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Abstract
Research Summary: Firms implement digital tech-

nology for improving coordination and communication

in cross-border R&D alliances. However, there is great

ambivalence regarding how digitalization influences

cross-border knowledge transfers. Our analysis clarifies

some of this ambivalence by providing different config-

urations of absorptive capacity in cross-border R&D

alliances. The fuzzy-set qualitative comparative analy-

sis (fsQCA) reveals only low absorptive capacity

achievement in most configurations of digital technol-

ogy implementation. The findings indicate effects of

cognitive digitalization biases, under which firms take

the benefits of digital technology for granted while

ignoring deep-level challenges rooted in the con-

textuality of international ties. However, high absorp-

tive capacity is achievable when (1) allying with bigger

and younger partners, (2) under technological similar-

ity, and (3) coping with the associated digitalization

biases.
Managerial Summary: Firms are eager to grasp the

potential of digital technology. Within R&D alliances,

digital technology is deemed to facilitate better coordi-

nation and communication. However, advantages from
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digital transformation are not always realized, as firms

may overestimate the ease and usability of the under-

pinning technologies. We find that learning and under-

standing of partner knowledge is improved when R&D

partnerships are forged between bigger and smaller

partners, when partners feature technological similari-

ties and both parties are similarly minded regarding

technologies and do not take technology advantages for

granted.

KEYWORD S

cross-border R&D alliance, cultural distance, technological
distance, digital technology, global connectivity

1 | INTRODUCTION

Today, firms continuously implement digital technology vis-à-vis their existing technology
properties in their internal operations (Wimelius et al., 2021) and external alliance relationships
(Kang & Zaheer, 2018; Nachum & Zaheer, 2005; Zaheer et al., 2012). Digital technology trans-
forms how firms operate, compete, and collaborate (He et al., 2020; Snow et al., 2017; Tilson
et al., 2010); it changes how firms recognize, assimilate, transform, and apply knowledge. In
this vein, a new theory has emerged in international business (IB) research on “global connec-
tivity” (Autio et al., 2021; Cano-Kollmann et al., 2016; Castellani et al., 2022; Goerzen, 2018;
Lorenzen & Mudambi, 2013; Sinkovics et al., 2019). Digital technology also influences connec-
tions between firms in their cross-national alliances (Roberts et al., 2012). In particular, R&D
alliances require the transfer and use of external knowledge (Kim & Inkpen, 2005; Lane
et al., 2001), including tacit knowledge transfer (R. Bouncken & Barwinski, 2021). Yet, as
Szulanski (1996) has shown, the knowledge to be transferred between allying firms is subject to
a set of limitations related to the knowledge characteristics, the source, the recipient, and the
context of the transfer. Digital technology might not always cope with such knowledge “sticki-
ness.” In addition, firms implement digital technologies that have different characteristics.
Thus, digitalization might ease the transfer of knowledge and contribute toward a “flat world”
where global disaggregation of services leverages global resources and mitigates knowledge
transfer (Mithas & Whitaker, 2007). Yet, given a potential inability to cope with knowledge
stickiness, digitalization might also require a physical presence as a driver of “spikes” in the
global economy (Mithas & Whitaker, 2007). Therefore, a firm's digital technology implementa-
tion in its R&D alliances will directly influence its absorptive capacity, but the effects are ambig-
uous (He et al., 2020).

Global connectivity research has shown that the effect of digital technology on absorp-
tive capacity is contingent on geographic distance, and this contingency is most ambivalent
in R&D alliances (Kang & Zaheer, 2018; Nachum & Zaheer, 2005; Zaheer et al., 2012). Digi-
tal technology can support but also deter a firm's absorptive capacity (Cano-Kollmann
et al., 2016; Liao et al., 2007; Nachum & Zaheer, 2005; Nambisan et al., 2017; Setia
et al., 2013; Törnroos et al., 2017; Zaheer et al., 2012). On the one hand, digital technology
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supports communication and the process infrastructure of global R&D connections
(Turkina et al., 2016; Turkina & Van Assche, 2018), allowing digitalized operations and vir-
tual person-to-person communication (Forman & van Zeebroeck, 2019). Further, digital
technology improves the transferability of objects (Cherbib et al., 2021; Lorenzen
et al., 2020). On the other hand, digital technology deters absorptive capacity because it
channels more conversational relationships than “handshake” relationships, which are
essential for R&D, especially when crossing international borders (Leamer & Storper, 2001).
In addition, spatial characteristics of alliance partners' international locations or markets
can limit the understanding, use, and implementation of knowledge (Cano-Kollmann
et al., 2016; Törnroos et al., 2017). Further, there is high specificity in digital technology
(Hanelt et al., 2021), so firms can source and absorb only some knowledge embodied in digi-
tal solutions (Forman & van Zeebroeck, 2019) and rarely absorb more integrative knowl-
edge (Liao et al., 2007; Nambisan et al., 2017; Setia et al., 2013).

Considering these ambivalent and context-related influences, we formulate the following
research question: Under which conditions can firms gain absorptive capacity in cross-border
R&D alliances when they strongly utilize digital technology?

Our configurational research approach acknowledges that digital technology use is not per
se supportive of absorptive capacity but depends on certain factors being in place or absent
simultaneously—a concept referred to as conjunctural causation (Misangyi et al., 2017). Regard-
ing the ambivalence, we explore the geographic, cultural, market, and technological distances
at the alliance level while combining them with important digitalization-related firm-level
demographic characteristics. For researching configurations, we apply fsQCA (Fainshmidt
et al., 2020; Verbeke et al., 2019), examining 48 dyadic cross-border R&D alliances. Although
our primary focus is on cross-border R&D alliances, we complement the cross-border sample
with 144 national R&D alliances (cf. Appendix).

Our findings unexpectedly reveal that all low configurations of R&D alliances apply digital
technologies while only two (out of four) high-level configurations implement digital technolo-
gies. The two high-level paths indicate that cross-border R&D alliances achieve high levels of
absorptive capacity through digital technology implementation by (1) selecting bigger and
younger partners, and (2) assuring technological similarity. We derive the notion of “digitaliza-
tion biases,” in which firms and their employees working in the R&D alliance tend to underesti-
mate digitalization challenges and overestimate its merits, while not paying sufficient attention
to the necessary level of detail and the contextual embeddedness of knowledge. Such detail may
include the local context, the fit to the local context, the limitations of knowledge digitalization
(i.e., virtuality trap; Yamin & Sinkovics, 2006), the stress digitalization puts on organizations
(i.e., technostress; Becker et al., 2020; Maier et al., 2022), false assumptions regarding what digi-
tal technology can do (i.e., black-boxing; Anthony, 2021), and the still-lingering demands of per-
sonal contact for tacit knowledge transfer.

Our study contributes to the emerging global connectivity literature (R. Bouncken &
Barwinski, 2021; Lorenzen et al., 2020; Mudambi et al., 2018; Sinkovics et al., 2019; Tallman
et al., 2018). To that theory, we first contribute by identifying essential causal recipes
(Y. Park et al., 2020), of which technological similarity is most important for digital technol-
ogy implementation in cross-border R&D alliances. Second, we highlight cognitive digitali-
zation biases related to taking the benefits of digital technology for granted while ignoring
the contextuality of culturally bound, locally embedded, and complex knowledge in
international ties.
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2 | CONCEPTUAL BACKGROUND

2.1 | Digital technology

Digital technology contains diverse information, computing, communication, and connectivity
technologies (Bharadwaj et al., 2013; Setia et al., 2013). These are frequently referred to as
“advanced technologies” (Sinkovics & Sinkovics, 2020) and go beyond the internet infrastruc-
ture technology, as referenced in early IB articles (de la Torre & Moxon, 2001). Such technolo-
gies include big data analytics, cloud computing, additive manufacturing, social media, and the
internet of things (Nwankpa & Datta, 2017). Digital technology has been changing processes
and outcomes to be more programmable, addressable, sensible, communicable, memorable,
traceable, and accessible (Yoo et al., 2010). For example, big data can improve firms' under-
standing of customer needs and problems, and improve the ease and validity of quality checks
in manufacturing (H. Chen et al., 2012; Loebbecke & Picot, 2015; Mithas et al., 2012). Digital
technologies contribute to digital transformation but are also the object of innovation (Kleis
et al., 2012). For example, 3D printing is a technological innovation that enables firms to
develop and produce novel and individualized products across different locations and print
them where they are needed (R. Bouncken & Barwinski, 2021; Rindfleisch et al., 2017).

