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Abstract. Open innovation ecosystems rely upon inter-organisational knowledge
transfer to support co-creation. Despite the significance of this process, and an
abundance of open innovation research, empirical investigation and discussion
of diverse knowledge transfer conditions across open innovation ecosystems re-
mains unaddressed within existing literature. Using a mixed-method approach,
this study investigates how knowledge, firm, and partner-relationship character-
istics affect the successful exchange of knowledge between ecosystem partners.
Interpretive Structural Modelling was employed to ascertain expert opinions re-
garding the interrelations between the transfer conditions. The combinatory na-
ture of these conditions, and their integration into solutions for success, was fur-
ther explored utilizing fuzzy-set Qualitative Comparative Analysis. Results indi-
cate that conditions for knowledge transfer success are highly interrelated and
co-dependent. Limitations and implications are discussed.
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1 Introduction

The rapid evolution of today’s business environment necessitates the acquisition and
integration of diverse, novel capabilities, generated through ecosystem engagement [1].
Innovation ecosystems engage multiple organisational actors to collaborate across a
range of industries, coevolving their capabilities for innovative purposes [2] which re-
lies upon inter-organisational knowledge transfer [3]. Despite the significance of this
process, limited research has prioritized the conditions for knowledge transfer between
ecosystem partners. Bacon, Williams and Davies [4] utilize fuzzy-set Qualitative Com-
parative Analysis (fsQCA) to analyze knowledge transfer conditions for open innova-
tion but fail to concretely ascertain their importance. Innovation-related outcomes have
been analyzed by other scholars utilizing fsSQCA [5] as well as additional novel tech-
niques such as Interpretive Structural Modelling (ISM) [6]. Existing literature reveals
that individual-level analyses remain unexplored [7]: moreover, Ritala, Kraus and
Bouncken [8] call for the application of more novel techniques for ecosystem analyses.
Against this backdrop, this research aims to assess ecosystem partner perceptions of the
extent to which combinations of conditions are responsible for knowledge transfer suc-
cess, in the context of innovation ecosystems. A mixed-method approach will be uti-
lized to investigate two research questions: firstly, do specific conditions carry greater



prominence when transferring knowledge successfully? This will be determined
through ISM. Secondly, are there multiple solutions for knowledge transfer success?
Using the principles of complexity theory, this will be investigated through fsQCA.

The remainder of this paper is structured as follows. Section 2 explores current re-
search surrounding knowledge transfer within innovation ecosystems. Section 3 pre-
sents the conditions applied within this research based upon a review of existing inter-
organisational knowledge transfer literature. Section 4 identifies the sample and meth-
ods and explicates the chosen analytical techniques. Sections 5 and 6 demonstrate the
main results arising from ISM and fsQCA respectively. Section 7 discusses these re-
sults; Section 8 concludes this paper.

2 Existing Literature

Open innovation [9] comprises a paradigm that supersedes traditional in-silo ideation,
with organisations transferring knowledge across their organisational boundaries. Ap-
proaches to open innovation evidence its facilitation by a greater openness towards ex-
ternal knowledge sources [10]. Involving the movement of knowledge between actors,
effective knowledge transfer is argued to be critical for innovation [11].

Extant research denotes that the increasingly complex nature of knowledge necessi-
tates multiple partnerships with organisations who can deliver on distinct innovative
requirements [11]. Knowledge is argued to transfer more readily between organisations
who construct a solid inter-organisational network [12]. In the context of open innova-
tion, ecosystems constitute an evolution of the inter-organisational network principle,
and encompass a key resource for extrapolating external knowledge. Innovation eco-
systems are comprised of multiple organisational actors, who collaborate within coop-
erative and competitive environments to generate new products and support innovative
developments [2]. Ecosystem partnerships thus develop so that organisations may share
ideas [3] expediting the open innovation process through enabling firms to access high-
quality, relevant knowledge from multiple sources.

