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This study investigates the relationship between Absorptive Capacity (AC) and Knowledge Appropriation (KA),
two significant domains in technology transfer, knowledge management, and innovation. While there is an
inherent connection between these fields, there remains a gap in understanding their comprehensive conver-
gence. To address this, we reviewed 3412 AC and 368 KA articles, employing techniques such as life-cycle,
changepoint, and advanced keyword analyses. We also introduced innovative methods like the H-index,
CAGR, and a unique approach comparing keyword frequency over time between AC and KA, spotlighting key
convergence areas: innovation, entrepreneurship, and knowledge spillover.

Our analysis revealed a parallel evolution of AC and KA, as demonstrated by their shared timelines, thematic
overlaps, and mutual influences in the realm of innovation. The life-cycle analysis showed a faster evolutionary
pace for AC than for KA but highlighted their shared roots in management during the late 80s. Furthermore, we
identified foundational building blocks, including patents, R&D, and knowledge management, that underpin
their convergence. Interestingly, some divergent areas were also pinpointed, such as the emphasis on organi-
zational learning in AC but its absence in KA.

In summary, this study provides a clear picture of the intertwined relationship between AC and KA, presenting
a refined methodology to explore convergence between academic fields, setting the stage for further research in
this domain.

1. Introduction

Absorptive capacity (AC) is defined as the ability to acquire, assim-
ilate, transform, and exploit knowledge (Cohen and Levinthal, 1990;
Zahra and George, 2002) based on environmental scanning (Lane et al.,
2006) and mediated by social mechanisms and strategic alliances
(Todorova and Durisin, 2007).

Knowledge appropriation (KA) is defined as the "firm’s ability to
benefit from its resources and capabilities" (Milesi et al., 2013; Teece,
1988), generating profit from the innovation (Teece, 1986), and the
protection strength depends on the depth of the appropriability (Chen
and Chang, 2019).

AC and KA are strongly associated with their origins, and the main
AC models have named KA as a trigger or an adverse effect for AC
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(Cohen and Levinthal, 1990; Zahra and George, 2002). In addition, AC
and KA are essential elements that improve innovation performance
(Dedrick et al., 2010; Hervas-Oliver et al., 2011; Kokshagina et al.,
2017), knowledge management-KM- (Hurmelinna-Laukkanen, 2012a;
O’Dwyer and O’Flynn, 2005), and entrepreneurship and value genera-
tion (Cepeda-Carrion et al., 2017).

The specialized literature on each topic has identified the relevance
of studying AC and KA in depth (Chaparro et al, 2021;
Hurmelinna-Laukkanen, 2012; Sun and Zhai, 2018), recognizing, AC as
a hotspot of KA (Sun and Zhai, 2018) and identifying the need to study
both topics in depth. Some studies have analyzed the link between AC
and KA, comparing their origin and the effects on innovation and KM
(Cuéllar et al., 2022). These approaches have identified explicit con-
nections between AC and KA but not the underlying links.
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Fig. 1. Convergence between AC and KA in AC models.
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Fig. 2. Framework of analysis of our research.

Hidden links between two or more topics can be identified using
convergence analysis. It was defined as "the increasing overlap between
different scientific fields and is manifested through intensified cross-
disciplinary scientific research" (Hacklin et al., 2021). Through this
type of analysis, we can better understand the relationship between
fields that may seem disconnected (Rosenberg, 1963). Convergence has
mainly been applied to understand the convergence between techno-
logical fields or industries (Klarin et al., 2021), mostly based on patent
data (Heo and Lee, 2019), and it is mainly used to understand the in-
fluence of further scientific development and technologies in various
industries. In the management field, convergence analysis is an
emerging topic.

Recognizing this gap, our purpose was to leverage convergence
analysis to elucidate the nuanced relationship between AC and KA. We
posited the research question: "What are the hidden links between AC

and KA, and how do they converge in the context of management
studies?" This study seeks to provide clarity on this intricate interplay.

To identify the hidden links between KA and AC, we conducted a
convergence analysis by comparing the evolution of both topics to
identify the patterns over time. We identified the main trends in each
field to distinguish the convergence of the impact in different areas. In
addition, we analyzed the convergence in time to determine whether
this convergence has grown. In addition, we examined the positive and
negative impacts of AC and the influence of KA on the main management
convergence fields to uncover convergences based on their impact.
Finally, we identified other management topics that have been impor-
tant to generate this convergence as essential complements building
blocks.

