by scholars and policy-makers (Baldwin
and Von Hippel 2011) since Schumpeter (1934) introduced innovation as an endogenous
driver of growth into the economics literature. For example, patents are granted to firms as
an encouragement to innovate because it allows them to capture returns from their invest-
ments. Yet, innovation is not restricted to market-based, pecuniary transactions. Revealing
has therefore been recognized as being essential for the buying and selling of intellectual
property long before the advent of what we now call ‘open innovation’.

From a theoretical perspective, individuals and firms differ in why they reveal without
immediate financial return (Alexy 2009). Through a systematic review of the motivation
and innovation literatures, we identified that individuals reveal as part of: (1) reputation-
building initiatives that signal proficiency for career advancement, (2) community reci-
procity related to networking, and (3) utilitarianism that may lead to future entrepreneurial
activities (Choi and Yi 2015). Organizations reveal to: (1) disclose problems (e.g. Alexy
et al. 2013); (2) seek capabilities (e.g. Harhoff et al. 2003); (3) co-create (e.g. Henkel
et al. 2014); (4) enhance innovation activities (e.g. Dahlander and Gann 2010); (5) diffuse
knowledge (e.g. Gault and von Hippel 2009); and (6) create strategic spillovers (e.g. Har-
hoff et al. 2003).

While revealing occurs in practice, such as the now famous case of Tesla or where cli-
nicians who share off-label applications for drugs and medical devices (von Hippel et al.
2017), the understanding of the practice and further development of this research area has
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been stifled by the lack of research infrastructure needed to undertake such studies. Our
contribution is to develop a measurement scale for researchers who are, with the currently
available measures, not able to fully understand the coupled relationships between inbound
and outbound knowledge with innovation and performance. Being able to measure if firms
reveal, and for what purpose they reveal, will help to understand how revealing supports
other innovation processes and activities. It can also support firms, because while manag-
ers understand the benefits of a strategy of revealing that will allow the firm to create and
capture value, they might need to convince stakeholders of its long-term benefits due to
different time horizons between value creation and value capture (Chesbrough et al. 2018).

Thus, the purpose of this paper is to build a scale that can help academics and managers
to measure firm-level revealing and then examine the relationship between revealing, inno-
vation, and shareholder perceptions of value creation. To do so, we use DeVellis’s (2016)
four-step approach to scale development to design, develop and validate our scale, and,
in the process, answer calls to better understand and measure revealing (e.g., Chesbrough
et al. 2018; West and Bogers 2014, 2017) and outbound OI (Huizingh 2011). The remain-
der of this paper is organized as follows. Next we introduce the literature on revealing. We
then describe our methods and findings and conclude with a discussion of our contribu-
tions and outline future research directions.

Non-pecuniary open innovation
Open innovation

Models of the innovation process have been evolving since the seminal work of Schum-
peter (1934). While early explanations of innovation were limited to the linear commercial-
ization of knowledge from within the firm, there has been growing recognition that innova-
tion occurs as part of a system of knowledge and technology that crosses organizational
boundaries (Dodgson 1994; Dodgson et al. 2011). OI recognizes knowledge flows in and
out of the firm to combine firm capabilities and resources with those from external stake-
holders (Chesbrough 2012; Dahlander and Gann 2010). It is defined as “...a distributed
innovation process based on purposively managed knowledge flow across organizational
boundaries using pecuniary and non-pecuniary mechanisms in line with the organization’s
business model” (Chesbrough et al. 2014: 17).

Such knowledge can be classified as pecuniary or non-pecuniary and in-bound or out-
bound (Dahlander and Gann 2010; West et al. 2014). Examples of pecuniary OI are in-
licensing and out-licensing of intellectual property (Chesbrough et al. 2014). Non-pecu-
niary activities include, for example, the search for knowledge that can be of use in firms’
innovation processes, or the act of selectively revealing details of innovations to others.
Dahlander and Gann (2010) describe four types of OI: selling (outbound pecuniary);
acquiring (inbound pecuniary); sourcing (inbound non-pecuniary); and revealing (out-
bound non-pecuniary) (see Table 1).

Past research on OI has emphasized selling, acquiring and sourcing (Chesbrough et al.
2014). This focus should not come as a surprise since selling or acquiring knowledge or
ideas entails immediate value to the firm as it affects the quality of innovation output and
innovation performance (Cammarano et al. 2017; Laursen and Salter 2006; Michelino et al.
2014), which in turn impacts positively on the firm’s future financial returns. Similarly,
sourcing also creates value, albeit delayed, from a knowledge input perspective. In contrast,
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Table 1 Open innovation typology. Source: Adapted from Dahlander and Gann (2010)

Inbound innovation Outbound innovation
Pecuniary Acquiring Selling
In-licensing, adopting or buying How firms protect, appropriate
expertise or technology from external  value from, and commercialize
sources their intellectual property and

technological artifacts
Non-pecuniary Sourcing Revealing
Leveraging existing external sources of Sending knowledge to the external
knowledge for innovation purposes environment selectively, in order

to spur problem solving or aid in
the diffusion of innovations

revealing knowledge that firms own, without it being associated with immediate value cre-
ation or value capture, implies risk to the firm and may seem illogical.

By giving knowledge away in such a manner, firms risk losing control of their knowl-
edge, ideas or intellectual property without guarantees of financial returns. The literature
has therefore defaulted to a position where revealing has received scant attention, and, as
a result, we do not know from an empirical point of view how revealing relates to the
creation and capture of economic value (Chesbrough et al. 2014; West and Bogers 2014,
2017). We also do not know how these outbound non-pecuniary flows are coupled with
other forms of OI to support innovation performance and other forms of value creation in
integrative models of external and internal knowledge as explained next (Chesbrough and
Crowther 2006).

Why reveal?

Revealing knowledge without the expectation of monetary gain is inevitable in a connected
business environment where frequent interactions with external parties often render mech-
anisms to protect knowledge impractical (Macdonald 1993). While pecuniary outbound
OI (i.e. selling) usually involves transactions of licenses or patents, revealing frequently
involves non-codified or tacit knowledge-sharing during interactions between the firm
and external stakeholders. As opposed to being accidental, revealing can also be deliber-
ate and can be used to create value in a strategic manner (Dahlander and Gann 2010). A
well-known and recent example of strategic revealing is Tesla’s open approach to intel-
lectual property so that other businesses can develop complementary technologies that will
improve Tesla’s products (Tietze 2017).

Past literature points to some of the benefits that firms can expect from revealing (Hen-
kel et al. 2014). From a marketing perspective, revealing can increase reputation (Henkel
2006), goodwill (West and Gallagher 2006), brand recognition (Dahlander and Magnusson
2008), and can be used to extend firms’ target audience (West 2006). From a technological
perspective, benefits can accrue when firms use crowdsourcing as a source of knowledge
instead of trying to problem-solve internally or contracting a specialized supplier (Afuah
and Tucci 2012; Piezunka and Dahlander 2015). While crowdsourcing focusses on inbound
knowledge, it requires firms to first disclose specific technological problems and details to
others. Revealing is also used strategically to get feedback from customers (Baldwin and
Von Hippel 2011), manufacturers and even rivals (Harhoff et al. 2003). Furthermore, using
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continuous revealing of knowledge, lean start-up approaches put customers at the center
of the start-up or spin-out process (Ries 2011, 2017). Other technical benefits of revealing
include reducing manufacturing cost by disclosing technical problems or different potential
development paths, developing standard components, improving reliability, and accessing
new markets (Henkel et al. 2014). Furthermore, deliberate strategic revealing can be used
as an initiating mechanism to activate collaborations (Alexy et al. 2013), which may enable
firms to identify and successfully engage to create and capture value. Other benefits include
‘servitization’ (Vandermerwe and Rada 1988), which occurs when manufacturers provide
customers with post-sales services. This can be seen by customers as a way of improving
their knowledge based on the potential gains of free knowledge from manufacturers that
can be further used, for example, for customers’ own R&D projects (Hakanen 2014). Firms
also enter into deliberate revealing strategies when providing innovative bids for complex
construction project contracts that require collaborative solution proposals (Davies et al.
2011).