Digital innovation can lead to changes in or the elimination of value chain stages while all-
owing new ventures, new business models, and supporting R&D processes (Tallman
et al., 2018; Täuscher et al., 2021). Particularly far-reaching is the implementation of Industry
4.0 solutions, which include digitalized production planning and scheduling, capacity planning,
and maintenance but also collecting and processing production data for process efficiency and
process innovation. Global and remote steering of operational processes can transform tradi-
tional value chains and stimulate the creation of new business models (Horv�ath & Szab�o, 2019).
Although developed for production processes, Industry 4.0 also affects the R&D processes of
existing systems by providing additional data and novel communication methods. The imple-
mentation of Industry 4.0 solutions eases knowledge transfer due to automated exchange pro-
cesses and allows for control across different geographical locations (Ardito et al., 2021). Hence,
Industry 4.0 further enables the global connectivity of R&D.

2.2 | Cross-border R&D alliances as conduits for absorptive capacity

R&D, with its high investments and uncertainties, occurs not only in single firms but also in
alliances. R&D alliances characterize inter-firm collaboration for complementarities that sup-
port R&D processes for innovation purposes (Cui & O'Connor, 2012; De Luca & Atuahene-
Gima, 2007; Delgado et al., 2010; Eriksson, 2011; Kim & Inkpen, 2005). Fundamental to R&D
alliances is knowledge transfer and its absorption (Simonin, 1999, 2004). R&D tends to progress
when firms source distinctive technologies and knowledge from various locations and local hot-
spots (Berry, 2014; Cantwell, 1989; Mudambi et al., 2018). Accordingly, firms form R&D alli-
ances locally and across national borders (Kang & Zaheer, 2018). These cross-border R&D
alliances allow the combination and absorption of knowledge from different international loca-
tions to gain absorptive capacity (Awate et al., 2015; Mudambi et al., 2018; Sinkovics
et al., 2019). Absorptive capacity is a common proxy for garnering valuable knowledge and alli-
ance performance, especially when patents or innovative solutions have not (yet) occurred. The
general absorptive capacity of a firm describes its ability to (1) understand new external
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knowledge, (2) assimilate it, and (3) apply it to commercial ends (Cohen & Levinthal, 1990,
p. 128). The relative absorptive capacity of a firm can differ for each of its external knowledge
sources, calling for a dyadic level of analysis. Although the relative absorptive capacity of a firm
in a dyadic R&D alliance is a key outcome in the R&D alliance itself and an important proxy of
its performance (Lane et al., 2001; Lane & Lubatkin, 1998), there is little known about how digi-
tal technology affects R&D alliances, and especially cross-border R&D alliances (He
et al., 2020). Choosing relative absorptive capacity as our key outcome is in line with Szulanski
(1996), who identified a recipient's lack of absorptive capacity as the most important origin of
information stickiness and a major barrier to knowledge transfer.

3 | RESEARCH MODEL AND CONFIGURATIONAL
PATTERN PROPOSITIONS

3.1 | Digital technology and cross-border R&D alliances

Digital technology brings significant changes in global connections and associated R&D pro-
cesses (Turkina et al., 2016; Turkina & Van Assche, 2018). Digitalization might contribute to a
“flat world,” where global disaggregation of services leverages global resources and mitigates
knowledge transfer barriers, or a “spiky world,” where a high concentration of skilled workers
in local clusters drives the global economy. Although a net flattening effect of digitalization is
likely, there is also some evidence for necessary skills and the need for physical presence as
drivers of “spikes” in the global economy (Mithas & Whitaker, 2007).

In this important domain, a new theory has emerged under the umbrella term of “global
connectivity” (Autio et al., 2021; Cano-Kollmann et al., 2016; Castellani et al., 2022;
Goerzen, 2018; Lorenzen & Mudambi, 2013; Sinkovics et al., 2019). Initially, digital technology
was designed to support firms' absorptive capacity (Ardito et al., 2021) and encourage them to
replace physical infrastructure with digital alternatives (Ahi et al., 2021). Yet, digital technology
also can endanger or complicate the creation of absorptive capacity in cross-border R&D
alliances.

Positive effects of digital technology implementation stem from lowering transportation
costs in cross-border relations, which become less relevant with greater digitalization (Lorenzen
et al., 2020; Tallman et al., 2018). Costs of transportation and knowledge embeddedness have
been among the key parameters in decisions about international location (Schotter &
Beamish, 2013). Transportation costs greatly affect the manufacturing of physical goods because
intermediate goods have to be physically shipped (Castellani et al., 2013). Digital technologies
have the potential to eliminate or reduce some of these factors, and can be expected to mask or
reinforce other aspects (Pezderka & Sinkovics, 2011). In the context of R&D, which mainly faces
challenges from managing knowledge embeddedness, shipping costs are less of a concern,
although physical distance may retain its relevance in hindering or facilitating the physical co-
location of experts (Cano-Kollmann et al., 2016; Pezderka & Sinkovics, 2011). Still, digital tech-
nologies can also support absorptive capacity by transferring digitalized knowledge or allowing
virtual person-to-person communication.

However, there are barriers to the absorption of knowledge via digital technology or the
knowledge incorporated in digital technology (Kang & Zaheer, 2018; Nachum & Zaheer, 2005;
Zaheer et al., 2012), mainly because digital technology may transfer only some knowledge com-
ponents, involves problems in transferring tacit knowledge, and might only allow
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conversational exchanges rather than firm “handshakes” (Leamer & Storper, 2001). As shown
by Szulanski (1996), the knowledge to be transferred between allying firms is subject to a set of
limitations related to the knowledge characteristics, the source, the recipient, and the context of
the transfer. Especially, digital technology might not always cope with the stickiness of knowl-
edge, which might require direct personal copresence and socio-emotional sharing. Only under
the condition of a shared digital identity have digital technologies been able to transfer tacit
knowledge (R. Bouncken & Barwinski, 2021).

In the context of cross-border R&D alliances, other international differences and cultural
aspects will limit the transfer via digital technology; for example, due to the spatial characteris-
tics of the two locations in which partners are embedded (Cano-Kollmann et al., 2016; Törnroos
et al., 2017). Furthermore, the knowledge incorporated in digital technology might be complex
and integrative, restricting easy knowledge transfer (Leamer & Storper, 2001; Liao et al., 2007;
Nambisan et al., 2017; Setia et al., 2013). Not all digital technology comprises easily transferable
components of programs and technology. Digital technology itself can be very complex,
dynamic, and firm-specific. These conditions limit substantial digital technology use for the
absorption of knowledge in R&D alliances (Hanelt et al., 2021). The idiosyncratic knowledge
attributes of the implicit geographies, markets, technologies, and cultures will create an
interdependent complex system of combinatory effects on how well digital technologies support
knowledge transfer in cross-border R&D alliances (Lanzolla et al., 2021). These conditions are
also well reflected by research on perceived and actual distances in R&D alliances (Ambos &
Håkanson, 2014; Dow, 2017; Maseland et al., 2018). Existing evidence suggests that to achieve
the goals of R&D alliances, firms need the right combination of these causal recipes. Causal rec-
ipes are formal statements explaining how causally relevant elements combine into configura-
tions associated with an outcome of interest (Y. Park et al., 2020; Yan et al., 2020).

In addition, firm-level characteristics seem to interact with the above conditions (Barnett
et al., 2021; Gopalakrishnan & Bierly, 2006). First, firm age directly affects openness toward dig-
ital technology. Established firms tend to have greater problems implementing and utilizing
digital technology (Lee & Trimi, 2021). Relatively old firms can experience greater levels of
technostress, broadly defined as stress related to working with information technologies (Maier
et al., 2022). Furthermore, older firms experience virtual media for personal exchanges as more
complicated (Reuschl et al., 2022). Additionally, digital technology often requires high invest-
ments in technical and human resources (Forman & van Zeebroeck, 2019; Hanelt et al., 2021),
which smaller firms might not have and thus search for in their alliance partners.