To conduct this analysis, we performed a review based on biblio-
metric analysis. This paper is divided into the following sections. First,



S. Cuéllar et al.

KA

TITLE-ABS-KEY ( appropriability
OR"knowledge appropriation"
JAND ( LIMIT-TO ( SUBJAREA ,

"BUSI" ) ORLIMIT-TO ( SUBJAREA

J'ECON"))

Journal of Open Innovation: Technology, Market, and Complexity 10 (2024) 100170

AC

TITLE-ABS-KEY ( "absorptive
capacity” ) AND ( LIMIT-TO(
SUBJAREA , "BUSI" ) ORLIMIT-TO (
SUBJAREA ,"SOCI"))

Search
strategies

CClarivate -

Analytics

KA

appropriability OR "knowledge
appropriation” (Topic) and
Management or Business or
Economics (Web of Science
Categories)

Analytics
AC
(TS=("absorptive capacity"))
AND (TASCA==
("MANAGEMENT" OR
"BUSINESS"))

Fig. 3. Search strategies for recovering AC and KA literature.

Maturity (low investment in
science)

Growth

Number of
researchers per
year

Emergent

Maturity (High investment in
science)

Number of Scientific
papers per year

Fig. 4. Life-cycle method used in this study.

Table 1
Year convergence analysis between AC and KA.
AC Topics KA Topics Convergence Divergence
Intellectual capital, Patent, knowledge Intellectual Knowledge
patent sharing capital sharing

we examine the literature on convergence and instances of convergence
between AC and KA. Second, we present our bibliometric methodology
for convergence analysis. Third, the results section illustrates the

primary convergence between absorptive capacity (AC) and knowledge
appropriation (KA). We demonstrate how AC and KA have evolved over
time, pinpointing the main thematic intersections, the profound impacts
on key domains, and the intricate relationships and coevolution among
central topics and areas of convergence. Finally, we discuss our findings,
outline the main conclusions, and provide recommendations for future
research.

2. Convergence literature

Convergence has been analyzed by the academic community to
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Table 2 Shmulewitz et al., 2006; Sick et al., 2019). Another form of convergence

Changepoint years in KA and AC. is industrial convergence. It arises from the interconnections among

Changepoint KA Year AC Year industrial clusters (Chen et al., 2022) and is characterized by the

) application of technology from one domain to another (Curran et al.,

Media 2011 2013 . . . .

Media Variance 2001 2004 2010), often termed as industry fusion (Bierly III and Chakrabarti,
2001).

In new product development, convergence unfolds through four
recognize the affinity between fields and technologies and the occur- stages: scientific, technological, application, and industry (Chen et al.,
rence of overlapping. Rosenberg (1963) introduced this concept to 2022). According to Sick and Broring (2022), convergence is an
explore the Computer Numerical Control (CNC) industry. This notion emerging topic.
has been mainly studied in technological fields (Jeong et al., 2015; Convergence has been studied in various areas, including
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pharmaceuticals, nutraceuticals, functional foods (Bornkessel et al.,
2015; Curran et al., 2010; Curran and Leker, 2011), information and
communication technologies (Hacklin et al., 2021), energy storage (Sick
et al., 2019), urban metabolism (Cao et al., 2020), digital technologies
for banking (Thomas, 2019), lightweight materials (Kim and Lee, 2021),
fintech (Pietronudo et al., 2021), and quantum mechanics (Luan et al.,
2021).

The 4.0 industry, represents the latest trend in convergence analysis
(Sick and Broring, 2022). In contrast, convergence research in man-
agement fields has been sparse, with instances like the convergence of
KM and project management (Moutinho and Silva, 2021), big data and
accounting (Ibrahim et al., 2021), human capital and artificial intelli-
gence (Popkova and Sergi, 2020), and innovation (Bosch and Grobbe-
laar, 2021).

The convergence process begins with knowledge flowing among
different fields (Zhou et al., 2019). Some strategies to recognize

convergence include the identification of changes in technological areas
(Curran et al., 2010), locating points of convergence by highlighting
similar literature contributions (Ciomaga, 2015), or applying the sci-
entific principles from one field to another (Curran and Leker, 2011).