In non-pecuniary settings, an important source of value comes from knowledge transfer
between agents, either formally or tacitly, and in both directions. This can be a key com-
petitive asset (Ritala et al. 2015). For example, a strategic alliance is a bilateral and mutu-
ally interactive process (Anderson and Weitz 1992) that leads to the acquisition of new
capabilities through organizational learning and that enhances the firm’s dynamic capabili-
ties (Mowery et al. 1996). Therefore, there are tradeoffs between revealing and the types of
pecuniary OI. These tradeoffs may not be immediate, yet are critical to better comprehend
OI (Lamberti et al. 2017, Marcelino et al. 2015). Thus, while revealing remains under-
investigated, the practice has become well-established and therefore the development of
research instruments to enable its study is timely.

Scale development process

To develop the revealing scale, we undertook a structured four-step process (DeVellis
2016). We first conducted a systematic literature review to identify and adapt reflective
measures. We then engaged with experts (n=13) through an online survey to refine these
measures. Next, we developed a survey instrument that was used to test our scale. We then
undertook rigorous empirical analysis of the results (n=164) to arrive at the final scale.
This approach allowed us to examine the operational, nomological and predictive validity
of the scale (DeVellis 2016), as summarized in Table 2 and explained in the remainder of
this section.

Step 1: Literature review of the dimensions of revealing

Individuals and firms differ in how and why they deliberately reveal knowledge. For firms,
revealing can be a strategic decision, which we examined through an extensive and sys-
tematic literature review. We reviewed the literature according to an explicit and rigorous
methodology (e.g. Bakker 2010; Newbert 2007) of planning, execution, and reporting.
This allowed us to synthesize past research and prevent unproductive repetition of efforts,
while grounding future research in the OI literature (Tranfield et al. 2003). As seen in the
first three columns of Table 3, the dimensions of revealing that emerged from the literature
review were: problem disclosure, capability-seeking, co-creation, enhancement, diffusion,
and strategic spillovers.
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Table 2 Scale development process

Stages of scale development process Details

Stage 1: Construct definition and item generation  Extensive and systematic literature review, six themes
emerged

Operationalize themes as constructs, define each
construct and its dimensions, which were operation-
alized as items:

Problem disclosure with 4 items

Capability-seeking with 4 items

Co-creation with 6 items

Enhancement with 4 items

Diffusion with 4 items

Strategic spillovers with 4 items
Stage 2: Expert opinion 13 interviews with industry and academic specialists,

consisting of:

Senior managers from multinational firms

Patent attorneys

Innovation specialists faculty members

All 26 items remained but several were refined

Stage 3: Data collection and item refinement Survey to 164 senior managers level of listed firms

Preliminary reliability tests

Exploratory factor analysis

Confirmatory factor analysis

Collection of secondary data (not used here)

Stage 4: Scale validation Convergent validity
Divergent validity
Nomological (predictive) validity

Problem disclosure describes how firms expose internal knowledge, usually to solve
a technical problem, to other parties. Problem disclosure enables firms to get third party
input when they are unable to solve a specific problem internally and are therefore will-
ing to disclose details of their innovation-related challenges (Dodgson et al. 2006; Henkel
2006). It may also enable them to truncate their innovation process (Alexy et al. 2013;
Lopez-Vega et al. 2016). Moreover, firms disclose different potential trajectories or aspira-
tional technologies to test the market and wait for feedback before making final decisions
(Jeppesen and Lakhani 2010; Nickerson and Zenger 2004; Piezunka and Dahlander 2015).

Capability-seeking refers to a firm’s search for complementary capabilities that are
known to be critical dimensions of the innovation process (Alexy et al. 2013). To do this,
firms need to locate, explore, and absorb those complementary capabilities from the mar-
ket (Chesbrough and Crowther 2006). Capabilities can be located in individuals with high
value to the firm’s innovation process (Henkel et al. 2014) or in users, suppliers, or com-
petitors (Alexy and Reitzig 2013; Dodgson et al. 2007). Often complicated to accomplish,
capability-seeking leads firms to selectively disclose aspects of their innovative activities
to attract or gain access to external agents as potential collaborations (Vanhaverbeke 2006).

Co-creation reflects the identification of potential agents with whom firms may want
to collaborate more formally during the innovation process. An effective collaboration
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entails a dynamic process of revealing and absorbing knowledge (Harhoff et al. 2003;
Steen et al. 1998). The literature refers most often to co-creation relationships with cus-
tomers who have a critical view of the firm’s new products or services (Dhanaraj and
Parkhe 2006; Kale et al. 2000; Von Hippel 1986). However, co-creation extends beyond
customers and can occur with a variety of stakeholders and market agents (Parent et al.
2000) to collaboratively develop products and services (Alexy et al. 2016). External knowl-
edge and its sharing is considered to be a critical precondition to firm innovation (Henkel
and Baldwin 2010; Von Hippel 1986). Independently of the arrangements and the agents
involved, empirical evidence (Chesbrough 2006; Huizingh 2011) shows that for collabora-
tive arrangements to work, there is a need for transactions between agents that both parties
consider to be valuable. In non-pecuniary settings an important part of value comes from
knowledge transfer between agents in a formal and/or tacit way and in both directions,
which is known to be a key competitive asset (Ritala et al. 2015). In strategic alliances, for
example, the acquisition of new capabilities through organizational learning enhances the
firm’s dynamic capabilities (Mowery et al. 1996).

Enhancement refers to the use of external help to improve existing products or services.
Similar to co-creation, firms are frequently open to outside inputs, which entails disclosure
to the external agents of knowledge that the firm could have chosen to keep internal. This
externalization of knowledge can happen with the objective of improving the reliability
of the firm’s existing products or services (e.g., Cohen and Levinthal 1990; Hamel 1991;
Kogut 1988), refining and improving the firm’s products or services (Henkel et al. 2014),
lowering the costs of products or services (Dahlander and Gann 2010; Henkel et al. 2014),
or even encouraging external agents to develop complementary products or services that
support or complement the firm’s products or services (Harhoff et al. 2003).

Diffusion refers to the spread of products and/or services and relates to the firms’ deci-
sion to charge for access to, and use of, their ideas, knowledge or innovations. Such a deci-
sion constrains the diffusion of innovation, which can be seen as a decision about receiving
immediate rents versus delaying potential rents. If the option is to push for free dissemina-
tion of innovation, it implies disclosing knowledge without immediate financial gain. This
option can lead to faster product/service adoption, which in turn can potentially generate
larger future rents (Alexy et al. 2013; Harhoff 1996; Henkel et al. 2014). A classic example
is an online platform, such as Snapchat, where the value of the platform is based on the
number of users. Firms can use this to communicate the technical benefits of their innova-
tion to their customers for free (Peres et al. 2010). Furthermore, firms can release informa-
tion on future innovations to draw clients into their ecosystem (Henkel et al. 2014; Rogers
2010). Another way that firms can incentivize diffusion is by providing tailored informa-
tion about their products/services to selected customers, with a clear intention to capture
their attention (Gault and von Hippel 2009; Henkel 2006). Finally, firms can regularly
announce information about improvements to their products or services and related per-
formance data to their customers (Dahlander and Gann 2010; Harhoff et al. 2003; Henkel
et al. 2014).