Second, bigger firms might have greater financial resources, and can also access greater net-
work effects when a greater user base of digital technology progressively increases potential
benefits (Loebbecke & Picot, 2015). Hence, bigger firms might better leverage digital technolo-
gies in alliances. While there is a danger in allying with a larger and more powerful firm, there
is also high potential for garnering growth and technology leverage with such partners. Consid-
ering the complementarity argument in alliance research, older and smaller firms might
benefit in their absorptive capacity when allying with a bigger and younger partner. We rea-
son that the effects of relative firm size and age on absorptive capacity relate to how well
firms can understand the new knowledge of the partner (Rothaermel & Boeker, 2008; Zhang
et al., 2021). Greater technology or market overlap will ease the understanding and usage of
the partner's knowledge base. In what follows, we argue and propose a set of related idio-
syncratic contingencies that pave equifinal causal paths to above-average absorptive capac-
ity of Firm A relative to its R&D alliance partner B in the presence of alliance-level digital
technology implementation.
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3.2 | Global connectivity: Zooming in on configurations

In understanding configurations of firm-centric knowledge absorption from a specific R&D alli-
ance, we follow the concept of causal recipes (Y. Park et al., 2020). Geographic distance will
influence R&D alliances as conduits of knowledge transfer. Traveling over greater distances
and spending time at the partner firm will not only have cost implications (Catalini
et al., 2020), but may also be hampered by several other factors including but not limited to
obtaining visas, language barriers, local transportation, water safety, climate issues, health
issues, and female travel risk (Lorenzen et al., 2020; Schotter & Beamish, 2013). Toedtling et al.
(2012), and similarly Leamer and Storper (2001), propose that geographic proximity is essential
in the context of complex knowledge exchange that requires interactive learning and conversa-
tions rather than handshake relations. Travel and the cognitive distance among members from
different nations reduce the impact of geographic proximity and are often perceived as signifi-
cant barriers to knowledge transfer in such relationships (Toedtling et al., 2006; Toedtling
et al., 2012). In addition, firms might aim to protect their knowledge and competencies, and
find this easier across distances because co-location increases the chance of unintended tacit
knowledge spillovers (R. Bouncken & Barwinski, 2021; Narula & Santangelo, 2009). Hence,
especially when there is low market distance, firms might see high risks of unintended tacit
knowledge spillovers in direct physical encounters.

Digital knowledge flows may lower the importance of direct knowledge transfer and the
influence of geographic distance (Awate et al., 2015; Mudambi et al., 2018). Yet, these merits
depend on how well digital technology can represent or transfer knowledge. Digital knowledge
transfer with external partners can be based on or supported by programs, codes, and templates
(Forman & van Zeebroeck, 2019). Still, these knowledge elements must be understood by part-
ners. Understanding the underlying knowledge bases will be easier when firms have greater
levels of technological similarity. Previous research has shown that technological complemen-
tarity will stimulate novelty in R&D alliances (Harrison et al., 2001). Technological complemen-
tarity requires a minimum degree of overlap (Chung et al., 2000). If the technological distance
between the collaborating firms is too large, this may hurt their ability to understand, assimi-
late, and apply each other's knowledge (Lin et al., 2012; Srikanth & Puranam, 2011). This effect
may be further exacerbated when physical co-location is impossible, or firms attempt to bypass
associated costs by predominantly relying on digital technologies (Forman & van
Zeebroeck, 2019; Sinkovics et al., 2019). Additionally, past information systems research reveals
that digital technology is often complex and specific to a firm. Any technological distance will
likely complicate the knowledge absorption processes among firms (Hanelt et al., 2021). Hence,
achieving absorptive capacity and overcoming geographic distance demands lower technologi-
cal distance among firms.

In this setting, digital technologies can facilitate connections even in the absence of co-loca-
tion, group membership, and prior relationships, thus allowing the sharing of digitalized infor-
mation, know-how, and personal experience (Ravichandran et al., 2017). Digital knowledge
transfer may eliminate the influence of geographic distance (Awate et al., 2015; Mudambi
et al., 2018). When technological knowledge or its local embedding is less similar among the
exchange parties (Awate et al., 2015) or when the knowledge is complex and tacit, recursive
exchanges and social aspects can play a critical role (Martin & Salomon, 2003). These effects
might remain critical for digital innovation and may necessitate some physical, even if tempo-
rary, co-location as knowledge embeddedness complicates knowledge transfer in distributed
and locally dispersed processes. In addition, direct knowledge transfer might be more important
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and frequent when there is cultural diversity among firms (Pesch & Bouncken, 2018). The digi-
tally enabled knowledge transfer among alliance partners can work even in the context of weak
ties and serendipitous exploration of knowledge (Liu & Ravichandran, 2015) when firms share
the digital identity of the market or industry (R. Bouncken & Barwinski, 2021). While the tech-
nological distance between two firms refers to differences in their knowledge bases (Lin
et al., 2012), market distance can be defined as industry-related structural differences between
collaborating firms. Yan et al. (2020) find that, to achieve breakthrough innovation, focal firms
should strive to collaborate with coopetitors characterized by low market distance and medium
technological distance. However, the associated risks are offset when low market distance
comes with similar technology and technology-inspired identity (R. Bouncken &
Barwinski, 2021). Past coopetition research shows that R&D alliances among firms in the same
market can achieve scale and scope advantages for the dyad against outside competitors (Shu
et al., 2017). These advantages improve knowledge transfer, understanding, and innovation
(Yadav et al., 2022).

Expected configurational pattern proposition 1. Firms in dyadic cross-border
R&D alliances will achieve high levels of absorptive capacity from the focal alliance by
implementing digital technologies in configurations of high geographic distance, low
technological distance, and low market distance in the dyad.

Cross-border alliances are typically not only affected by geographic but also by cultural dif-
ferences (Choi & Contractor, 2016). These differences might have combined effects with techno-
logical similarity and digital technology use in R&D alliances. Cultural differences might be
measured directly by respondents' cultural profiles or perceived cultural distance between indi-
viduals nested in organizations (Pesch & Bouncken, 2017). Dyadic R&D alliances as the unit of
analysis consist of different individuals from each firm who are in contact with each other.
These individuals come from diverse functional and national backgrounds (R. Bouncken &
Kraus, 2014). While the cultural distance among individual members of R&D teams might be
blurred, each firm still operates from a specific national background in cross-border R&D alli-
ances (R. B. Bouncken & Winkler, 2010). Accordingly, we now turn to the more macro-level
informed measure of cultural distance as defined by Kogut and Singh (1988). Cultural distance
in cross-border alliances is the degree to which the cultural norms and practices in one country
differ from those in another country (House et al., 2006). Cultural differences may result in dif-
ferent interpretation systems, thus creating a risk of reduced understanding, further adding dif-
ficulty to geographic and technological distances in garnering absorptive capacity. However,
cultural differences can also be a source of novel ideas originating from different behaviors and
cognitive styles (Pesch & Bouncken, 2018). When perceived and acknowledged, cultural dis-
tance can be bridged, even in a digital context (Sinkovics et al., 2019).

Further, using the same or similar digital technology can create a certain degree of shared
identity among firms. Such shared digital identity can build a socio-emotional connection
between actors that may foster knowledge sharing, decoding, and integration (R. Bouncken &
Barwinski, 2021). The co-existence of a shared digital identity with an awareness of cultural dif-
ferences between the two countries can create a fertile ground for building knowledge connec-
tivity and creativity (Sinkovics et al., 2019). Still, the different mindsets of alliance participants
influenced by national culture and specific local embedding (Doloreux & Turkina, 2021;
Turkina et al., 2016) might intermingle with other factors (Peterson et al., 2018) to complicate

288 BOUNCKEN ET AL.



the understanding of technology and the bridging of geographic distance via virtual media for
the development of the firm's absorptive capacity.

Expected configurational pattern proposition 2. Cultural distance in dyadic
cross-border R&D alliances will act as an inhibitor condition for achieving high levels
of absorptive capacity from the focal alliance in configurations that implement digital
technologies to bridge a high geographic distance.

Moreover, firm size, firm age, and cross-cultural issues intermingle with the merits of
coopetition among firms in the same market (Gnyawali & Park, 2011; Knein et al., 2020).

Relative firm size and age determine digital technology leverage and firms' relative
capacity to understand, assimilate, and integrate each other's knowledge bases, especially in
asymmetric “student–teacher” dyads (Lane & Lubatkin, 1998). Older firms tend to be more
rigid and restricted by potentially outdated and obsolescent technologies (Rothaermel &
Boeker, 2008; Sørensen & Stuart, 2000). Firm size is important considering the high invest-
ment costs in digital technology and the network effects related to digital technology
(Cennamo, 2021; Chu & Manchanda, 2016). Bigger, and hence more powerful, firms invest
in digital technology and reap its network effects (Gregory et al., 2022). Thus, bigger firms
in R&D alliances might gain more advantages related to absorptive capacity when they
implement digital technology in their R&D alliances. As aforementioned, we propose that
the effects of firm size and age on absorptive capacity will hinge on how well collaborating
firms can understand the new knowledge, which necessarily depends on technology or mar-
ket overlap, and whether digital technologies can bridge the geographic and cultural
distances.