Convergence was detected using topic similarity with methods such
as co-word analysis (Fu and Lai, 2020), cluster analysis (Ciomaga,
2015), semantic analysis, and machine learning (Kim and Sohn, 2020).
Other authors have used co-citation analysis (Hacklin et al., 2021),
Jaccard index analysis and scientific community similarity (Hacklin
et al., 2021), patent analysis (Curran and Leker, 2011), social network
analysis (Duan and Guan, 2021), IPC (international patent classifica-
tion),SIC (Standard Industrial Classification) code convergence (Curran
and Leker, 2011), and life cycle (Bornkessel et al., 2015).
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2.1. Scientific convergence between absorptive capacity and knowledge
appropriation

To our knowledge, no studies have specifically addressed AC and KA
convergence, though certain indicators suggest a connection between
these fields.Hacklin et al. (2021) described citation analysis conver-
gence as an appropriate method for identifying convergence. Cuéllar
et al. (2022) show that seminal works on AC (Cohen and Levinthal,
1989, 1990; Todorova and Durisin, 2007; Zahra and George, 2002) have
garnered significant citations within the KA literature, illustrating
convergence and underscoring their foundational role in both domains.
In contrast, Thomas and Wood (2015) show a more implicit relationship
between AC and KA, defining KA as a dimension of AC and showing the
convergence of both fields. (Fig. 1).

Topic similarity is another indicator used to identify convergence
(Ciomaga, 2015). Cuéllar et al. (2022) identified several KA definitions
analogous to some AC dimensions (Carroll et al., 2003; Kamoche &
Mueller, 1998; Vega-Jurado et al., 2008). The application of both fields
to find an outcome is another convergence indicator. Cuéllar et al.
(2022), doing an analysis of papers that studied both topics, identified
that AC and KA are strongly associated with innovation (Bahl et al.,
2021; Escribano et al., 2009; Hervas-Oliver et al.,, 2011;
Hurmelinna-Laukkanen, 2014; Vega-Jurado et al., 2008). The

measurement methods show other convergences between AC and KA.
Patents have been used to measure AC (Deeds, 2001; Dushnitsky and
Lenox, 2005; Srivastava et al., 2015) and KA (Arbussa and Coenders,
2007; Bahl et al., 2021; Barros, 2021; Colombelli et al., 2020; Milesi
et al., 2013).

3. Methods

To understand the convergence between AC and KA, we followed the
protocol shown in Fig. 2.

We started with 7213 AC and 833 KA papers. To identify the most
relevant documents, we identified papers that contained the words
appropriab* for AC most frequently and the phrase "absorption capacity"
for AC literature to obtain a dataset of 3412 AC and 368 KA papers. The
queries used are illustrated in Fig. 3.

Various methods were employed to analyze the convergence be-
tween AC and KA. First, we examined the time evolution of both AC and
KA literatures to compare the growth of these fields. For this temporal
convergence, we utilized life-cycle and changepoint methodologies. In
our "life cycle" analysis, we delineated different stages of development
based on the methodology by Chanchetti et al. (2016), using two met-
rics: the number of authors and the number of scientific papers. Fig. 4
illustrates these various stages in the life-cycle analysis.
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Some representative AC papers.
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Reference

Topic

Description

Armstrong and
Lengnick-Hall (2013)

(Popaitoon et al., 2021)

Sarsah et al. (2020)

(Seo, 2020)

(Duan et al., 2020)

(Lyu et al., 2022)

(Wu et al., 2021)

(Bianchi et al., 2016)

(Mubarak and Petraite,
2020)

(Xiongfeng et al., 2020)

(Liu et al., 2020)

(Du et al., 2015)

(Marcin, 2008)

Potential and Realized AC

Potential and Realized AC

Innovation performance

Open innovation

Technological innovation

KS

Influence of social integration mechanisms in organizations.

New product development in bipolar SMEs.

Relationship between potential and realized AC, entrepreneurial orientation, and radical
innovation performance.

Mechanisms linking environmental dynamism with IP and the mediating role of AC and social
innovation.

Effect of AC on organizational slack and IP.

Relationship between social capital, IP, and AC’s mediating role.

Relationship between Information Technologies and OI and the mediating role of potential and
realized AC.

Role of OI in acquiring technological knowledge.

Relationship between O], digital trust, and Industry 4.0.

Impact of R&D investment on technological innovation and the role of talent mobility in
increasing AC.

Influence of artificial intelligence on technological innovation, promoting knowledge creation,
KS, learning, absorption, and investment in R&D.

Relationship between technological diversification and technological innovation and the
moderating effect of AC.

Effect of KS on FDI, relevance of AC in domestic firms, relationship between FDI and horizontal

and vertical spillovers, and influence of AC on the size of spillovers.

(Al-Eisawi et al., 2020) AC Dimensions (acquisition, assimilation,
transformation, and exploitation)
(Miroshnychenko et al., AC Dimensions

2021)

Influence of AC dimensions on business intelligence systems.

Nexus between AC dimensions, strategic flexibility, and business model innovation.

Additionally, we used Killick et al. (2012) changepoint analysis to
identify single and multiple changepoints in the data. We compared the
KA and AC changepoints using the same variables from the life-cycle
analysis.