Strategic spillovers see firms reveal knowledge for the greater good of a fledgling indus-
try. Strategic spillovers have no immediate benefits, but firms can benefit by, for example,
working with policy-makers and industry associations on the development of policies and/
or industry standards. Harhoff (1996) describes this as a process that benefits others in
the firm’s industry or supply-chain, such as increased product quality, lower R&D sunk
costs, and easier entry into the industry. For this type of engagement to occur, firms need
to disclose knowledge selectively to officials, industry experts, and even competitors (Gault
and von Hippel 2009). Such selective revealing can also be related to the development and
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creation of industry-focused innovation networks and/or hubs (Harhoff et al. 2003). In fact,
firms can collectively push for important innovations for their industry to, for example,
build or establish standards and/or design dominance, or improve the industry’s goodwill
(Alexy et al. 2016). Finally, firms can reason that it is important to help solve problems that
are common to their industry and in this process reveal selective and unrelated knowledge
on specific matters without jeopardizing rents (Alexy et al. 2013; Harhoff et al. 2003).

The literature therefore suggests the existence of six distinct dimensions of revealing.
We used these dimensions as a basis to develop a robust multi-item scale of twenty-six
items distributed as follows: problem disclosure (4), capability-seeking (4), co-creation (6),
enhancement (4), diffusion (4), and strategic spillovers (4) (see Table 3).

Step 2: Expert opinion

Our next step was to seek input on our scale from a group of experts, using an online sur-
vey. The 13 individuals who agreed to participate in the expert study included senior man-
agers from large multinational companies, patent attorneys, academics with expertise in
the field of OI, and staff from public innovation hubs and technology transfer offices. The
experts were briefed on our reflective items as well as on the six revealing constructs. We
asked them to rate and provide suggestions on each item and construct. We then followed
Stratman and Roth’s (2002) approach to discard items if over 20% of experts rated the item
as somewhat or not representative. Through this process none of the items were discarded,
but several items were refined to address feedback.

Step 3: Survey

The survey was divided into sections that considered the general characteristics of the firm,
our scale items, other aspects of innovation, the competitive situation, and financial perfor-
mance. We used multi-item scales to measure the dimensions of revealing and to allow us
to validate our reflective measures (Hambrick and Mason 1984). Each question was rated
on a five-point Likert scale that ranged from “strongly disagree” to “strongly agree”. To
prevent common method bias we used different strategies during the design of the ques-
tionnaire (Rindfleisch et al. 2008). First, each of the dependent and independent variables
used unique instructions. Second, we used different scale endpoints depending on the type
of variable. Third, we rotated the order of multi-item measures in the scale to prevent any
type of order effect.

We used a telephone survey to test our scale, targeting executive managers and/or R&D
senior managers from Australian Stock Exchange (ASX) listed companies during 2016.
Senior managers are key informants for the type of knowledge that we sought to obtain
because strategic decisions of firms are made at this level (Zaichkowsky 1985). The sur-
vey was administered using a computer-aided telephone interviewing (CATI) subcontrac-
tor who was previously evaluated and who uses highly skilled staff to conduct surveys.
Surveys took on average 25 min to complete. The CATI operator made 246 attempts to
contact firms and acquired 164 useable responses, achieving an acceptable 67% response
rate (Anderson and Gerbing 1988).

The firms in our sample had an average of 1919 employees (standard deviation of 4450
due to the fact of some firms had over 20,000 workers), were 30 years old (standard devia-
tion of 32 due to the fact that some firms were older than 100 years). Eighty-seven percent
of the firms engaged in R&D in the last financial year, 73% of the firms had external R&D
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spending (which represented an average of 22% of their total R&D budget), 46% of the
firms belonged to the manufacturing sector, 17% to information media and telecommunica-
tions and 6% to health care and social assistance. All responses were from senior managers.

Step 4: Scale validation

To establish the reliability and validity of our scale, we undertook three types of analy-
ses. Exploratory factor analysis (EFA) was used to explore our data (Baruch 1999) and
establish the dimensions of our scale. This was followed by confirmatory factor analysis
(CFA) during which we fitted a series of one-factor models to investigate the uni-dimen-
sionality of the scale (Churchill 1979). We then specified and tested variations of a multi-
factor model to establish the convergent and divergent validity of the subscales. Our final
assessment of the reliability and validity of our constructs was done by estimating a series
of structural equation models to establish predictive or nomological validity (Gerbing and
Anderson 1988).

Exploratory factor analysis

We started with the analysis by investigating the correlations between items. As expected
when producing representative factors, many items were correlated (see Table 4) (Hair
et al. 1998). We next conducted EFA using SPSS Version 24. Principal axis factoring with
Varimax rotation was used to extract the factors (Hair et al. 1998). Analyses of the scree
plot suggested that a six-factor solution had an eigenvalue higher than one and explained
60.1% of the total variance (KMO =0.883; Bartlett’s test of spherity: X% (325)=1853.164,
sig. 0.000) with a high correlation between variables. Further analysis of the different items
led us to identify that one item was loading below the critical factor loading of 0.40 and,
following Cattell (1966), we decided to remove it. After re-running the EFA another item
was deleted. There was no strong theoretical justification to keep either of these items (Hair
et al. (1998)). The deletions resulted in five factors representing an eigenvalue higher than
one and explaining 59.4% of the total variance (KMO = 0.885; Bartlett’s test of spherity: X>
(276)=1737.273, sig. 0.000) with high correlations between the variables with which we
proceeded (see Table 4).

Confirmatory factor analysis

To test the stability, fit and uni-dimensionality of the measurement model we proceeded
to conduct CFA (Hair et al. 1998), using AMOS 24 to examine each of the five factors or
subscales from the EFA. Following Anderson and Gerbing (1988) we used several fit indi-
ces to evaluate the CFA model, such as: (1) absolute fit measures—assesses how well the
constructs fit the sample data and can be measured with statistics such as Chi-square (y?),
a normed y?, goodness-of-fit index (GFI), and the root mean square error of approxima-
tion (RMSEA)—values below 0.05 in RMSEA and over 0.8 in GFI indicate good absolute
model fit; (2) incremental fit measures—measured by the normative fit index (NFI) and
the comparative fit index (CFI) with CFI values above 0.92 being associated with good
incremental fit; and (3) parsimony fit measures—which assess a model’s fit relative to its
complexity—usually measured by using an adjusted goodness-of-fit index (AGFI) or a par-
simony normed fit index (PNFI)—as a rule of thumb, values higher than 0.9 generally rep-
resent better model fit.

@ Springer



283

Scientometrics (2020) 124:271-301

##58VS°0  #%x90€°0 #xx01S°0 ##xETE0 #%%89€°0 #xx0SV'0  #%xLTS0

#x0VC0  #53xV0V'0  #5x€€E°0 #5xEIV'0 5 16V'0  #5xETY0

#5:%S8C0  #44V9€°0  #440S€°0 #xxSPE0 #2090

#5%CEV'0  #2xECEV'0  #xx1TS0  #x48CTH0

555 V8V'0  #xxCO6V'0  xxx6LY°0

#x%519°0  #xxESY0

%8160

5% 100

#xx70€°0

%*L61°0

#x%£9€°0

#x%6CE0

#xx8LE°0

#x%£6C°0

#5x£0€°0

#5xxEEV0

#xx£6€°0

sxxLLT0

$x%L0€°0

#5x18€°0

#xx016°0

#5x8917°0

#5x897°0

#5xSEV'0

$x%L9€°0

#x6CC°0

#x50C°0

#3x10€°0

#5x81€°0

#%x56€°0

sk [ 770

#5x0LY0

#5xVSE0

w5 VEY0

'l

1011

°L6'0

SLI'T

§4 0!