Expected configurational pattern proposition 3. Firm size and firm age will
influence how well firms in dyadic cross-border R&D alliances will achieve high levels
of absorptive capacity from the focal alliance: firms collaborating with younger and
bigger partners will specifically benefit in terms of absorptive capacity from the focal
alliance when implementing digital technologies in configurations of high geographic
distance, low technological distance, and low market distance in the dyad.

4 | METHODS

4.1 | Analysis

We theorize about the multiplicity of digital technology implementation in alliances and pro-
pose a set of causal recipes for achieving relative absorptive capacity using a deductive
approach, as recommended by Y. Park et al. (2020). This study follows advances in neo-
configurational methods to overcome the limitations of conventional regression-based analysis
(Fainshmidt et al., 2020; Misangyi et al., 2017). By applying fuzzy-set qualitative comparative
analysis with fsQCA 3.1, we focus on combined effects of causal conditions instead of indepen-
dent net effects of competing explanatory variables (Ragin, 1987). These causal conditions con-
stitute different sets of characteristics associated with a given outcome. In technical terms,
equifinality allows for different causal paths leading to the same outcomes, and causal asymme-
try implies that the presence of a condition associated with the presence of an outcome does not
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necessarily imply that the absence of said condition is associated with the outcome's absence.
In line with established QCA guidelines (Ragin, 2008; Schneider & Wagemann, 2012), we first
ran a preliminary necessity analysis to identify consistent single necessary causes. We added a
series of post hoc and robustness tests to an extended appendix with plain-text explanations of
additional insights.

4.2 | Data sources and sampling

We built our population from eight exhibitor lists of international trade fairs hosted in
Germany during 2015–2018. Overall, 42,261 firms from 97 countries participated in these trade
fairs (Top3: Germany 29.3%, China 14.7%, USA 6.6%,

P
top10: 74.0%) with a sample-size

adjusted diversity score (BlauN) equal to 0.88 (Biemann & Kearney, 2010). We chose these trade
fairs to address our research question because they are commonly accepted industry ecosystems
of individuals, organizations, markets, societies, and cultures facilitating innovation and collab-
oration (Sarmento & Simões, 2018). The common theme of these trade fairs is “Industry 4.0,”
which marks the next phase in the digitalization of the manufacturing sector (Baur &
Wee, 2015). The core vision of Industry 4.0 is the interconnected “smart” factory, which allows
boundary-free human–machine interactions through the application of digital technologies
(Ardanza et al., 2019). These digital technologies can also be applied within inter-organizational
alliances (Cherbib et al., 2021).

We, therefore, personally invited over 9000 firm representatives from top and middle
management to participate in a survey about their firm's digitalization. Respondents were
asked to refer to one specific alliance and disclose the partner's firm name, resulting in a
total of 2807 paper-and-pencil or tablet-based questionnaires (raw response rate = 31%)
from 63 countries (Top3: Germany 37.8%, China 14.3%, USA 5.1%,

P
top10: 78.1%,

BlauN = 0.83). Not all participants indicated an alliance partner (missing: 47%) or were suf-
ficiently knowledgeable to serve as a key informant (minimum set to 4 on three 7-point
Likert-type knowledgeability items). We further excluded invalid cases, cases with missing
model variables, multi-partner alliances, and all non-R&D alliances. Next, we excluded all
cases where both firms filed no patents in the period 6 years before and 2 years after the sur-
vey (33%). Our final sample consists of 292 dyadic R&D alliances from 44 unique countries
(responding Firm A: 33 countries, BlauN = 0.74; partner Firm B: 36 countries, BlauN = 0.80).
Of these dyadic R&D alliances, 144 (i.e., 49%) were national and 148 (i.e., 51%) were cross-
border alliances.

Despite fsQCA being less sensitive to sampling issues due to the theoretically informed cali-
bration process (Fiss, 2011), we assessed the extent of potential selection biases by estimating
the inverse Mills ratio in a binary selection model (Certo et al., 2016) for our final sample of
292 dyadic R&D alliances drawn from the overall population of 42,261 firms. A series of firm
characteristics at the firm level (firm size and age), country level (English proficiency index and
proportion of individuals of the population using the internet), and trade fair level (geographic
distance of exhibitor to trade fair and the number of exhibitors in the hall where the exhibitor
is located) significantly predicted the selection (χ2 = 75.00, df = 6, p < .001, Nagelkerke-
R2 = 2.2%). We added the inverse Mills ratios to the correlation matrix in Tables 1 and A1.
Notably, the correlations with our dependent measure are insignificant, indicating no severe
selection biases (Certo et al., 2016).
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4.3 | Variables and calibration

The calibration process transforms raw data into fuzzy membership scores using set-theoretic
thresholds as meaningful anchors (i.e., full-out at 0.05, crossover at 0.5, and full-in at 0.95). We
used various data sources to minimize common method bias (Podsakoff et al., 2012). Our
dependent measure is relative absorptive learning capacity (=ACap) by Fang and Zou (2010),
which builds on three 5-point Likert-type items anchored at “1” (= strongly disagree) and “5”
(= strongly agree). These three items reflect the extent to which the responding firm has devel-
oped a superior capability in (1) understanding (mean M = 3.98, std. deviation SD = 0.88, std.
factor loading λ = 0.71), (2) assimilating (M = 3.82, SD = 0.91, λ = 0.88), and (3) applying the
partner's knowledge and skills (M = 3.79, SD = 1.03, λ = 0.72). A main axis confirmatory factor
analysis of this latent construct yields great reliability (composite reliability = 0.81), convergent
validity by average variance extracted (AVE = 0.60), and discriminant validity by Fornell-
Larcker ratio (FL = 0.02) (Fornell & Larcker, 1981). We calibrated these raw factor scores at
typical levels of low and high membership (i.e., full-out = �1 ≙ cumulated empirical percent-
age 22%, cross-over = 0 ≙ 46%, full-in = +1 ≙ 80%).

Our four dyadic alliance-level distance measures captured various aspects of non-directional
(i.e., symmetrical) distances (Berry et al., 2010). First, we measured the technological distance
between collaborating firms based on their IPC4-patent classes in the past 5 years. Of all com-
monly used symmetric measures (e.g., Euclidean distance, angle, correlation), we preferred the
min-complement technological distance (calibration: full-out = 0 ≙ 1%, cross-over = 0.8 ≙ 9%,
full-in = 1 ≙ 22%), as this is the only one that satisfies the independence axiom (Bar &
Leiponen, 2012). Second, we calculated market distance as the reverse market overlap
(B.-J. Park et al., 2014; Yan et al., 2020) based on all 4-digit SIC codes both firms operate in to
account for intra-alliance competition and industry-related structural commonalities (calibra-
tion: full-out = 0 ≙ 4%, cross-over = 0.75 ≙ 54%, full-in = 1 ≙ 83%). Third, we measured geo-
graphic distance as the beeline between collaborating firms' headquarters in kilometers
(calibration: full-out = 1 km ≙ 7%, cross-over = 500 km ≙ 51%, full-in = 10,000 km ≙ 97%).
Fourth, regarding cultural distance, we applied the formula by Kogut and Singh (1988) to the
country-level data of cultural values by House et al. (2006), consisting of nine dimensions (9D):
assertiveness, institutional collectivism, in-group collectivism, future orientation, gender egali-
tarianism, humane orientation, performance orientation, power distance, and uncertainty
avoidance (calibration: full-out = 0 ≙ 50%, cross-over = 1.5 ≙ 75%, full-in = 3 ≙ 88%). Although
geographic and cultural distances are highly correlated (r = .65, p < .001; international-only:
r = .42, p < .001), there are empirical examples of asymmetrically calibrated combinations in
our sample (e.g., “geo in–culture out”: UK–Australia vs. “geo out–culture in”: Belgium–France).

For measuring digital technologies at the alliance level, we asked respondents to indicate
which of the following digital technologies were used in the focal R&D alliance (Pesch
et al., 2021): 53% none versus 47% any (i.e., crisp-“or”-logic): 15% “industry 4.0,” 14% “3D print-
ing & additive manufacturing,” 13% “big data analytics,” 13% “cloud computing,” 12%
“robotics,” 10% “cyber security,” 8% “artificial intelligence,” 6% “bots,” 3% “telepresence &
telemedicine,” and 5% “other” (e.g., “3-D visualization & simulation software,” “virtual & aug-
mented reality,” “wearable sensors”).