In contrast, we analyzed convergence based on topic similarities. We
identify two types of convergence. The convergence areas are large
topics or fields in which AC and KA converge. In contrast, we defined
another category named building blocks, which identifies key topics in
this convergence.

The main convergence areas and topics were identified in each field
using the H-index (Hirsch, 2007; Moya et al., 2005), CAGR analysis
(Elango, 2019), and new topics. In addition, we identified thematic
clusters for each field using the Vosviewer tool, which allowed us to
identify links and relationships between topics (Wang et al., 2022; Wang
and Cheng, 2021), recognize main research areas, track cluster evolu-
tion, and assess their impact over time (van Eck & Waltman, 2010).

Additionally, to identify convergence, we employed a temporal
convergence analysis methodology inspired by Malik (2019) splitting
the analysis by different periods, allowing us to track the evolution of
main topics annually. This thorough approach focused on discerning
whether topics were present in both KA and AC literature (signifying
convergence) or exclusive to one field (indicating divergence). For this
analysis, topics were recognized using keywords with frequencies of 5 or
more. The following table illustrates an example of this meticulous
scrutiny. (Table 1).

To better understand how AC and KA influence the top convergence
areas, we crafted a fresh approach. We looked at phrases that mentioned
either AC or KA alongside these main areas. Using the part-of-speech
analysis method from Toutanova and Manning (2002) and running in
Knime software, we spotted key words: adjectives like "lower", verbs like
"enhancing", and nouns like "effectiveness". This gave us a clearer pic-
ture of how AC and KA either positively or negatively affect these areas,

revealing another layer of convergence. For a visual, check out Fig. 5
which showcases our part-of-speech analysis.

Finally, we filtered the corpus to focus on the main convergence
areas where AC and KA had a convergence > 3. Then, we blended AC
and KA literature to investigate the influence of key elements in both
fields. Next, we performed a co-occurrence analysis to investigate the
relationship between the main building blocks and their impact on the
convergence area (Cuellar et al., 2023). We also used social network
analysis (SNA) to identify the importance of these building blocks in the
network (Luan et al., 2021) and their relationship with impacts and the
convergence area.

4. Convergence analysis between absorptive capacity and
knowledge appropriation

4.1. Life-cycle convergence

We identified the AC and KA evolution that can be seen in Fig. 6. The
emergent stage had a low number of publications and researchers. For
AC, this stage began in 1989 and ended in 2006. For KA, it began in 1988
and ended in 2009. The growth phase had exponential development, as
reported by most authors. It started in 2007 for AC and 2010 for KA and
is still ongoing in both fields. The AC analysis had more publications
than KA, with 290 articles in the emergent phase and 3122 in the growth
stage. KA had 93 articles in the emergent phase and 275 articles in the
growth stage.

In contrast to life-cycle analysis, changepoint analysis identified
single and multiple changepoints in data using various common and
unique changepoint techniques (Killick et al., 2012). We applied the
same variables from the life cycle analysis—the annual number of au-
thors and scientific papers—to compare changes in KA and AC. Our
analysis showed that KA had a faster changepoint than AC regarding the
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two indicators, as measured by the average and variance analysis.
Table 2 illustrates the results.

Our analysis revealed several points of convergence between the two
fields. For instance, AC and KA began at similar starting points and are
currently in the growth stage. In addition, our changepoint analysis
showed that the two fields experienced similar stage changes, with only
a 2-year difference between AC and KA. These findings suggest a strong
convergence of both domains based on the life cycle and changepoint
analysis.

4.2. Convergence based on topic analysis

We compared the literature (AC and KA) to identify the convergence.
First, we used the H-index to investigate the areas and building blocks
relevant to AC and KA. The H-index measures the impact of terms based
on the number of records and forward citations (Castaneda and Cuellar,
2021). CAGR was used to investigate the topics with the highest growth
between the emergent and growth stages (Castaneda and Cuellar, 2021).
Finally, new topics were recognized in the growth stage that had rele-
vant productivity.

For AC, Fig. 7 shows that the most important topics in the H-index
were AC, innovation, KM, organizational learning, and knowledge
transfer. Based on a CAGR analysis, the most important topics were
organizational learning, small and medium enterprises (SMEs), human
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capital, technology transfer, and KM. According to our new topic anal-
ysis, open innovation, innovation performance, dynamic capabilities,
entrepreneurial orientation, and firm performance were the most
prominent trends in the field.