Despite increasing research activity surrounding inter-organisational knowledge
transfer for open innovation in the context of ecosystem-level analyses [13-14] signif-
icant gaps remain. Holistic examinations of successful knowledge transfer within an
ecosystem context are necessary [7] to potentially explicate the high failure rate of in-
novation partnerships: empirical examinations of factor interdependencies could ad-
dress this detriment [7]. Determinants of inter-organisational knowledge transfer suc-
cess remain well researched [15-16] but hierarchical associations between constituents
within ecosystem contexts are unexplored. What is absent from extant research is a
directed focus toward the significance of knowledge transfer success, and importance
of its determinants, in the context of open innovation ecosystems. Recent reviews of
open innovation literature [14,17] further emphasize that this area remains under-re-
searched: this research addresses this gap.



3 Conceptual Outline

Based on a review of sixty-four articles examining factors for inter-organisational
knowledge transfer [4], three predominant groupings arose from the most common con-
ditions: knowledge, relationship, and firm-related. Due to existing research proposing
many definitions of knowledge transfer success, with no generally accepted definition,
this research outlines successful knowledge transfer to involve the ‘resourceful ex-
change of knowledge between organisations, involving measurable and effective
knowledge absorption, application and satisfaction by the recipient organisation’, in
line with Bacon et al. [4].

3.1  Knowledge Characteristics

The nature of the knowledge exchanged between organisations can affect ease of trans-
fer. Explicit knowledge, retaining more information-based qualities, arguably transfers
more readily than tacit knowledge, which purports more personal attributes grounded
upon individual experiences [18]. Explicit knowledge is designated as more translatable
due to greater ease in articulation [18]: thus, the type of knowledge exchanged between
organisations can impact the overall transfer process. Furthermore, the ability of the
recipient organisation to understand the knowledge exchanged further facilitates trans-
fer [15]. The degree of understanding possessed by the recipient organisation is medi-
ated by the ambiguity of the knowledge itself [19]. This causal ambiguity perpetuates
a lack of clarity surrounding the underlying origins and components of knowledge [20]
which impedes the transfer process. Thus, knowledge-related conditions for transfer
success include knowledge type, the degree of understanding possessed by the recipient
organisation, and low causal ambiguity.

3.2 Relationship Characteristics

Existing literature suggests that characteristics of inter-organisational partnerships con-
tribute to knowledge transfer success. Trustworthy partnerships arguably motivate or-
ganisations to collaborate and exchange information [21]. Trust refers to a positive ex-
pectation that partners will execute their obligations as a knowledge transferee and will
reliably source the relevant information [21]. Further research [18] argues that trust
strengthens a partnership. Relatedly, the strength of inter-organisational ties further af-
fects the transfer process [10]. Strong ties encourage organisations to share detailed and
complex knowledge, and correlate with increased knowledge exchange [16]. Trust and
tie strength formulate the relationship characteristics category.

3.3 Organisational Characteristics

Recipient organisation characteristics further affect knowledge transfer success. Simi-
larities between organisational cultures, in terms of shared beliefs, values and practices
arguably enable knowledge transfer [10]. In order to learn from a partner, however,



organisations must propagate an intent to do so. Learning intent acts as a driving force
for pursuing inter-organisational partnerships, increasing knowledge transfer [19].
However, enthusiasm surrounding knowledge acquisition requires support to enable its
absorption by the recipient firm. This final characteristic - absorptive capacity [22] -
encompasses an organisational ability to recognize potential knowledge value, diffuse
it internally, and utilize it beneficially, which in turn encourages knowledge transfer
across organisational boundaries [15]. Hence, cultural similarity, learning intent, and
absorptive capacity formulate organisational conditions for knowledge transfer.

3.4  Combinations of Conditions

Aside from the eight most prevalent conditions, many other factors were cited within
existing research: this reinforces that no single condition can be identified as responsi-
ble for knowledge transfer success. Pappas [23] states that multiple and equally effec-
tive configurations of causal conditions can exist for a given outcome. In line with
complexity theory, this research proposes that there is no single, optimum configuration
that best represents knowledge transfer success: the construct cannot be reduced to a
singular model of best-fit. The knowledge transfer conditions are expected possess
equal importance.