15T1

(Y41

0Tl

8C'1

CLT'T

€ee’l

8LEE

886'C

LL9E

681°¢

CLE'E

900°¢

66LC

6v0'¢

881°C

sol'e

09°C

SIUQWIASURLIE 9ATIRIOQR[[0D UT SAOTAIIS
10 syonpoid sdojaasp Auedwod ayi—yDD

syo0foxd
29y ol ur sage3us Auedwod ayl—¢DHD
S9SN Pea[ SI YIIM JBIOQE[[0D
pue AInuaprt o) 9[qe st Auedwod ay—1DD
9JeAouUl 0} WY} J[qeus Jey)
JoyTew Ay woij saniiqedes Krejusword
-Wwod YIM SI13yjo syoeape Auedwos ayp—4S)
WY} YA JeIOGR[[0D 0] YSIm
sonranoe uoneaouur s, Auedwod ay) Jo
J[qeaSpamouy are oym sanaed 1oyjo—gSD
$1103J9 Judwdo[oadp
9014198 10 30npoid J1ayy urol 03 s1ojeIOqe]
-109 an[eA-YSIY 9OUIAUOD 0) 93PI[MOUY
uoneaouur sasodxa Auedwos ay—gS)
SONIATIOR UOTIRAOUUT
1194} JOJ [NJASn 9Je oYM SI0INqQLIIuod
9PISINO JOBINE UBD JeT) SAINSO[ISIP a3pd
-[mouy pajeSie) sayew Auedwod ayl—1SD
suonn[os y9s 0} santed
[euI91Xo 0} suonesidse Ie[ruis Io [eor30]
-ouyod) sajedIuUNWWod Auedwod ayl—yd
swopqoxd
UOTJBAOUUT JUSLIND 1Y) 0] SUONN[OS JOY0Iq
0) sanaed paryy saSeSus Auedwod ayl—¢qd
SeopI Mau pul 03 santed piry) 03 swof
-qo1d pa1o91as seaadr Auedwods ayl—zad
sonred Ioyjo woiy
ndur 3295 03 sa3U[[eYD PAJe[AI UOTJBAOUUT
JO S[1eIap s9s0[osIp Auedwod ayl—[dd

€20 1090 SO €S0 (40 ISO ydd

€dd

ad

1ad

as

UuBoIN

SWQT J[LOS JO SUOTIB[AIIOD UOSIBdJ PUE SUOTIBIASD PIEPUE]S ‘SUBIN  d|qeL

pringer

As



Scientometrics (2020) 124:271-301

284

#xx6CY 0

x961°0

#x1CC°0

#xxL0€°0

#x9CC°0

94NV

#%%C0C°0

#xV¥VC0

¥180°0

#%€€C°0

#%CEC0

#%x0LT0

##x5€E°0

#5%CCE 0

#x05C°0

#x€1C°0

LETO

#x1CC°0

6€1°0

#xxSVE0

#%x80€°0

%% 1800

xS 170

#5x068C°0

o

wkxL1€°0

#%x£6E°0

#5x76€°0

#7910

#%x8€€°0

##xL6C0

#xLEC0

#5xV8E°0

#5x9CE°0

#%x£9C°0

sk [ Y70

#%xx09C°0

#%x658C0

(2 ANV

#%xSEV'0

#%x80€°0

#x16C0

#5%86€°0

#%%x88C°0

#x0¥C°0

#%%6€€°0

#%6£C°0

#%xx9CE0

00

#5x LTV 0

#5x07€°0

#5100

#5%C0E0

#5%0LC0

*8L1°0

#xx97€°0

#xV¥C0

#xx [LT0

20600

#5xECY0

#%x0C€°0

#5x9LE°0

sk [ V€0

#%xLSC0

#xxL0€°0

#xx91€°0

#xxL1€°0

#5x00¢0

#xxLCE0

#kx V€0

#%L0CT°0

#%x59C0

#%%C9€°0

#xxGLE0

#xx£9C°0

#xx VY0

#x£6C°0

#xLCC0

*£91°0

#%x66€°0

€810

*%8€C°0

#xx59€°0

#xx98C°0

+9LT°0

#xxCLEQ

#xLVT0

#x6¥C0

#%xCLC0

#%x 0V 0

x681°0

#x£6C°0

#x%xC8C0

%5800

6110

#5:x9LT°0

#x80C°0

#x91T°0

vel’0

YTl

89C'1

80¢1

S9C'1

LLO'T

8611

SLO'T

4%!

L3T'T

1LTT

CTL8C

LTy'e

LS6'C

S0c'e

8¥8'¢

99¢°¢

66L'¢

6S1°¢

6v0'¢c

118¢C

sqny Jo/pue SYIOMIOU UOTIBAOUUI PISNO0J
-Knsnpur 0} sanqrnuod Auedwod ayp—p0

Ansnpur 119y ut swapqoid [esrsojouyody

uowwod aA0s djoy A9y jey) jueytodwr
ST J1 Jey) MATA Ay} sey Auedwod ayi—g0

Surreys uonewLIOJUT YSNOIY) SAIPOq

sprepue)s Ansnpur Jo/pue juardojosap
Korjod syoddns Aoanoe Auedwos ayp—ioH

SISWOISNO 1Y) 0) BIep

QoueuLIojIad pajeal pue sjustaAoIdwr

uS1Sop $E01AISS 10 sjonpoid Jo s[rejop
sounouue Arengar Auedwod syi—q

SIOWIOISND Iy}

0] SOJIAIAS pue sjonpoid J1oy) Jnoqe uonew
-Iojur parofre} sapraoid Auedwods ayl—¢ g

suonjeaouur s Auedwod ay) Jnoqe

93pojmouy] SUDIOM PI[IeIap 9ARY SISWO)
-sno Auedwod ay) Jey) jueytodwr st 31—z I

SIOWOISND 1A

0) SUOIIBAOUUI JI9Y) JO SIYOUq [BITUYO)
sajeorunwwod Apres[d Auedwod ayi—I14q

S901AI0S 10 sonpoxd

Sunsrxa s, Auedwoos ayy jo Ai[iqerfar ay)
QoUBYUd suLY Iaylo Aq sjuswaordu—yH

s1oy) 110ddns Jey) sa0IAISS

10 syonpoid Arejuswadwod dojeasp 03
SULIY 1910 sa3eInodud Auedwod oyl—¢q

$901A19s 10 syonpoid s Aued

-W0d Ay} JO SUOISIAA 1509 1am0] do[aAap
0} Auedwos oy djoy sented [euro)xe—gg

€20

120

7SO

£SO

[4Ne]

ISO

ydd

£dd

ad

1ad

as

BN

(ponunuod) 4 3jqer

pringer

A s



285

dJeAouUT 0) WY} S[qBUD
Jey) JoyTew Y woij seniiqedes Arejuoword
-wod YIM sIaYI0 s1oene Auedwos ayi—4SD
woy) YPIM eIoqe|
-[09 0} ysIm saniAnoe uoneaouur s Auedwod ay)
Jo o[qeadparmour are oym santed 10Y10—¢SD
sjI0go
Juowdo[aAap 991A13s 10 1onpoid 113y) urof 03
SI0JRIOQR[[0O dN[BA-YSTY 9JUTAUOD 0 TP
-[mouy uoneaouur sasodxe Auedwos ayl—gSD

SANIAT)OR UONEAOUUT JI3Y) JOJ [NJAsn dIe Oym

S10JNQINUOD JPISINO JOBNIE ULD Jey) SOINSOISIP
93parmouy] payadie; sayewr Auedwod ayi—1SD

suonnjos

095 0} senaed [eUId)Xd 03 suoneIrdse Ie[IWrs 10
Tes18oouyo9) sajesrunwiwod Auedwod ay—yqd

swrorqoxd
UOTIBAOUUT JUSLIND 1A} O SUOTINJOS IN0Iq
0 sanaed pary seSeSus Auedwos ayl—¢qd
SBapI MU puy 03 saned pary
0] swajqoad pa3o9[as syeanar Auedwod ayl—gad
sanaed
19130 woty Indut }23s 03 sa3u[eyd paje[al uon
-BAOUUI JO S[IBIAP SAso[IsIp Auedwod ayp—1qd