In KA, Fig. 8 shows that the most important terms based on the H-
index were appropriability, innovation, patents, intellectual property
rights, appropriability regime, open innovation, and AC. Furthermore,
CAGR analysis revealed that the most important topics were open
innovation, intellectual property, patents, appropriation, and AC.
Regarding new topics, the most significant trends were appropriability
regime, intellectual property, appropriability mechanism, and entre-
preneurship. Our analysis indicates that AC has a greater impact on KA.

We identified the main trends in AC literature based on cluster
analysis (Fig. 9). The cluster colors indicate different trends. The cluster
in red shows that open innovation was the primary type of innovation
model related to AC, the relationship between open innovation and
SMEs, and the link between entrepreneurship and organizational
learning. Blue shows AC and its link with technological innovation,
ambidexterity, and knowledge creation. The blue-white color shows the
other side of AC as a relevant element for IP and its relationship with
dynamic capabilities.

Purple and brown demonstrate the impact of AC on knowledge
spillovers (KS) and its relationship with foreign direct investment (FDI).
The pink color indicates different dimensions of AC (acquisition,
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shows connection strength.

assimilation, transformation, and exploitation). In addition, the light
green matched the model created by Zahra and George (2002) on syn-
thesizing the acquisition and assimilation stages in potential AC and
transformation and exploitation in realized AC.

Furthermore, we identified topics that have the greatest impact
recently (Fig. 10). A notable new concept is green AC in relation to eco-
innovation. Another important new topic is the relationship between AC
and emerging technologies, such as Industry 4.0, digital transformation,
and ambidexterity. Some topics, such as technology diffusion, organi-
zational learning, organizational change, and value creation, have
become less relevant.

Moreover, we identified the most important academic papers on the
most important trends by examining the frequency of each topic in each
paper’s key bibliographic field (title, abstract, and keywords). The next
table shows some representative scientific papers.Table 3.

With respect to KA, the number of key clusters (Fig. 11) was lower
than AC cluster. The brown cluster focused on intellectual property and
the main mechanisms of appropriation. Yellow analyzed appropriability
mechanisms and their relationship with open innovation. Orange stud-
ied the appropriability regime and its link with KM. In addition, this
cluster analyzed KA’s link with the type of knowledge (tacit or explicit)
and the first-mover advantage as a type of appropriation mechanism.
Green and pink represent patents (another key KA mechanism), tech-
nological appropriation, and technological innovation, respectively.
Violet studied KS, technological change, and appropriability tradeoffs
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and red analyzed technology transfer and some essential elements of this
process as licensing and Trade-Related Aspects of Intellectual Property
Rights (TRIPS).

Fig. 12 shows the cluster time evolution in KA. We identified new
trends in appropriability, tradeoffs, technological congruence, process
innovation, open innovation, entrepreneurship, R&D cooperation, and
technological complexity. Moreover, other topics, such as KS and tech-
nological changes, have lost their relevance.

The most relevant articles based on the main trends in KA were also
identified using the frequency of the topic in key topic fields (title ab-
stract and keywords). (Table 4).

Cluster analysis showed a strong convergence in innovation, espe-
cially in innovation performance and open innovation. Other relevant
convergence areas were KS and entrepreneurship. The AC and KA fields
have been associated positively with these topics as having a mediating
role or positive effects on each field over these topics. The main di-
vergences were found in specific areas of each field, such as AC di-
mensions and KA mechanisms.

4.3. Convergence between KA and AC over time

We measured convergence using the approach shown in Table 1. We
performed an S-curve analysis based on Ernst (1997) to understand KA
and AC convergence (Fig. 13). We split the growth stage into two stages
to visualize convergence. S1 was defined as an emergent stage with low
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Table 4
Some representative KA papers.
Reference Topic Description
(Cohen et al., 2002) KS Positive effect of Japan’s policies in generating KS and KA compared with the U.S.

(Harhoff, 1996)

(Alnuaimi and George, 2015)
(Martin, 2002)

(Bahemia et al., 2017) Open innovation
(Holgersson et al., 2018)

(Hannigan et al., 2018)

Intellectual
property

(Chung and Lee, 2020)

(Hurmelinna-Laukkanen, 2014; Hurmelinna-Laukkanen and
Puumalainen, 2013)
(Cheng et al., 2014)

Positive effects of KS when KA levels are weak.

Studied knowledge retrieval type of KA associated with recovery KS.

Effects of input KS, imperfect appropriability, and their link with innovation.

Identified innovation type, appropriability regime, and product complexity in new product
development.

Impact of complementary and substitute KA in systemic open innovation.

Studied knowledge flows, product innovation rumors in the software industry, role of KA in
open innovation processes.