As organizational learning processes in general (Ranger-Moore, 1997) and firms' absorptive
capacity in particular (Lane et al., 2006) depend on firms' structural characteristics, we further
calibrated firms' relative sizes (= number of partner firm's employees relative to responding
firm's employees, calibration: full-out = �5 ln-transformed, i.e., responding firm is 100 times
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bigger ≙ 2%, cross-over = 0 ln-transformed, i.e., same firm sizes ≙ 38%, full-in = +5 ln-trans-
formed, i.e., partner is 100 times bigger ≙ 88%) and relative ages (= years since both firms'
incorporation, calibration: full-out = �2 ln-transformed, i.e., responding firm is 10 times older
≙ 3%, cross-over = 0 ln-transformed, i.e., same firm ages ≙ 45%, full-in = +2 ln-transformed,
i.e., partner is 10 times older ≙ 96%).

Cognizant of the variable selection sensitivity of fsQCA results, we provide more context to
interpret our findings in the post hoc analysis that examines additional variables suggested by
theory (Greckhamer et al., 2013). First, we complemented alliance-level digital technologies
with firm-level digital intensities in the 5 years pre-alliance formation based on patents filed in
4IR technology fields provided by Ménière et al. (2017). With just 3054 of all 67,020 unique IPC
subgroups representing digital technology fields, the overall digitalization average is 4.6%. We
applied a crisp logic for both firms if they filed any digital patents in the 5 years pre-alliance for-
mation (Firm A: 19%, Firm B: 35%). Next, due to knowledge transfer and especially partner-
specific absorptive capacity being time-dependent processes, we calibrated partner-specific
alliance experience by the number of months since the alliance had been formed (calibration:
full-out = 6 ≙ 1%, cross-over = 36 ≙ 51%, full-in = 120 ≙ 95%). In addition, we calibrated
responding firms' general alliance experience (Hoang & Rothaermel, 2005) by the number of alli-
ances formed in the 5 years pre-alliance formation (calibration: full-out = 0 ≙ 1%, cross-
over = 10 ≙ 51%, full-in = 100 ≙ 91%). The responding firms' R&D intensity (Cohen &
Levinthal, 1990) as percentages of firm sales spent on R&D often serves as a proxy of firm-level
absorptive capacity (calibration: full-out = 0% ≙ 2%, cross-over = 10% ≙ 58%, full-in = 50% ≙
95%). As an extension of alliance-level technological distance, we calculated firm-level explora-
tion (Duysters et al., 2020) for both firms as the inverse of a normalized Herfindahl index, which
captures the knowledge diversity of unique patent classes in the past 5 years pre-alliance forma-
tion (calibration: Firm A: full-out = 0.05 ≙ 0%, cross-over = 0.5 ≙ 56%, full-in = 0.95 ≙ 97%;
Firm B: full-out = 0.05 ≙ 0%, cross-over = 0.5 ≙ 74%, full-in = 1 ≙ 97%). Last, we disaggregated
relative firm size and age into separate firm characteristics (calibration: Firm A's size in number
of employees: full-out = 10 ≙ 12%, cross-over = 50 ≙ 45%, full-in = 250 ≙ 74% & age in years:
full-out = 5 ≙ 4%, cross-over = 25 ≙ 49%, full-in = 50 ≙ 76%; Firm B's size: full-out = 10 ≙ 10%,
cross-over = 50 ≙ 29%, full-in = 250 ≙ 54% & age: full-out = 5 ≙ 5%, cross-over = 25 ≙ 43%,
full-in = 50 ≙ 74%). Table 1 shows the bivariate correlations of calibrated scores in the cross-
border and national subsamples.

5 | RESULTS

None of the variables are significantly correlated with responding firms' relative absorptive
capacity (cf. first column of Table 1). Hence, we rely on alternative neo-configurational
approaches. Notably, only Firm A's digital intensity is positively associated with ACap in
national R&D alliances (cf. Table 1: rnat = 0.24, p = 0.004 vs. rint = 0.05, p = 0.533). We find
that raw R&D expenses are a poor proxy for alliance-level ACap (cf. Table A1: r = �0.05,
p = 0.376). Hence, we confirm that ACap is relative and should be assessed at the level of the
learning dyad as “student-firm” and “teacher-firm” pairings (Lane & Lubatkin, 1998).

First, we set the maximum model complexity to seven (= k) conditions to reduce the extent
of limited diversity. Generally, the theoretical number of configurations that double for every
additional condition should not exceed the empirical sample sizes (2k = 27 = 128 < 148 for
cross-border & 26 = 64 < 144 for national subsample without cultural distance). Following
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established guidelines (Ragin, 2008; Vis & Dul, 2016), we performed an in-kind necessity analysis
of single conditions for high and low levels of ACap. Table 2 summarizes present and absent
(=�) single conditions by consistency and coverage levels. A consistency value greater than 0.9
constitutes a general necessary condition (Vis & Dul, 2016) of ACap or a lack thereof. Coverage
values greater than 0.5 imply meaningful single causes. Remarkably, none of our core conditions
(or remaining conditions in the correlation matrix) are consistent single necessary conditions of
ACap or its absence in dyadic cross-border R&D alliances, further stressing the complexity of
knowledge absorption across national borders. In the national sample, geographic proximity is
the only consistent single necessary condition of ACap. This finding highlights the local
embeddedness and contextuality of knowledge (Meyer et al., 2011; Nachum & Zaheer, 2005).

Next, we applied fsQCA to our seven core conditions leading to high or low ACap in the
cross-border subsample (N = 148). The truth table for dyadic cross-border R&D alliances
reveals 60 observed out of 128 theoretical configurations with N ≥ 1, expressing a moderate
degree of limited diversity (with 47% of empirical representation). Table 3 summarizes four con-
sistent (≥0.85) causal paths to high and seven consistent paths to low ACap in dyadic cross-
border R&D alliances. Table A3 of the appendix shows the configurational solution for the
national subsample (N = 144).

Notably, all paths to low ACap in cross-border R&D alliances are characterized by the pres-
ence of digital technologies, whereas high ACap reveals mixed configurations. High 1a and low
2 e only differ in their core conditions (i.e., parsimonious solution). These two culturally driven
configurations are highly ambiguous: a focus on economies of scope (i.e., bigger partners)
instead of competitive pressures (i.e., market similarity) renders high ACap and adds to the
debate on the “double-edged sword of coopetition” (R. B. Bouncken & Kraus, 2013). Path high
1b and paths low 2b and low 2c differ in technological similarity. The multidimensional dissimi-
larity (i.e., technology, market, and geography) is probably too high of a burden for achieving
high ACap. Both paths high 1c and high 1d lack digital technologies. These more traditional
learning alliances (Hamel, 1991) build on complementarities and partner compatibility (Sarkar
et al., 2001). In general, technological distance tends to be the biggest hurdle to achieving high
ACap (low 2a, 2b, 2c, 2f, 2 g). The only two low technological distance paths are the ambiguous
paths low 2 e and low 2d. The latter dysfunctional configuration suffers from too much similar-
ity in all distance measures and a potential lack of trust (Sinkovics et al., 2021). These relatively
young and small competitors are aware of the bigger partner's intention to absorb knowledge
and are motivated to limit knowledge spillovers (M.-J. Chen et al., 2007).