D [43] 1D 74d €4d oa 14d vd €d (4| Y00

A1)snpur o JIoj SuorjeAouut
jueyroduir A[9AIIO[[0D JO [BALLIR 3Y) e
w1170 5xxSTEO wnex T80 #xSTEQ  #sx60€'0 ssex6TH0 senx6TH 0 5556870 #x69€°0 #xxESE0 YIT'T 66L°C  -19[099e 0) sd[oy A[oanoe Auedwod oi—¢H

€20 120 7SO £SO [4Ne] ISO ydd £dd cad Iad dS UuesN

Scientometrics (2020) 124:271-301

(ponunuod) 4 3jqer

pringer

As



Scientometrics (2020) 124:271-301

286

#xx£€9°0

5% 10€°0  #xx165°0

#5%xC9E°0  #xxVCG0

#5xCLEQ

%9810

#%€€C°0

#%xL0€°0

#%x90€°0

#xL0C°0

*6L1°0

x761°0

xC91°0

101°0

*L91°0

%561°0

%5910

#xxVPE0  #xSVC0

Y1°0

SIOUIOISND 1Y) 0] Blep 9oueuLiojrad pajefar pue
syuowaaoIdwr u3Isap sa01AI9s J0 syonpoid Jo

+xx86€°0  S[TEIOp sedounouue Apren3ar Auedwods oyi—pJqQ
SIOWOISNO
119} 0) SAJIAIAS pue sjonpoid 1oy} Jnoqe uon

%5090 -euLIojur parofre) sapraoid Auedwos ayl—¢Jq
suornjeaouur s Auedwod
aY) In0qe aFpajmouy| SUDHIoM PI[IeIdp ARy

«xSPT0  sIowolsnd Auedwod oy jey) Jueyrodwr st 31—
SIOWOISNO
1194} 0} SUOTJEAOUUT JI9Y) JO SIJOUAq [BIIUYI)

sV 150 sareorunwWwod Afres)d Auedwod ayl—i4q
SOOTAIOS 10
syonpoid 3unsixa s, Auedwod ay) Jo Ajiqerjar

£%%597°0 Q) 90URYUS SWLIY JOY10 Aq sjuowoAordurr—iypq
saoy) y10ddns jey
$901A19s 10 sjonpoiad Arejuswoidwod dojoaap

#5x81€°0 0) suLy 910 saeInodu? Auedwod ayl—¢q
SOOIAISS 1O
sjonpoad s, Auedwod 9y} JO SUOISIOA IS0 JIMO]

+x£9¢°0 doraaap 0y Auedwod ay) djoy sonted euraxe—gyg
sjuowa3uLLIR 9ANRIOQR[[0D Ul

$901A195 10 s3onpoid sdojeadp Auedwod ayl—y DD
syoofoxd

29y ol ur sagedus Auedwod ayl—¢DHD
SIOSN PRI SII UM djeIoqe|

-105 pue AJnuapt 0} Jqe st Auedwods ay—i1D)

D

[43]

1D

vAd

edd

cda

14

vd

€d

cd

149))

(ponunuod) 4 3jqer

pringer

A s



287

100°0> @esexc 100> A 600> d

49050 #xx56€°0  #x%609°0 #xx6LC0

#x%0CV'0 #0050 #x¥V1T0

#%%x£9C0  #%x55T0

1960°0

#L81°0  #%xL9T°0

*10T°0 #%x09C0 #%x19C0 #%xL6T0

Ansnput Ino
10§ suonjeAouur jueyodwr A[SATIOS[[0D JO [BALLIE

8CT°0 sxxbPP0 Yl LI[R00k 0) sd[oy A[oanoe Auedwod ayi—¢n

sqny Jo/pue SYI0M)U UOTIRAOUUT

$OT'0 #xx1CH0 Pasnooj-Ansnput o sonqrnuod Auedwrod ay)l—y0

Ansnpur 1oy} ur swojqoxd

[ed130[0uyd9) uowwod aA0s djay Aoy jey) juey
-Iodur ST 11 72Y) MIIA A1) sey Auedwod ay1—gD

Surreys uoneurIojur y3noiy)

Sa1poq spIepuels Ansnput 1o/pue juawdo[oaap
Korjod syroddns Ajoanoe Auedwod ayi—1oH

D [43] 1D 74d

Scientometrics (2020) 124:271-301

(ponunuod) 4 3jqer

pringer

As



288 Scientometrics (2020) 124:271-301

We followed the domain sampling paradigm to specify models with a classic reflective
structure (Bollen 1983) based on our reading of the literature, which implies that we do not
view our items as a definitive statement of the universe of all possible items (Verreynne
et al. 2016). Our view in this regard is supported by the high inter-item correlations and
the fact that each item was distinct from the others. Each of the subscales was specified
as a set of observed variables that were a function of the latent variable and its measure-
ment error, using maximum likelihood with sample co-variances as input. Good fit of each
model would indicate that a hypothesis of uni-dimensionality could be rejected.

The first factor represented two of the original constructs—capability-seeking (three
of the four initial items) and problem disclosure (all initial items), and we termed it
complementary capabilities. We removed one of the items that was not theoretically
well related with our new construct, as well as one item that was not significant. The
items contained in each sub-scale are shown in Table 5. The fit statistics (p =0.202;
RMSEA =0.046; GFI=0.973; CFI=0.989) indicated good fit. The standardized

Table 5 Final scale

Construct Item

Complementary capabilities The company discloses details of innovation-related challenges to seek input

from other parties

The company reveals selected problems to third parties to find new ideas

The company communicates technological or similar aspirations to external
parties to seek solutions

The company makes targeted knowledge disclosures that can attract outside
contributors who are useful for their innovation activities

The company exposes innovation knowledge to convince high-value collabo-
rators to join their product or service development efforts

Other parties who are knowledgeable of the company’s innovation activities
wish to collaborate with them

Diffusion The company clearly communicates technical benefits of their innovations to

their customers

It is important that the company customers have detailed working knowledge
about the company’s innovations

The company provides tailored information about their products and services
to their customers

The company regularly announces details of product or service design
improvements and related performance data to their customers

Strategic spillovers The company actively supports policy development and/or industry standards
bodies through information sharing
The company actively helps to accelerate the arrival of collectively important
innovations for their industry
The company contributes to industry-focused innovation networks and/or
hubs

Inter-firm co-creation The company engages in joint R&D projects
The company develops products or services in collaborative arrangements
The company attracts others with complementary capabilities from the mar-
ket that enable them to innovate

Enhancement The company encourages other firms to develop complementary products or
services that support theirs
Improvements by other firms enhance the reliability of the company’s exist-
ing products or services
The company has the view that it is important to help to solve common tech-
nological problems in their industry
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regression weights ranged between 0.60 and 0.77. We squared the standardized regres-
sion weights to measure the item reliability and found that they ranged from 0.36 to
0.59. Some items therefore had more measurement error than explained variance, but
because we were concerned with validity, all items were retained.

The second factor represented items from diffusion (all initial items) and co-crea-
tion (with customers) (all items for co-creation with customers). Two of the three
items from customer co-creation had high standardized residual co-variances and we
decided to drop them, leaving only one item for co-creation. From a theoretical per-
spective we decided to delete this item as well. The model had a good fit (p =0.848;
RMSEA =0.000; GFI=0.998; CFI=1.000). Similarly to the previous factor, we
squared the standardized regression weights (ranging between 0.48 and 0.83) and found
them to range from 0.26 to 0.69.