Positive effect of knowledge exchange activities and application of KA informal
mechanisms over intellectual property.

Effects of KA and AC over rival intellectual property

Role of dynamic capabilities and KA in intellectual property in supply chains.

convergence. S1 has four keywords that converged. S2 was a consoli-
dation stage with large variability and convergence like that of S1. At
this stage, 33 keywords converged. S3 was defined as the first growth
stage when the convergence started to exhibit exponential growth. S3
had a total number of 63 converging keywords. Finally, S4 was the last
growth stage, with exponential growth and 77 keywords converging.
In contrast, we identified the main areas of convergence. AC and KA
converged with a relevant frequency in all stages (Fig. 14), confirming
that both topics were strongly linked, as Cuéllar et al. (2022) showed in
their paper. Another relevant topic was patents, one of the main KA
mechanisms that increased the convergence in recent periods. However,
the main topic with more convergence between the fields was innova-
tion, represented by keywords such as open innovation, innovation
performance, product innovation, innovation management, and new
product development. Entrepreneurship started to be relevant in KA and
AC convergence in the last period, as well as internationalization. R&D
was a key topic in S2 and S3, but it was not recognized as key in S4.
Our semantic analysis shows that open innovation, innovation per-
formance, entrepreneurship, and KS are the main converging areas of AC
and KA. We identified the effect generated by KA on these topics and AC
on these topics to compare both fields. We followed the process illus-
trated in Fig. 3. Regarding innovation, we found that the main effect of
KA on this topic was a moderator element, generating a positive influ-
ence. In addition, KA was found to be an element that enhances, increases,
and improves innovation performance and open innovation. Only two
studies have examined the negative effect of KA on innovation. We
identified an inverse relationship between KA and KS; the main outcome
was that KA reduces KS. However, other studies have found a positive
effect of KA on KS, increasing and mediating KS. Finally, some authors
have recognized the positive effect of KA on entrepreneurship. (Fig. 15).
Regarding AC effects on open innovation and innovation perfor-
mance, our analysis shows a positive effect, mediating innovation per-
formance and open innovation, moderating, enhancing, improving,
increasing, promoting, achieving, benefiting, and facilitating innovation
performance and open innovation. However, some authors identified a
negative effect of AC over innovation performance and open innovation,
although the number of academic papers that showed a negative effect
was considerably lower than that showing a positive effect. Regarding
AC and KS, some authors have identified the positive impact of AC on
KS: increasing, improving, contributing, moderating, enhancing, promoting,
mediating, facilitating, and stimulating KS. In contrast, other authors have
identified a negative effect of AC over KS, reducing and decreasing KS. AC

also plays a relevant role in mediating, moderating, enhancing, promoting,
improving, benefiting, and increasing entrepreneurship. The convergence
of the positive effect of AC and KA on innovation, entrepreneurship, and
KS can be seen in some terms as a positive effect or the moderating ef-
fect, influence, promotion, enhancement, and contribution. (Fig. 16).

We also explored other elements influencing the generation of
innovation, entrepreneurship, and KS. After examining the literature on
both topics, we identified the key elements - or building blocks - crucial
for their convergence. Fig. 17 illustrates these building blocks and their
significance in the network, as determined by SNA indicators. Our
analysis indicates that R&D, patents, and networks are the pivotal
building blocks in the convergence of AC and KA. These topics have
robust connections to other essential network elements. KM is closely
connected to networks, while intellectual capital is strongly associated
with both R&D and networks. Additionally, R&D maintains a potent
relationship with patents.

Fig. 18 presents the cluster analysis, which identifies the most closely
related topics based on cluster colors. The primary clusters identified
encompass patents, foreign direct investment, and R&D. Another cluster
groups together networks, internationalization, and knowledge protec-
tion. A different cluster combines intellectual capital, ambidexterity,
sustainability, digitalization, and stakeholders. Additional clusters
include topics such as KM, dynamic capabilities, knowledge transfer,
and financial capabilities. Yet another group features openness, infor-
mation technology, and new product development. The final cluster
comprises SMEs, firms, and knowledge conversion.

Fig. 19 shows the analysis done with SNA indicators. The between-
ness centrality reveals that certain building blocks serve as bridges be-
tween different clusters, while degree centrality points out topics that
are more interconnected with others. From these SNA indicators, the
standout topics include R&D, firm size, SMEs, patents, KM, sustain-
ability, internationalization, FDI, and intellectual capital. As per the
degree centrality from the SNA indicators, the predominant topics are
networks, IT, and knowledge transfer. Notably, digitalization emerges as
a significant topic in betweenness centrality but not in degree centrality.
The subsequent pie chart illustrates the significance of each topic for AC
(highlighted in yellow) and KA (in red), gauged by their publication
frequency in each domain. Topics prominently featured in both fields
encompass R&D, patents, SMEs, firm size, KM, networks, knowledge
protection, knowledge externalities, preemptive patenting, stake-
holders, and knowledge conversion.