Firm

Knowledge

characteristics:
Transfer
CulturalSimilarity

Learning Intent

Absorptive Capacity

Fig. 1. Conceptual Model

4 Research Method

4.1  Sample

This research adopts a mixed-method approach. During the first phase of data collec-
tion, a questionnaire was distributed to eleven key stakeholders, deemed experts in eco-
system engagement. Participants were sourced from a multinational keystone organi-
sation, and included partner management coordinators, alliance managers, and strategic
partnership managers. The majority of participants possessed over seven years of ex-
perience. The questionnaire extracted their opinions of the relationships between the



transfer conditions. Each question was used to ascertain the pairwise relationship be-
tween the conditions, requiring participants to select from four options: (1) condition 1
influenced condition 2, (2) condition 2 influenced condition 1, (3) the conditions influ-
enced each other, or (4) the conditions possessed no relationship. These questions were
used to assess each of the pairwise relations, resulting in a total of thirty-four questions.

The second phase of data collection involved semi-structured telephone interviews,
using a multi-industry sample of twenty ecosystem partners from a range of organisa-
tions, differing in size and scale. All organisations were engaged in inter-organisational
partnerships within open innovation ecosystems and were sourced through purposive
sampling. Participants were required to assess the presence of each condition within
their ecosystem partnership on a seven-point semantic differential [24] scale. Addi-
tional unstructured questions supplemented the scales to present participants with the
opportunity to offer further insights into their ratings. Knowledge transfer success was
also measured using five-point semantic differential scales to assess the five separate
components of the definition of transfer success — resourcefulness of transfer, measur-
able outcomes, effective absorption, effective application, and satisfaction.

4.2 Analytical Tools

The aim of the first phase of data analysis was to detect the interrelations between con-
ditions, whilst pinpointing their hierarchical significance: ISM [25] was employed to
achieve this. An interactive and interpretive method, ISM relies upon expert consensus
to ascertain how variables are related. Within existing literature, expert opinions are
often sought through questionnaires [26-27]. ISM alleviates complexity through de-
composing a given system into several elements, using this to generate a structural
model and visual hierarchy of the conditions representing the system structure [28]. In
this manner, ISM prioritizes and improves understanding of the key relationships be-
tween the conditions [28] which proved particularly fruitful in this context.

The second phase necessitated an analysis that would illuminate how the transfer
conditions contributed to knowledge transfer success. FSQCA purports that a given
combination of causal conditions can represent one of several paths to an outcome [29].
It enables the comparison of multiple cases, whilst capturing their diversity and com-
plexity. FSQCA comprises a configurational approach, where individual cases are
viewed as compositions of interrelated components [30]. FSQCA possesses particular
suitability for this research due to its systematic comparisons of cases within a small-N
sample [30]. The notion of equifinality, an underlying tenet of fsQCA, further eluci-
dates its application, in that multiple configurations are expected for the outcome. Ad-
ditionally, the notion of causal asymmetry, where conditions leading to the presence of
an outcome differ from those leading to its absence, evidences the suitability of fSQCA
for exploring the expectedly causally asymmetrical notion of success.

4.3  Stagesin ISM

The application of ISM within any research context is comprised of a series of stages
[28]. Firstly, the variables to be investigated are identified. The type of relationship



between these variables is selected: in this study, a contextual relationship of ‘influ-
ences’ was chosen. Participants are asked to use their expertise to decide upon the pair-
wise relationships between the variables. Four notations indicate the direction of the
relationship between two exemplary factors, i and j: V =i influences j; A = j influences
i; X =i and j influence each other; O = no relationship. These VAXO notations are
represented within a structural self-interaction matrix. The pairwise relations are then
converted into 1s and Os within a reachability matrix, based upon the following logic.
If the (i,j) entry is V, then the (i,j) entry in the reachability matrix becomes 1, and the
(i,1) entry becomes 0. If the (i,j) entry is A, then the (i,j) entry in the reachability matrix
becomes 0 and the (j,i) entry becomes 1. If the (i,j) entry is X, then the (i,j) and (j,i)
entries in the reachability matrix both become 1. If the (i,j) entry is O, then the (i,j) and
(1,1 entries in the reachability matrix both become 0. The reachability matrix then re-
quires further refinement based upon transitivity, which states that if A is related to B
and B is related to C, then A and C are related. Transitivity alters the entries for varia-
bles which are indirectly related, resulting in a final reachability matrix, which displays
the driving and dependence power of the variables. This produces a final digraph.