In summary, we find only partial support for our proposed patterns. The only two paths to
high absorptive capacity that strongly apply digital technologies (high 1a and high 1b) partly devi-
ate from our proposed patterns: technological similarity is a pre-condition to using alliance-level
digital technologies. Pattern 1 is mainly supported by path high 1b. Instead of the proposed low
market distance in coopetition alliances, digital technologies can even bridge the high market dis-
tance between non-competitors. Pattern 1 is also partly supported by solution high 1d in a non-
digital setting. Pattern 2 is partly supported. Both solutions high 1a and high 1b suggest asymmet-
ric instead of symmetric combinations of geographic and cultural distances if the technological
distance is low. A high cultural distance can spark high absorptive capacity through digital tech-
nologies, but only if no other distances are at play. However, this pattern remains highly ambigu-
ous (cf. high 1a vs. low 2 e). Finally, Pattern 3 is mainly supported by solutions high 1a and high
1b, except for symmetric geographic and market distances as opposed to cultural distance in Pat-
tern 2. Because of the relative size advantage, partner Firm B does not perceive the absorbing
coopetitor A as a threat (cf. high 1a), even in geographic proximity (M.-J. Chen et al., 2007).
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6 | DISCUSSION

Rooted in the emerging research on global connectivity (Cano-Kollmann et al., 2016; Castellani
et al., 2022; Goerzen, 2018; Lorenzen & Mudambi, 2013; Sinkovics et al., 2019; Turkina
et al., 2016; Turkina & Van Assche, 2018), the motivation for our study is that firms increasingly
aim to absorb technologies and knowledge from a variety of international locations using cross-
border R&D alliances (Awate et al., 2015; Berry, 2014; Cantwell, 1989; Mudambi et al., 2018). In
pursuit of absorptive capacity in such alliances, firms face ambiguous merits and challenges
related to implementing digital technology (Autio et al., 2021). We support the idea that digital
technology implementation can facilitate a “flatter” world and simultaneously create “spikes”
in the global economy, dependent on a multiplicity of causal recipes (Mithas & Whitaker, 2007;
Y. Park et al., 2020). However, the corresponding knowledge has some stickiness, which
reduces its transferability via digital technology (Szulanski, 1996). Potential challenges of digital
technology implementation for absorptive capacity purposes are especially pronounced in
cross-border R&D alliances because valuable and tacit knowledge transfer is more crucial for
“resource seekers” (Zaheer & Manrakhan, 2001, p. 671) than substituting physical transfers
with digital ones (Kang & Zaheer, 2018; Nachum & Zaheer, 2005; Zaheer et al., 2012).

6.1 | Contribution—Technological similarity and digitalization biases

Our finding that digital technology implementation is rarely helpful in achieving absorptive
capacity in R&D alliances might not appear surprising, considering digital technology's known
limitations in transferring tacit knowledge. Specifically, we contribute to previous ambivalent
findings about the merits and challenges of digital technology use across the various forms of
distance (Cano-Kollmann et al., 2016; Kang & Zaheer, 2018; Liao et al., 2007; Nachum &

TABLE 3 Configurations for achieving (1) high versus (2) low ACap in cross-border R&D alliances

Note: Black circles indicate the presence, crossed white circles indicate the negation, and blank spaces signify the absence of a

causal condition. Big circles indicate parsimonious solutions with fit evaluation in parentheses.
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Zaheer, 2005; Nambisan et al., 2017; Setia et al., 2013; Törnroos et al., 2017; Turkina
et al., 2016; Turkina & Van Assche, 2018; Zaheer et al., 2012). Our findings are striking in that
only two of our identified configurations implement digital technology successfully, and
because we identified the supportive pattern of causal recipes for achieving absorptive capacity.

The challenges of relying on digital technology within cross-border R&D alliances are multi-
faceted, as shown by our finding that alliance-level digital technology implementation is present
in all low absorptive capacity configurations and only two out of four high configurations. Our
configurational study design reveals important patterns in which firms do not choose an appro-
priate setup for absorptive capacity creation, which is an integral part of R&D processes. The
digital technology implementation might be used for substituting physical transfers with digital
ones in operational processes but not for tacit knowledge transfer in R&D alliances (Kang &
Zaheer, 2018; Nachum & Zaheer, 2005; Zaheer et al., 2012).

Although firms are increasingly eager to grasp the potential of digital technology, R&D alli-
ances appear to involve substantial limitations and risks of overrating such potential. This
might be because firms rely on surface-level advantages related to the easy transfer of digita-
lized processes and objects and accessible virtual communication. Firms might overestimate the
easiness and usability of digital technology, as quoted in the “virtuality trap” (Yamin &
Sinkovics, 2006). As documented in all low configurations, (over-)reliance on digital technolo-
gies can negatively affect firms' absorptive capacity. This is in line with virtual meetings foster-
ing more handshake exchanges than in-depth conversations (Leamer & Storper, 2001).

Absorptive capacity development might require more detail concerning the use of digital
technology, the data origin, the data context, and how different persons interpret the data in
diverse contexts. Absorptive learning processes across firms require individuals to become more
familiar and empowered to better interpret the contextualized knowledge in digital
exchanges—and this seems difficult via digital technology. Most low configurations applied dig-
ital technologies in technologically distant yet culturally close cross-border R&D alliances,
potentially failing to deconstruct and reconnect underlying knowledge bases. In this regard, we
relate to but also make previous research on the limitations of digital technology for exchanging
sticky or contextually embedded knowledge more specific (Nachum & Zaheer, 2005). We espe-
cially emphasize the shortcomings of digital technologies with respect to mainly transferring
codified knowledge or permitting only temporary or surface-level information exchanges. Our
findings further align with the eclectic model of internal stickiness by Szulanski (1996), who
suggests considering the characteristics of (1) the knowledge transferred, (2) the source, (3) the
recipient, and (4) the context of knowledge transfer all at once.

We assume that when digital technology is substantially implemented in cross-border alli-
ances, absorption demands a sufficient level of understanding and detail among the allying
firms, especially on technological aspects. Higher levels of distance might induce misunder-
standing, misinterpretation, and related dysfunctional processes in the knowledge transfer, lim-
iting the realized absorptive capacity through fragmentation and black-boxing (Anthony, 2021;
Jansen et al., 2005). In this, our findings support previous research that emphasized specificities
of contexts and the personal exchanges that might complicate successfully learning and
exchanging knowledge in digitalized contexts (Cano-Kollmann et al., 2016; Kang &
Zaheer, 2018; Liao et al., 2007; Nachum & Zaheer, 2005; Nambisan et al., 2017; Setia
et al., 2013; Törnroos et al., 2017; Zaheer et al., 2012).

Although understanding, assimilating, and independently applying a partner's knowledge
and skills should be the preferred outcomes in a scenario characterized by power plays, asym-
metric dependency, constant bargaining, and competitive pressures (R. B. Bouncken
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et al., 2020; R. B. Bouncken & Fredrich, 2011; C.-J. Chen, 2004; Fredrich et al., 2019;
Matthyssens et al., 2005), there might be an alternative interpretation of low configurations.
Digital technologies can be powerful instruments specifically designed to offset the negative
consequences of low levels of absorptive capacity. For example, individuals who trust the out-
comes of machine learning algorithms without understanding them (i.e., black-boxing) may not
necessarily make worse decisions. Still, there might be long-term consequences for their career
trajectories (Anthony, 2021).

In sum, the above discussion emphasizes the risk of taking for granted the surface-level ben-
efits of digital technology for absorptive capacity while ignoring the challenges and the neces-
sary level of detail in R&D processes. This cognitive bias prevails because firms seem to
insufficiently consider how much more depth they need in their (personal) conversations, tech-
nology fit, discussion, and (de-)contextualization of location and cultural specificity. We specu-
late that the mere presence of alliance-level digital technology might create an illusion and
overreaching image of absorption merits.

These challenges are generally lower when firms have a high technological similarity. Our
nuanced finding on the two successful paths to high absorptive capacity supports and refines
this cognitive bias that stems from too many surface-level considerations and overestimating
merits while ignoring the context and necessary detail. This is most obvious in that we find high
absorptive capacity contingent on high technological overlap among the firms and on being the
older and smaller firm. The higher level of technological overlap signals that firms better and
more “naturally” understand each other's R&D content. In this, we reveal a consistent bound-
ary condition related to technological similarity and learning from technological similarity (Yan
et al., 2020). The mutual understanding of technologies supports knowledge absorption pro-
cesses and renders the limitations of digital technology implementation less critical while lifting
its advantages.

In addition, we find favorable configurations of smaller and older firms. These firms enter a
typical teacher–student situation (Lane et al., 2001; Kim & Inkpen, 2005), meaning that there is
great attention to learning and depth. The two configurations of asymmetric learning dyads
(Lane & Lubatkin, 1998) only differ in their peripheral conditions, which yet emphasize the
cross-cultural background of our study. Given the easy knowledge absorption using digital tech-
nologies under low technological distance, the level of cultural distance determines whether
geographic and market distances can be bridged (Steensma et al., 2000; Turkina & Van
Assche, 2018). The high cultural distance can spark high absorptive capacity through digital
technologies, but only if no other distances are at play. The configuration also ties in with
research about power imbalances and coopetitive tensions arising from technological, market,
and geographic proximity (Fredrich et al., 2019; Tidström, 2014). We assume cultural diversity
and the smaller firm being perceived as no threat to the bigger partner can offset the associated
risks (C.-J. Chen et al., 2007). The mirroring configuration includes high market and geographic
distances accompanied by low cultural distance.