Because all the co-creation with customers items were deleted from the second fac-
tor, we decided for the sake of completeness to create a new subscale called customer
co-creation. This sub-scale included the following items: “together with other custom-

.

ers the company develops innovative solutions”; “the company solicits feedback from
their customers in their new product or service development efforts”; “together with
the company customers the company develops tailored solutions”. The RMSEA of this
model indicated poor fit, even though other fit measures were in the acceptable range
(»p=0.060; RMSEA =0.125; GFI=0.986; CFI1=0.960). Further, since this sub-scale
did not emerge as a separate factor in the exploratory factor analysis, we decided not to
include it in further models.

The third factor represented strategic spillovers (all initial items). The model
had good fit considering that it has only three items (p=0.628; RMSEA =0.000;
GFI=0.999; CFI=1.000). The standardized regression weights ranged between (.70
and 0.85. When squaring the standardized regression weights to measure item reliabil-
ity, it was in the acceptable range of 0.49-0.72.

The fourth factor was now termed inter-firm co-creation. The model had good fit
(»=0.563; RMSEA=0.000 GFI=0.999; CFI=1.000). The standardized regression
weights ranged between 0.62 and 0.80 and squaring them led to a range of 0.38-0.64,
which taken together with other fit measures, were viewed as acceptable.

The last factor is enhancement (three of four initial items). The fit statistics
were again within the acceptable range (p=0.582; RMSEA =0.000; GFI=0.999;
CFI=1.000). The standardized regression weights ranged between 0.52 and 0.64. When
squaring the standardized regression weights we measured the item reliability, which
in this case ranged from 0.27 to 0.41. As before, we deemed this acceptable taking into
account the other fit measures. The final values to test the uni-dimensionality and reli-
ability of the scale can be found in Table 6.

Table 6 Scale uni-dimensionality and reliability analysis of each factor

Factor No. of items Cronbach’s RMSEA P CFI GFI
alpha

Complementary capabilities 6 .84 .046 202 .989 973

Diffusion 6 81 .000 .848 1.00 998

Strategic spillovers 3 .79 .000 .628 1.00 999

Inter-firm co-creation 3 74 .090 129 .988 997

Enhancement 3 .60 .000 582 1.00 999
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Convergent and divergent validity

The next step was to test the convergent and divergent validity of the model. For that, we
created two new models. We specified a multi-factor model (Model 1) that included all
five subscales with their items and in which the subscales were correlated. Estimating this
model yielded a)(z value of 133.27 (df=121, p=0.210); RMSEA =0.025; GF1=0.927;
and CFI=0.989. The regression coefficients were significant at 0.001 level and the stand-
ardize coefficients ranged from 0.47 to 0.81, with the squared regression coefficients rang-
ing from 0.22 and 0.66, which provides further evidence of convergent validity at the item
level. These results indicate good fit, thus the model parameters warrant interpretation,
which, in turn, indicates that all the items used are valid and should be used in our final
scale.

Following Joreskog and Sorbom (1996) we can test divergent validity if the subscales
are not the same constructs. To test this, we fixed the correlation between each two sub-
scales to unity (i.e., one) and re-estimated the model. We further compared the fit of the
fixed model(s) to the free model (i.e., the original multi-factor model). If the free model
has better fit to the sample data than the fixed model(s) then we can reject the hypothesis
that the subscales are the same constructs. Since we have five constructs, we performed ten
sets of correlations and comparisons. In all ten cases the free model achieved better fit to
the sample data than the fixed model(s). Thus, we can conclude that divergent validity was
achieved for the five subscales.

Model 2, a higher order factor model, helped to establish that the specific construct was
of high interest and that the content domain from which the items were sampled was not
too restrictive, thus addressing discriminant and convergent validity (Schreiber et al. 2006;
Yoo and Donthu 2001). This model allowed the level of analysis to shift to a more broadly
defined construct, where the first-order factors have their estimated construct correla-
tions implicitly adjusted for attenuation due to measurement error (Gerbing and Anderson
1988). Thus, Model 2 had a higher order latent variable that represents an overall measur-
ing of revealing and yielded a 4 value of 137.01 (df=122, p=0.167); RMSEA =0.027;
GFI=0.924; and CF1=0.987, representing good data fit.

Finally, we analyzed the regression coefficients between the higher order factor and the
five sub-factors to measure the validity of the dimensions (Gerbing and Anderson 1988),
having all five regression coefficients significant (p <0.001), indicating discriminant valid-
ity (Bagozzi et al. 1991). Based on Models 1 and 2 we can establish the convergent and
divergent validity of our proposed five subscales and move to nomological or predictive
validity next.

Nomological (predictive) validity

Predictive or nomological validity shows that a new construct relates to existing constructs
in an expected way, and is therefore an important step in establishing the validity of a new
scale. To assess the predictive validity of our revealing scale we constructed a structural
model that included our five revealing constructs and tested them against two separate
dependent variables—innovation breadth and Tobin’s Q.

Innovation breadth was based on data collected in the survey. This variable was
measured following Laursen and Salter (2006) who similarly introduced innovation
search breadth, and Love et al. (2009) and Damanpour et al. (2009) who also used
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measures of innovation based on counts of the number of types of innovation a firm
introduced. In our case, we used seven items related with different types of innovations
that were each coded as a binary variable (zero indicating no innovation of this type was
introduced and one the affirmative). These items were summed, ranging from zero to
seven for firms that introduced all innovation types. Similarly to previous commentary
(Garriga et al. 2013; Leiponen and Helfat 2010), we argue that revealing has implica-
tions for innovation breadth based on the fact that revealing increases the likelihood of
introducing a broader range of innovations because it facilitates the exchange of a large
amount of knowledge. When firms reveal they do so with selected stakeholders and thus
expect feedback that will be used internally. More recently, Laursen and Salter (2014)
established relationships between OI and the different types of innovation suggesting
that revealing will be influential in different types of innovations.

We estimated two full structural equation models, regressing innovation breadth as
a dependent variable on the five revealing sub-scales. The two models differed in how
the correlations among sub-scales are presented in an attempt to account for the shared
influence of the sub-scales. First, we used the most parsimonious specification setting
the correlations to zero (Model 3a). With no correlations among independent or depend-
ent variables, there were 10 regression coefficients, essentially representing a multivari-
ate regression model that controls for measurement error. Model 3a yielded a chi-square
of 427.71 (df =145, p=0.000) with RMSEA =0.103; GFI1=0.766; CFI=0.759, thus the
model represented marginally acceptable data fit. In Model 3b independent variables
were allowed to correlate freely, and this model yielded good fit statistics, namely a
22 of 148.65 (df=135, p=0.199) with RMSEA =0.025; GFI=0.922; CFI=0.988. The
improved fit indicates that there is shared variance between the independent variables.

The regression coefficients can be seen in Table 7. From the five regression coeffi-
cients, four achieved significance (p <0.05): complementary capabilities — innovation
breadth (#=0.43, t=-0.93), diffusion — innovation breadth ($#=0.25, r=0.55), stra-
tegic spillovers — innovation breadth (#=0.30, r=0.65), enhancement — innovation
breadth (=0.23, r=0.44). While four regression coefficients are positive, complemen-
tary capabilities has a negative relationship with innovation breadth. Also, while simple
correlations showed (Table 8) that all factors correlated with the dependent variables, a
more subtle pattern emerged when we fitted our structural models. The latter result is
not unexpected, and points to an investment in innovation capabilities that would take

Table 7 Regression coefficients (structural relationships) full structural equation models

Path Model 3a Model 3b
Complementary capabilities — innovation breadth —.40 -.93
(—.80) (=2.15)
Diffusion — innovation breadth 45 55
(2.90) (2.20)
Strategic spillovers — innovation breadth .50 .65
(3.36) (1.97)
Inter-firm co-creation — innovation breadth 40 44
(2.68) (1.15)
Enhancement — innovation breadth .39 45
(2.74) (1.97)
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Table 8 Pearson’s correlations

Variable Mean SD 1 2 3 4 5

1. Complementary capabilities 3.00 092 1

2. Diffusion 358 09  0517%* ]

3. Strategic spillovers 2.88 1.03  0.554%*% (0.237%* 1

4. Enhancement 321 0.88 0.484%%% (.394%**  (.414%%* ]

5. Inter-firm co-creation 3.18 1.03  0.654%#%  0.459%%* (.498*** (.436%#*+ ]

6. Innovation breadth 4.52 1.88  0.256%**  (0.268%**  (.348*%* (.3[2%** (.339%**

*p<0.05; #p <0.01; **+p <0.001

up resources in the short-term, and take longer to lead to pay-off for the firm. Taken
together, and explained below, these results confirm nomological validity.