4.4  Stagesin FSQCA

FsQCA requires that data be calibrated into fuzzy sets, which encompass variables that
are continuous in nature: they can retain degrees of membership within a set. In this
study, the type of knowledge transferred was split into tacit and explicit knowledge,
and assigned three-value fuzzy set memberships of 1, 0.5, and 0. All other conditions
were assigned seven-value fuzzy set memberships. In line with Ordanini et al. [31], the
semantic differential scales were used to outline membership values: full membership
was fixed at 6, the crossover point was set at 4.5, and non-membership was fixed at 3.

To calibrate the outcome, participant responses to outcome scales were averaged,
and applied as baseline values. If participants had responded with a score higher than
the average, their response was re-coded as 1; if it was lower, 0. Applying this principle
across the five statements, these scores were then re-averaged for each participant, and
used as the fuzzy-set values for outcome membership. Scores of above 0.8 constituted
full-membership; 0.5 was a crossover point; and 0.2 was outlined as non-membership.

Following the calibration procedure, fsSQCA produces a truth table, containing all
logically possible combinations of cases. Cases with consistency values of less than 0.8
and frequency values of less than 1 [30] were removed from the analysis.

5 ISM Results

Based upon the expert opinions, the Structural Self-Interaction Matrix (SSIM) was de-
veloped utilizing the VAXO notations (Table 1).



Table 1. Structural Self-Interaction Matrix

Knowledge | Understand- | Causal Trust | Tie Cultural Learn- | Absorp-
Type ing Ambigu- Strength | Similarity | ing tive
ity Intent Capacity

Knowledge

Type

Understand- | X

ing

Causal Am- | V X

biguity

Trust Vv X X

Tie Strength | X O X X

Cultural X X X \Y% \Y%

Similarity

Learning In- | X X X 6} A X

tent

Absorptive X X X X X X X

Capacity

The SSIM matrix was converted into the Initial Reachability Matrix (IRM) by convert-
ing the scores into 1s and Os (see Section 4.3). It has been excluded here due to space
limitations. The IRM was further refined based upon transitivity to obtain the Final
Reachability Matrix (Table 2): all 0 values were converted to 1.

Table 2. Final Reachability Matrix

Knowle | Under- Causal Trust Tie Cultural | Learn- | Absorp- Depend-
dge stand- Ambi- Strength | Similar- | ing tive ence
Type ing guity ity Intent Capacity | power
Knowledge 1 1 1* 1* 1 1 1 1 8
Type
Understand- | 1 1 1 1 1* 1 1 1 8
ing
Causal Am- | 1 1 1 1 1 1 1 1 8
biguity
Trust 1 1 1 1 1 1* 1* 1 8
Tie Strength | 1 1* 1 1 1 1* 1 1 8
Cultural 1 1 1 1 1 1 1 1 8
Similarity
Learning In- | 1 1 1 1* 1* 1 1 1 8
tent
Absorptive 1 1 1 1 1 1 1 1 8
Capacity
Driving 8 8 8 8 8 8 8 8
power




Due to the driving and dependence power, and therefore the reachability and intersec-
tion sets, being the same for all conditions, there is only one level present in the final
digraph (Figure 2). As such, both the conical form of the reachability matrix, and the
driving and dependence power diagram [48] have been excluded.

Type of
Knowledge

|
Understanding
le—1

Causal
Ambiguity

ﬁ Trust

:

Tie
Strength

Cultural Leaming
Similarity

Intent

Absorptive
Capacity

Fig. 2. Final ISM Diagraph

6 FSQCA Results

Table 3. Solutions for Knowledge Transfer Success

Solution

Configura- 1 2 3 4 5 6 7 8
tion
Tacit
Knowledge o ® d d d bt bt bt
Explicit
Knowledge | &) | o . e | X . .
Under- ® ®
standing ° ° ° ° °
Causal
Ambiguity ° ° ° * ¢ ® ° *
Trust

° ° ° ® ® ® o
Tie
Strength ° ° ° ° . ® ° °
Cultural
Similarity @ @ ® ® X ® o °
Learning
Intent i o o o ® ° o ®
Absorptive
Capacity o ° ® ° ® °
Consistency 0.88 0.96 0.89 0.87 0.96 0.94 0.88 0.83
Raw Cover- 0.16 0.17 0.27 0.23 0.09 0.10 0.10 0.12
age
Unique Cov- 0.10 0.11 0.08 0.03 0.05 0.03 0.03 0.05
erage
Overall solution coverage 0.68
Overall solution consistency 0.93




Eight solutions are displayed for knowledge transfer success (Table 4). Large circles
denote the presence of a core condition, indicating a strong causal relationship with the
outcome, and small circles signify the presence of a peripheral condition, which exhibit
weaker relationships with the outcome [32]. Circles with crosses indicate condition ab-
sence: blank spaces represent redundancy.