The following figure illustrates the relationship between each
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Fig. 13. AC and KA convergence evolution in time. Legend: The chart shows four phases: S1 (up to 2001), S2 (2001-2010), S3 (2010-2015), and S4 (after 2015). The
blue line marks cumulative keyword convergence, while the orange line represents annual convergence frequency.

building block and its impact on primary convergence areas. The R&D
building block is particularly notable, while Intellectual Capital and KM
closely follow in significance. Moreover, Networks and patents exhibit
notable positive impacts. Upon closer examination, the prevailing pos-
itive influence is termed "Enhance." This influence plays a crucial role in
strengthening the connection between the building blocks and central
convergence areas such as innovation performance, KS, and open
innovation. This dynamic underscores the importance of these building
blocks in shaping the direction of the targeted convergence areas.
Conversely, some building blocks have adverse effects on conver-
gence areas. The R&D block is especially prominent in this regard.
Patents and foreign direct investment also display some negative ten-
dencies. The most significant negative impacts are evident in KS, inno-
vation performance and open innovation, highlighting the potential
challenges posed by these building blocks in these areas. (Fig. 20).
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5. Discussion

AC and KA are pivotal in transferring technology and innovations to
society, with both fields historically interconnected, as highlighted in
primary AC models, and specialized literature (Cuéllar et al., 2022;
Hurmelinna-Laukkanen, 2012b; Sun and Zhai, 2018). While some re-
searchers, like Cuéllar et al. (2022), have started addressing this, we
identified a gap in uncovering hidden connections through our literature
review.

Convergence analysis has been used to identify hidden relationships
between areas (Bornkessel et al., 2015; Curran et al., 2010; Curran and
Leker, 2011). Few studies have explored convergence in the manage-
ment field (Bosch and Grobbelaar, 2021; Ibrahim et al., 2021; Moutinho
and Silva, 2021; Popkova and Sergi, 2020), to our knowledge, no
research has specifically addressed the convergence of AC and KA.

Our research question for this study was: What are the hidden links
between AC and KA, and how do they converge in the context of
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management studies?. To answer this question this study analyzed the
convergence of KA and AC based on different elements, such as evolu-
tion over time and topic convergence. Convergence was analyzed based
on the topic of convergence. The convergence of AC and KA was
analyzed based on the impact of each on innovation, entrepreneurship,
and KS (areas identified as key in our analysis). Finally, we identified the
building blocks (other key elements in the growth medium) that were
key to convergence.

Our research revealed a pronounced convergence between AC and
KA, evidenced by parallel timelines and mutual influences within spe-
cific fields. Life-cycle analysis indicated that AC evolved at a faster pace
than KA. However, both AC and KA exhibited notable similarities in
their evolution, notably their emergence in management disciplines
during the latter part of the 1980s Cuéllar et al. (2022) pinpointed that
foundational papers of both domains emerged in the latter part of the
1980s. The transition from the emergent phase to the growth stage
marked another convergence point for both fields. AC entered the
growth phase in 2007, closely followed by KA in 2010. A changepoint
analysis revealed a mere two-year gap between their respective transi-
tion points.

Bornkessel et al. (2015) noted the rarity of using life cycle for
convergence analysis in academic topics. Our study offers a unique
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contribution in this area.

In our study, we explored thematic convergence. While past research
measured convergence using clusters (Ciomaga, 2015), semantic anal-
ysis, machine learning, and bibliometrics (Kim and Sohn, 2020), we
introduced a novel method. This approach combined the H-index,
CAGR, and new topics approach with a unique keyword comparison
between AC and KA to identify annual convergence. Additionally, we
assessed the impact (both positive and negative) of KA and AC on pri-
mary convergence topics and key elements. This method provided a
comprehensive and detailed view of convergence topics.

Using the H-index, we pinpointed major topics with vast publications
and citations. CAGR analysis highlighted rapidly emerging subjects,
while new topic analysis unveiled previously overlooked themes. Open
innovation and innovation performance stood out as primary conver-
gence fields. Thematic cluster analysis underscored the significance of
open innovation and KS. Time-based keyword assessment showed a
rising convergence between AC and KA, emphasizing areas like open
innovation, innovation performance, innovation forms, patents, foreign
direct investment, SMES and entrepreneurship. Notably, the signifi-
cance of KM in convergence appears to be diminishing.