Our findings are not solely pessimistic about digital technology implementation in R&D alli-
ances. Potential merits of knowledge transfer via digital technology (Cherbib et al., 2021;
Lorenzen et al., 2020) arise when there is high technological overlap and the potential to
learn—either from a low or high cultural distance. Past studies have investigated digital solu-
tions, digitalized transfers (Lorenzen et al., 2020; Tallman et al., 2018), and virtual person-to-
person communication (Forman & van Zeebroeck, 2019). Our study focused on R&D alliances;
hence, the question of how digital technology might reduce transportation for the manufactur-
ing of physical goods (Castellani et al., 2013) was less of a concern in our setting. Although
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digital technologies can be leveraged to foster the understanding, assimilation, and application
of knowledge in strategic alliances (Ardito et al., 2021; R. Bouncken & Barwinski, 2021), they
do not necessarily bridge the technological distance. Still, firms—supposedly resource seekers
(Zaheer & Manrakhan, 2001, p. 671)—might also need to transfer physical goods and personnel
for their R&D. For R&D, knowledge transfer—and hence absorptive capacity—becomes most
meaningful for managing knowledge embeddedness. Yet, the transfer of contextualized or tacit
knowledge is not always met by the necessarily shared digital identity (R. Bouncken &
Barwinski, 2021) and might underlie some trajectories (R. Bouncken & Tiberius, 2021). Spatial
characteristics of the two locations in which the dyadic partners are embedded and technologi-
cal specificity can limit the knowledge transfer via digital technology (Cano-Kollmann
et al., 2016; Hanelt et al., 2021; Liao et al., 2007; Nambisan et al., 2017; Setia et al., 2013;
Törnroos et al., 2017). As previous research is ambiguous and multifaceted regarding how digi-
tal technology implementation influences cross-border R&D alliances, our configurational find-
ings contribute to the emerging research on digital media and cross-cultural knowledge
contextualization.

Again, we highlight that digital technology bears cognitive digitalization biases and pitfalls
in cross-border R&D alliances. Firms need to work on R&D processes, which are often uncer-
tain and dynamic, and draw on digital technology that is not ideally suited for the underlying
creativity processes, causing intra-task and interpersonal conflicts due to misunderstanding,
miscommunication, and a lack of copresence and adaptability. Digital technology implementa-
tion demands attention and effort from the individuals in the R&D alliance, and might distract
them from their knowledge work (Orhan et al., 2021). More precisely, we propose cognitive
biases of taking digital technology merits for granted, underestimating their challenges and the
necessary level of detail, and not paying sufficient attention to the offline context, which tends
to be complex and dynamic in cross-border R&D alliances. Previous research has noted that
over-reliance on new information and communication technologies (ICT) without sufficient
contextual knowledge can cause early adopters to fall into a virtuality trap (Sinkovics
et al., 2013; Yamin & Sinkovics, 2006). The virtuality trap was initially articulated in the context
of early Internet business but had again gained relevance in today's more advanced stages of
digital transformation. Similar to the dot.com-bubble of the 2000s, not fully understanding the
conditions under which digital technologies can be effectively leveraged can lead to a virtuality
trap (Yamin & Sinkovics, 2006). Although the ongoing digital transformation benefits R&D alli-
ances, our configurational findings suggest that organizational reality has not yet caught up to
the promise of these technologies.

Related to the potential cognitive biases and paying too much attention to the surface-level
of generic digital technology benefits, firms should pay close attention to investments and costs
for understanding, adapting, improving, or developing digital technology. Firms might have lit-
tle additional time, resources, or slack to absorb knowledge from their ongoing R&D alliances.
Consequently, individuals in the cross-border R&D alliance might experience individual-level
technostress using digital technologies (Maier et al., 2022). Perceived technostress might spiral
to the group or organizational level, and organizational technostress might soak up knowledge
processes and limit the realized absorptive capacity.

In brief, we conclude that cross-border R&D alliances that implement digital technologies can
achieve high levels of absorptive capacity by (1) selecting bigger and younger partners, (2) assuring
technological similarity, and (3) coping with potential cognitive biases associated with over-
estimating benefits and underestimating challenges of digital technology implementation—for
example, the contextual embeddedness of knowledge, black-boxing, and technostress.
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6.2 | Limitations and future research directions

A limitation of our study is measuring cultural distance via country-level values related to the
firms' locations, thereby assuming symmetric distances (i.e., A � B = B � A) and neglecting
within-country variance (Peterson & Søndergaard, 2014; Tung & Verbeke, 2010). We expect
more nuanced findings from analyzing cultural profiles, artifacts, and meaningful confounders
directly measured at the alliance level (e.g., firms' corporate cultures, working hours, remote
work). Similarly, we advocate a more balanced treatment of culture in IB studies (Stahl &
Tung, 2015) and expect meaningful insights by considering the perceived cultural distance and
attitude toward cultural intelligence (Pesch & Bouncken, 2018). For a better understanding of
cultural differences, future research might expand on the concept of psychic distance and how
it affects the implementation of digital technology. Notably, geographic distance accounts for
the largest share of the explained variance of perceived psychic distance in past studies
(Håkanson & Ambos, 2010).

Our post hoc analysis revealed that absorptive capacity and digital technologies could
reduce unintended alliance termination in national R&D alliances, minimizing sunk costs from
R&D alliance failure (S. H. Park & Ungson, 2001). Future studies might investigate the conflict
resolution capabilities of digital technologies and suggest a more harmonized digital value crea-
tion and capture at the alliance level (Cappa et al., 2021).

Reflecting on our insights into decision-making biases in alliances (Chao, 2011), we recom-
mend an experimental design and measuring the perceived technostress. Technostress mainly
occurs in the early stages of technology implementation (Maier et al., 2022), calling for longitudi-
nal analysis of its consequences within and across different levels. Furthermore, future studies
should consider digital technology experience at the firm level as this drives firms' exploration
tendencies in our data. Last, we acknowledge that our one-sided perception of responding firms'
absorptive capacity can only incompletely capture potentially asymmetric learning dynamics of
“digital learning races” in R&D alliances between teachers who become students and vice versa.
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APPENDIX

REPRESENTATIVENESS OF PRIMARY ALLIANCE SAMPLE
Our primary alliance sample consists of N = 298 R&D alliances. Table A1 summarizes descrip-
tive statistics and bivariate correlations of all dyadic R&D alliances. On average, these R&D alli-
ances started 4.4 years ago (median = 3.2 years), and the geographic distance between
collaborating firms' headquarters was 2485 km (479 km). The surveyed firms were established
in 1981 (1991), employed a staff of 2719 (70), and achieved a 21% (15%) return on equity with
annual sales of 630 M€ (13 M€). They spent 16% (10%) of their annual sales on R&D and filed
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TABLE A2 Comparison of SDC versus our primary alliance data

Source SDC secondary database Primary database

Number of R&D
alliances

17,519 298

% cross-border 54.1% 51.0%

Years of
announcement/
start

1973–2018 1999–2018

% dyadic alliances 15,882 (90.7%) 292 (98.0%)

All subsequent statistics for a subsample of dyadic alliances

Mean (median)
alliance
length

4.7 (3.0) years (known for 6.1%a) 4.5 (4.0) years (known for 4.5%)

Number of
unique
2-digit SIC
codes (BlauN)

74 (0.81) 51 (0.92)

Top3 2-digit
SIC codes (%)

1st: 87 (35.7%)
2nd: 28 (16.0%)
3rd: 73 (14.1%)

1st: 38 (14.6%)
2nd: 36 (13.7%)
3rd: 87 (10.6%)

% ordinal
4-digit SIC-
code
similarity
(BlauN)

No overlap: 49.5%
1st digit: 11.2%
2nd digit: 6.7%
3rd digit: 13.3%
4th digit: 19.2% (0.68)

No overlap: 48.6%
1st digit: 20.5%
2nd digit: 8.6%
3rd digit: 6.2%
4th digit: 16.1% (0.69)

Firm of the
dyad

Firm A Firm B Firm A Firm B

Mean (median)
year of
foundation

1976 (1993) 1979 (1996) 1981 (1991) 1977 (1989)

Mean (median)
number of
employees

38,927 (5301) 45,486 (10,500) 2719 (70) 23,468 (200)

% SMEs (≤500) 27.9% 19.8% 80.5% 63.7%

Number of
countries
(BlauN)

85 (0.62) 93 (0.67) 33 (0.74) 36 (0.80)

% Top3
countries

1st: 60.1%, USA
2nd: 8.9%, Japan
3rd: 4.8%, UK

1st: 56.3%, USA
2nd: 9.2%, Japan
3rd: 5.1%, UK

1st: 49.0%, Germany
2nd: 6.5%, USA
3rd: 6.5%, China

1st: 42.5%, Germany
2nd: 11.6%, USA
3rd: 5.5%, China

Mean (median)
number of
patents
5 years pre-
allianceb

368 (21) 385 (20) 114 (1) 795 (2)

10% (4%) 10% (3%) 7% (0%) 14% (3%)

(Continues)
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114 patents (1 patent) in the past 5 years. Their dyadic alliance partners were established in
1977 (1989), employed a staff of 23,468 (200), and achieved a 17% (14%) return on equity with
annual sales of 10,428 M€ (56 M€). These considerably bigger partners filed 795 patents (2 pat-
ents) in the past 5 years before alliance formation according to the largest public database on
the internet, Espacenet of the European Patent Office (https://worldwide.espacenet.com/),
which covers over 120 million patent documents from more than 90 countries. We further
applied textual analysis and screened all identified patent documents for the word “digital”
(search string: ftxt = “digital*”). Responding firms' patents contained 7% (0%) of “digital” word-
ing; their bigger partners were significantly more digital: 14% (3%).