The solutions can be grouped according to their core and peripheral conditions. So-
lutions one and five display the absence of Explicit Knowledge as a core condition.
However, while the absence of Cultural Similarity and Learning Intent are core condi-
tions within solution five, Learning Intent is present within solution one. Solutions
three, four and seven display the core causal configuration Cultfz*Learnfz. They differ
on the redundancy of Trust within solution four, redundancy of Absorptive Capacity
within solution three, and the absence of Understanding, Trust, and Absorptive Capac-
ity within solution seven. Solutions two, six, and eight are unique.

The overall solution coverage score of 0.68 indicates that the solutions explicate a
substantial proportion of the outcome. Overall consistency is high at 0.93 and demon-
strates a highly significant subset relationship [30].

7 Discussion

Both the ISM and fsQCA results retain significant implications for knowledge transfer
success. In response to the first research question of this study, the application of ISM
within the first phase of analysis highlighted that no condition possessed greater prom-
inence. Conditions for knowledge transfer are highly co-dependent. To further investi-
gate the conditions, the fsSQCA findings reveal eight distinct solutions for success, as-
sisting both theoretical and practical endeavors in terms of increasing understanding of
how knowledge is transferred successfully. In terms of the second research question,
fsQCA confirmed that knowledge transfer success derives from multiple solutions. The
fsQCA findings reflect equifinality, displaying eight distinct solutions: additionally, no
configuration met the consistency threshold when analyzed against the absence of the
outcome. The findings are therefore causally asymmetrical — the configurations for
knowledge transfer success are distinct from those which contribute to its absence.

7.1  Theoretical implications

This study complements and extends current research by presenting an alternative per-
spective of how knowledge transfer conditions combine. Previous studies have catego-
rized conditions according to their characteristics, and utilized fsQCA to identify con-
figurations for innovation-related outcomes [4-5, 33]. This research provides empirical
evidence for how different combinations of organisational, relationship and
knowledge-related conditions are not only mutually inclusive, but causally significant
for the outcome. The results of this research additionally verify extant studies that ex-
amine determinants of knowledge transfer success [4, 15-16] whilst extending previous
findings through revealing condition interrelations and their multiple effects upon the
outcome, utilizing ecosystem partner perceptions as the unit of analysis.



Additionally, this study addresses a significant research gap, through amalgamating
ISM and fsQCA as analytical techniques. ISM has also been integrated with other
‘fuzzy’ analyses [33-35] whilst fSQCA is commonly synthesized with statistical tech-
niques such as Structural Equation Modelling [35]. However, fSQCA and ISM are sel-
dom combined in the same study, particularly in innovation-related contexts.

7.2 Managerial Implications

The research findings also possess important practical implications. Both the ISM and
fsQCA results reveal the interdependent nature of the knowledge transfer conditions.
Organisations should thus reflect on the presence of such conditions, and cultivate them
if missing. Additionally, an awareness of the strong interrelations between all condi-
tions should be engendered: deficits in the presence of particular conditions could be
addressed through the mediating effects of other conditions. However, the significance
of individual conditions should not be overlooked. The fSQCA solutions demonstrate
the pertinence of specific core and peripheral conditions: these should be noted, and
their importance emphasized in practice.

7.3 Limitations and Future Research

A number of limitations are present within this study and could be addressed through
further research. The fsQCA results reveal that 32% of the outcome remains unex-
plained: therefore, other conditions may be responsible, and could be identified through
further research. Whilst ISM and fsSQCA possess particular suitability for small-N anal-
yses, the results are still grounded upon a small sample. Further studies could alleviate
this through conducting larger scale studies employing quantitative techniques. Finally,
this research was conducted on a sample of respondents from European ecosystems:
cross-country analyses could be conducted to assess the role of ecosystem contexts.
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