The second dependent variable, Tobin’s Q, was calculated based on secondary data.
Since the companies in the survey were listed on the stock exchange, we were able to
collect performance measurements from annual reports. We used available financial
data from the last two fiscal years, namely 2016 and 2017, to calculate a Tobin’s Q
ratio, which is used to represent a firm’s market value to the replacement cost of its
assets (Morck et al. 1988). This ratio is calculated as the total market value of the firm
divided by the total assets value (Tobin 1969). Tobin’s Q is widely used to represent
shareholder’s expectations of growing returns (e.g., Belderbos et al. 2010; David et al.
2010; Fang et al. 2008; Visnjic et al. 2016). A share price premium reflected in Tobin’s
Q suggests that the market has factored future growth potential into the current value of
the company.

Using this ratio as the dependent variable and following the same procedure
described for the first dependent variable, we built Model 3c (correlations set to zero)
and 3d (freely correlating). Model 3¢ yielded a y* of 436.15 (df= 145, p=0.000) with
RMSEA=0.111; GFI=0.763; CFI=0.749, thus the model represented marginally
acceptable data fit. Model 3d yielded good fit statistics, namely a y* of 155.01 (df= 135,
p=0.115) with RMSEA=0.030; GFI=0.920; CFI=0.983. The regression coef-
ficients can be seen in Table 9. From the five regression coefficients, three achieved
significance (p <0.05): strategic spillovers — Tobin’s Q (f=0.163, t=—0.32), enhance-
ment — Tobin’s Q (#=0.13, r=-0.44); inter-firm co-creation — Tobin’s Q (#=0.22,

Table 9 Regres§ion c?,oefﬁcients Path Model 3¢ Model 3d
(structural relationships) full
structural equation models Complementary capabilities — TobinsQ .06 .10
(.89) (.45)
Diffusion — TobinsQ .08 .06
(1.10) (:49)
Strategic spillovers — TobinsQ —.18 -.32
(—2.39) (- 1.98)
Inter-firm co-creation — TobinsQ 21 44
(2.89) (2.02)
Enhancement — TobinsQ -.34 — .45
(—4.37) (—3.40)
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t=0.44). While three regression coefficients are positive, strategic spillovers and
enhancement have a negative relationship with Tobin’s Q.

Discussion

Our review of the outbound non-pecuniary innovation literature confirmed that the concept
has not been addressed systematically in the OI literature, as West and Bogers (2014) sug-
gested, but is important because firms are doing it in more or less systematic way (open
source software as a case in point). Nonetheless, we were able to identify six major themes
of revealing by firms: problem disclosure, capability-seeking, co-creation, enhancement,
diffusion, and strategic spillovers. Exploratory and confirmatory factor analyses of data
collected based on these themes, led to the identification of a five, rather than a six, factor
solution.

Upon closer inspection, the first factor, complementary capabilities, represented two
of the original constructs—capability-seeking and problem disclosure. From a theoretical
perspective it makes sense that if firms are looking for complementary capabilities in the
market they need to disclose details of innovation problems to other parties. This finding in
line with Harhoff et al. (2003: 21) arguments that complementary capabilities represent an
important part of ‘free revealing’.

The second factor retained most of the items from diffusion. In recent years, we have
observed business models based on platforms where parts of a firm innovate to disclose,
for free or at cost, services or products to consumers so they can improve their value cap-
ture from their other complementary services or products. The classic examples are related
with IT platforms, but more recently, the approach has also been applied to more tradi-
tional products. Home capsule coffee machines or home printers (e.g., Matzler et al. 2013)
are examples of firms capturing revenues from the sale of supplies rather than from the
platform where the supplies are used. This is known as the “bait and hook” business model
(Teece 2010: 179), where diffusion is important to attract consumers to their platform for
further rents from complementary products or services (Fichman 2004).

The third and fourth factors represented strategic spillovers and co-creation (with other
firms) respectively. Strategic spillovers occur when firms attempt to create ecosystems that
will facilitate exchange of tacit knowledge that will be advantageous to all. Co-creation
with other firms represents the ability and willingness of firms to develop innovations with
others, knowing that tacit knowledge spillovers will inevitably happen. Even in settings
where the objective is a pecuniary one, when firms collaborate to co-create, it is inherent
that free tacit knowledge would be outbound (Kogut 1988).

The last factor, enhancement, indicates that firms create informal collaborative arrange-
ments to help with the development of innovations and complementary products. These
collaborative arrangements are less formal than in co-creation settings and, usually, the
knowledge is selective (West 2003).

Using a multi-factor model (Model 1) and a higher order factor model (Model 2) we
confirmed the convergent and divergent validity of the proposed scale and verified the uni-
dimensionality of the scale. Our structural models (Models 3a and 3b) illustrated that these
factors relate to innovation breadth with four of five constructs being significant, thereby
confirming predictive validity of our scale against different outcomes. These results explain
the importance of complementary capabilities, diffusion, strategic spillovers and enhance-
ment for innovation breadth. However, complementary capabilities are negatively related to
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innovation breadth whereas diffusion, strategic spillovers and enhancement are positively
related. These results should not come as a surprise because firms that disclose problems
and engage in capability seeking, the two factors within complementary capabilities, do so
because they want to invest in specific projects. These firms are also ‘playing a long game’,
and would expect a period of negative returns before their investments start to pay off.
There is a period of time between value creation and value capture in most forms of reveal-
ing. It is therefore entirely possible that the other factors in our model could, for exam-
ple, mediate the relationship between complementary capabilities and innovation breadth.
Firms that are motivated by strategic spillovers and enhancement look to embrace more
products/services, which influences innovation breadth more immediately. Co-creation
with other firms was not significantly related to innovation breadth. An explanation might
be that co-creation with other firms is usually associated with competitors or suppliers and
entails a formalization that can limit the number of products or projects under development
due to limitations on managerial attention (Ingham and Mothe 1998), A second structural
model (Models 3c and 3d) showed that our constructs relate to firm performance in the
form of shareholders’ perception (Tobin’s Q). These models indicate that inter-firm co-cre-
ation is a significant positive predictor and strategic spillovers and enhancement are signifi-
cant but negative predictors. Together these results suggest that shareholders may under-
stand the benefits of inter-firm collaborations to create new products (Tamer Cavusgil et al.
2003), but may be more skeptical on how strategic spillovers and enhancement can capture
value for the firm over the longer term. While this highlights the importance of looking at
both value creation and value capture in OI (Chesbrough et al. 2018) it also further sup-
ports the predictive validity of our scale, especially since we used a different data source.

Implications

To summarize, we first aggregated the diverse and disjointed literature on revealing in an
attempt to explain how firms engage in outbound non-pecuniary OI. In doing so, we identi-
fied a number of important themes that explain revealing practices of firms. These themes
formed the basis of our proposed scale for revealing, consisting of five subscales (comple-
mentary capabilities, diffusion, strategic spillovers, enhancement and inter-firm co-crea-
tion). Second, structural models confirmed that capacity building matters for innovation
breadth in the sense that firms that focus on complementary capabilities are focused on a
small number of projects. In contrast, the models confirmed that diffusion, strategic spillo-
vers and enhancement are important factors for firms’ innovation breadth, indicating the
imperative of building an innovation ecosystem for new technologies.