Table A2 compares descriptive statistics of selected country-, industry-, firm-, and alliance-
level characteristics of all 17,519 R&D alliances in the world's largest alliance database, Securi-
ties Data Company SDC Platinum (Schilling, 2009), with our primary data. Only 9.3% of all
R&D alliances are multi-partner alliances and there are increasingly more dyadic cross-border
R&D alliances between geographically and culturally distant countries over time (N = 17,519
over 1973–2018: Pearson-rho with time horizon: % dyadic: r = 0.06, p < .001; number of partici-
pants: r = �0.06, p < .001, % international: r = 0.12, p < .001, geographic distance in km:
r = 0.06, p < .001, Globe 9D values: r = 0.12, p < .001; pre-2010: 90% dyadic, 46% international,
2.2 participants, 3862 km, 0.92 Globe 9D values versus post-2010: 93% dyadic, 58% international,
2.1 participants, 4307 km, 1.31 Globe 9D values). Firms established dyadic R&D alliances
mostly for engineering and management services (SIC 87 = 35.7%), whereas our primary R&D
alliances mostly represent the development of instruments and related products (SIC

TABLE A2 (Continued)

Source SDC secondary database Primary database

Mean (median)
% digital
patentsb

Mean (median)
geographic
distance
between
firms

3978 km (1161 km) 2485 km (479 km)

Mean (median)
Hofstede's
4D-distancec

2.23 (2.32) 1.91 (1.64)

Mean (median)
Globe's
values 9D-
distancec

2.07 (2.16) 1.78 (1.48)

Mean (median)
Globe's
practices 9D-
distancec

2.35 (2.05) 2.04 (1.75)

aMostly only date of announcement reported here: actual (1.4%) or original length (4.8%) or an average of both (0.1%).
bRandom sample of 500 SDC alliances announced after 1999 versus all primary alliances.
cCultural distances for cross-border subsamples.
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38 = 14.6%). The greatest difference between both databases concerns firm size: SDC mostly
reports dyadic R&D alliances between big firms (39% involved at least one SME, only 5% both
SMEs), whereas our primary data are closer to a true representation of most economies, mainly
consisting of SMEs (with 90% of all dyadic R&D alliances involving at least one SME, 54% both
SMEs). Moreover, the bigger SDC firms filed patents more frequently (median numbers: 20–21
vs. 1–2).

POST HOC ANALYSIS
Several additional post hoc tests indicate the sensitivity of our findings. First, we applied config-
urational analysis on the national (N = 144) subsample. This reduced the number of conditions
to six due to the non-existent cultural distance in the national subsample. Table A3 shows that
the high ACap in national R&D alliances is characterized by low technological distance in a
non-digital alliance setting. Path high 1b and the paths low 2d and low 2e only differ in their rel-
ative firm demographics. The high market distance limits the ability to absorb knowledge from
bigger and older partners despite the technological similarity. Path high 1a characterizes tradi-
tional coopetition alliances. Geographic distance (high 1c) can be mitigated in the presence of
digital technologies. Digital technologies characterize dysfunctional national R&D alliances
without technological overlap (low 2a, 2b, 2c).

Second, we tested alternative theoretically driven context variables to account for the greater
complexity of cross-border R&D alliances relative to their national counterparts (Oxley &
Sampson, 2004). In line with this, we excluded the four dyadic alliance-level distances and illu-
minated alternative firm- and alliance-level conditions (e.g., “experience”-model, “exploration”-
model, “digital intensity”-model). These patterns were too complex or inconsistent, highlighting
relative ACap as an alliance-level phenomenon (Lane & Lubatkin, 1998).

TABLE A3 Configurations for achieving (1) high versus (2) low ACap in national R&D alliances

Note: Black circles indicate the presence, crossed white circles indicate the negation, and blank spaces signify the absence of a

causal condition. Big circles indicate parsimonious solutions with fit evaluation in parentheses.
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Third, we complemented the correlational analysis by running a traditional multivariate lin-
ear regression analysis and yielded no significant (all ßlinear with p > .10) “net effects”
(Ragin, 2008) in the total sample and the cross-border subsample. Only two significant direct
effects emerged in the national subsample. On the one hand, alliance-level digital technologies
represent a barrier to ACap (ßnat = �0.18, p = .051 vs. ßint = 0.01, p = .913). This marginal net
effect is supported in the calibrated national subsample (cf. Table 1: rnat = �0.16, p = .052). On
the other hand, firm-level digital intensity of responding firms fosters ACap (ßnat = 0.24,
p = .025 vs. ßint = �0.00, p = .983). These results remained robust using non-parametric boot-
strapping with 5000 bias-corrected re-samples. Furthermore, we relaxed the linearity assump-
tion by estimating quadratic parameters for all quantitative conditions (Ganzach, 1998). These
parameters showed no significance (ΔR2 = 0.059, p = .465, all ßquadratic with p > .10).

Fourth, to better understand the negative association of digital technologies in national
R&D alliances, we tested single digital technologies instead of an “OR”-conjunction. None of
the unique digital technologies (p > .10) reduced absorptive capacity, indicating an aggregated
higher-order reservation vis-à-vis digital technologies. Similarly, the dominant condition of pre-
sent digital technologies in dysfunctional cross-border and national fsQCA-based configurations
became inconsistent when focusing on unique technologies. Notably, unique technologies
lacked substantial sample sizes (with a maximum of 15%).

Fifth, when dealing with cultural distance as a country-level distance, we tried alternative
operationalizations and Globe's 9-dimensional value-based version yielded the greatest correla-
tion with perceived cultural distance in a small international subsample where this perceived
measure was part of the survey (N = 45: rvalues = 0.50, p < .001, rpractices = 0.33, p = .027,
rHofstede = 0.22, p = .147), further externally validating our choice. A composite-based factor of
all three cultural distances (with AVE = 0.68) yielded the same cross-border configurations.
Following the more recent distinction between in-kind versus in-degree necessity (Vis &
Dul, 2016), we applied necessary condition analysis (NCA) (Dul, 2016, 2019) for a series of addi-
tional country-level measures. Berry et al. (2010) suggested objective proxies for country-level
knowledge distance, financial distance, economic distance, political distance, global connected-
ness distance, and demographical distance. Moreover, we added language distance (Eberhard
et al., 2020) as a barrier to learning in general and the annually adjusted 12 pillars of global
competitiveness (Schwab & Sala-i-Martín, 2016). None of these country-level conditions yielded
the consistency threshold for general necessity (consistency <0.90) nor in-degree necessity
(d < 0.10 and p > .10; Dul, 2019).

Sixth, we tried alternative settings in the calibration (e.g., ACap scores at ±2 for full-out and
full-in membership) and selection (e.g., consistency 0.80–0.90, N ≥ 2) in line with the well-
known sensitivity of configurational results (Krogslund et al., 2015). These iterations produced
additional paths but essentially replicated our core findings.

Last, we assessed the consequences of alliance-level digital technologies and relative ACap
for unintended alliance termination (i.e., binary alliance failure) for a subsample of all R&D
alliances 2 years after the survey (N = 151 with 11, i.e., 7% failed alliances; Nint = 81 with
4, i.e., 5% failed alliances; Nnat = 70 with 7, i.e., 10% failed alliances). Most interestingly, both
relative ACap and alliance-level digital technologies reduced alliance failure only in national
R&D alliances (national: rACap = �0.22, p = .063, rDIGI = �0.25, p = .039; international:
rACap = �0.03, p = .793, rDIGI = 0.03, p = .782).
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