The use of two conceptually different dependent variables from different data sources
allowed us to consider important implications of not only our scale, but also of the con-
cept of revealing more generally. Innovation breadth represents the ability of firms to
create innovation outcomes through the various processes that they implement and the
capabilities that they develop to support these processes. It therefore represents the most
immediate outcome that can be expected from open innovation. Our structural model
indicated that one factor (inter-firm co-creation) did not contribute significantly to inno-
vation breadth. As this factor had a strong element of interaction with other stakehold-
ers, and our dependent variable reflects a range of innovation types, we conclude that
this type of revealing is more likely focused on product/service innovation, rather than
on innovation that is more internally directed, such as process innovation (Damanpour
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et al. 2009; Piening and Salge 2015). However, the other factors either supported or
detracted from innovation breadth. Diffusion, enhancement and strategic spillovers all
positively related to innovation breadth. These factors all point to investment in stake-
holder relationships, which we interpret as managers being supportive of an innovation
ecosystem. Complementary capabilities, however, negatively relates with innovation
breadth, suggesting that managers are not using revealing to focus on specific projects,
but instead on a broader ecosystem. Indeed, the prominence of these four factors on
innovation breadth suggests that revealing can be used as part of a broader OI strategy
that encourages give-and-take with stakeholders, and which enables a firm to extend its
innovation activities more broadly (Gassmann and Enkel 2004).

The second dependent variable, Tobin’s Q, measures how shareholders perceive
the value of the firm. Our results suggest that contrary to managers, shareholders may
see the potential of using inter-firm collaborative arrangements, however they may be
skeptical about the use of revealing for enhancement or strategic spillovers, indicating
a lesser importance on innovative ecosystems. Diffusion and complementary capabili-
ties were not significant constructs when related with shareholders perceived value—
Tobin’s Q. As these factors had a strong element of knowledge transfer to other firms,
without being involved in joint projects, as happens in inter-firm co-creation, sharehold-
ers might see this as a potential threat to valuable internal knowledge. At the same time,
they might recognize that is a first step to establish future inter-firm co-creations, in
a resembling process of the paradox of replication (Kogut and Zander 1992). In sum-
mary, using our scale highlights how managers perceive revealing and how that might
differ from shareholder perspectives, which is an important future research avenue. It
also confirms the capacity of our scale to capture nuances within the broader revealing
construct.

From a practical managerial perspective, our main contribution relates to using
our scale to measure how knowledge disclosure impacts value capture and value crea-
tion. Such analysis can assist firms in appropriately adjusting their revealing strategies
to potentiate their strategies. Firms can also use our scale to understand the different
dimensions of revealing and how each of them can be used differently based on the
firms’ objectives. Furthermore, our results show that managers are using revealing in
specific ways that serve different interests. Strategic spillovers, diffusion and enhance-
ment, for example, have been used for innovation breadth indicating that managers
might be interested in building positive-sum game ecosystems within an industry. This
is particularly interesting because firms are willing to reveal to get external knowledge
from ecosystems but then use this knowledge in an unique manner. Complementary
capabilities, in contrast, have a negative impact on a firm’s innovation breadth, indicat-
ing that managers use complementary capabilities when they want to focus on a reduced
number of innovation options. Because complementary capabilities are related to dis-
closing problems and engaging in capability seeking, we might expect to see manag-
ers investing in specific projects. Furthermore, the negative impact might relate to the
long-term perspective of product development that entails a period of negative returns
before investments start to pay off. Finally, our results suggest that when managers want
to build a platform, thus using inter-firm co-creation, they do so without a diversity of
innovation forms. However, our data suggest that the view of shareholders differs from
the firms’ managers. Shareholders do not appear to perceive the value of building inno-
vation ecosystems, which is translated in the enhancement and strategic spillovers nega-
tive significant values. Instead, shareholders appear to have a positive view of the firm
being able to create and capture value by developing inter-firm co-creations.
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Conclusion: future research and limitations

While OI theory has been adopted quickly over the past couple of decades, we argued in
this paper that its advancement is hampered by our lack of empirical understanding of the
role of non-pecuniary, outbound OI (revealing), in regards to other organizational practices
and performance. Partially motivated by a lack of appropriate measures to operationalize,
this paper set out to remedy this gap by developing and testing a measurement scale. Our
study points to deliberate revealing as an important aspect or organizational innovation,
indeed critical for the transaction of intellectual property even before ‘open innovation’
paradigm.

Throughout our discussion we have outlined some avenues for using our new scale. At
this point we highlight four additional future research directions on the basis of our work.
First, the potential to understand how revealing strategies differ among firms from differ-
ent industries, or start-up versus mature firms, may address new and interesting research
questions. For example, researchers have speculated that when in- and out-bound flows are
coupled, they lead to improved innovation outcomes for firms (Laursen and Salter 2006).
However, without the ability to measure revealing, it is unclear how this would work,
and therefore unclear if the relationships are perhaps not synergistic, but perhaps a trade-
off. Because firms have limited resources and have to decide where best to apply those
resources during the innovation process, it would be interesting to see if appropriation
activities that protect knowledge result in fewer resources being used for revealing activi-
ties that invest in future innovation. This relationship between appropriability and revealing
can be tested in outbound non-pecuniary settings using our scale to understand how appro-
priability will impact revealing and, in turn, how this impacts value creation and value
capture.

A second avenue would be to investigate the extent to which financial rewards (incen-
tives) may demotivate non-pecuniary contributors, or how to maximize engagement in
OI contests focused on social outcomes, like clean water and sanitation in the developing
world. Our scale allows researchers to investigate the relationships between other aspects
of innovation and how they relate to revealing forms.

Third, our scale enables researchers to understand the conditions that lead firms
to choose revealing as an important stakeholder communication strategy. This invites
researchers to understand the mechanisms that underpin revealing from an organization’s
perspective. For example, using our scale it would be possible to understand how the dif-
ferent types of revealing impact value creation and value capture.

Last, the structural models suggest that managers and shareholders may have different
perspectives on revealing. Future studies should focus on how revealing relates with value
creation and value capture and on the understanding of how firms’ manager and sharehold-
ers perceive the relationship of revealing with each of them. The study of the individuals as
a unit of analysis would help to further understand this relationship. Theoretically, our data
suggest that managers have a longer-term perspective and are keen to build an innovation
ecosystem, whereas shareholders may have a shorter-term perspective. This is surprising
since past literature have suggested the contrary (Bebchuk et al. 2015; Kay 2012). The
challenge is for managers to deal with shareholder expectations while building an innova-
tion ecosystem that allows innovation to flourish. Our scale will enable researchers to study
how value is created through revealing and also how it is captured. Moreover, our scale
will allow managers to empirically communicate the benefits of revealing with sharehold-
ers, thus reducing agency costs.
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Our study has several limitations. First, our study relates to listed firms, which means
that we cannot generalize our results to the entire business community. Some can argue
that listed firms are more open and exposed to following OI strategies. Second, our sam-
ple is not longitudinal. We recognize that some research questions may best be answered
through a longitudinal design. For example, it would be interesting to observe how reveal-
ing evolves over time and how organizational capabilities and structures adapt. This is
supported by Ahuja (2000), who shows that longitudinal studies are critical in the inno-
vation field. We therefore propose that this scale with its subscales, should be part of mod-
els tested by a longitudinal research design to allow for temporal hypotheses to be tested.
Third, we do not capture data from the other agents involved on our firm’s ecosystem to
understand the in-depth mechanisms that firms are using for revealing and how the tradeoff
with pecuniary OI mechanisms happen. Finally, the primarily Australian context may have
limited generalizability to other settings, which calls for replication studies elsewhere.
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