We identified topics that covered many subtopics and were relevant
to convergence. These were termed "convergence areas." The key areas
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were innovation, entrepreneurship, and KS. These are rather present in the
literature and are the main convergence points of AC and KA.

We identified the effects of KA and AC on these topics and terms
related to their impact on these key topics. Our results show that each
field (AC or KA) is mainly associated with generating a positive effect
over key areas. The major positive impacts were the "positive effect," the
"moderator effect," influence, promotion, enhancement, and
contribution.

Concerning KA, a dichotomy in its effect on KS is evident.
Hurmelinna-Laukkanen and Yang (2022) differentiate KA into distinct
concepts. They describe appropriability conditions as factors influencing
the use of appropriability instruments and processes. Strong appropri-
ability conditions enable benefits from external knowledge at a macro
level. Conversely, they define "realized KA" as the process where in-
novators achieve both private and societal returns using appropriability
instruments. When realized KA is robust, it negatively impacts spillovers
by impeding knowledge exchange.

Regarding our definition of the main areas of convergence, our
outcomes are validated by some specialized literature, such as Sun and
Zhai (2018), who identified open innovation and entrepreneurial ven-
ture as key topics in KA literature, and Hurmelinna-Laukkanen (2012),
who recognized AC and KA as key drivers of innovation performance.
The importance of AC and KA over knowledge management have been
validated for other authors as Cuéllar et al. (2022).

In our analysis, we blended AC and KA literature to explore factors
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influencing innovation, entrepreneurship, and KS. Focusing on studies
directly linked to these topics, we utilized Social Network Analysis
(SNA) to identify key building blocks for these outcomes. Degree cen-
trality revealed the interconnectedness of these elements, while
betweenness centrality highlighted those bridging major thematic
clusters (Luan et al., 2021). Notably, R&D, patents, SMEs, firm size, and
knowledge management were central in both metrics, emphasizing their
role in the convergence of AC and KA.

The study outlines a complex coevolution of AC and KA, highlighting
an evolving interdependence through time. Pre-2001, the emphasis was
on R&D and integrating new processes. Post-2001, the focus shifted to
evaluating innovation outputs and incorporating OI, with patents
becoming essential for knowledge transfer. From 2010-2015, attention
turned to the impact of key players like China and SMEs on innovation
pathways, with an increased focus on NPD and patenting. After 2015,
the conversation broadened to internationalization and entrepreneur-
ship, with a variety of mechanisms for knowledge appropriation, where
patents remained significant. AC and KA’s coevolution is defined by
fundamental components such as R&D and patents, which underscore
their interlinked growth.

KM is central to the diffusion and application of knowledge, with
intellectual capital closely tied to R&D and networks, crucial for
knowledge generation and usage. Thematic clusters reveal complex in-
teractions across networks, internationalization, knowledge protection,
digital transformation, and stakeholder engagement. Additional clusters
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involving KM, dynamic capabilities, knowledge transfer, financial
expertise, and IT are key to AC and KA. These clusters signify a deeper
integration, suggesting robust interrelations that enhance coevolution
understanding. The strategic synergy between R&D and patenting forms
a nexus for advancing knowledge protection and commercialization.

Patents hold a pivotal role in the convergence of AC and KA. Often,
they serve as a primary KA appropriation mechanism, as highlighted by
studies from Bahl et al. (2021) and Barros (2021) Additionally, some
researchers, utilize patents as an indicator to measure AC (Malik et al.,
2021), further emphasizing their intertwined nature. This interconnec-
tedness is intrinsic, suggesting that patents are integral to both AC and
KA’s core. Sun and Zhai (2018) identified patents as key elements in
specialized studies on KA. Furthermore, several authors, including
Alnuaimi and George (2015) and Dushnitsky and Lenox (2005), have
underscored the significance of patents in fostering and impacting
innovation, particularly when combined with AC and KA. Thus, the
prevailing literature underscores our assertion about the centrality of
patents in the AC and KA convergence.

R&D has been highlighted by researchers as pivotal in driving
innovation in conjunction with KA and AC. (Amoroso and Audretsch,
2022; Park and Lee, 2022; Roud and Vlasova, 2020). Several authors
have utilized R&D as a metric for AC, including Behera (2015) and
Hervas-Oliver et al. (2011). The significance of R&D, along with KA, is
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evident in innovation (Kim, 2022; Martinez-Noya & Garcia-Canal,
2018), entrepreneurship (Da Silva & Teixeira, 2012; de las Heras
Rosas & Ballesteros, 2021; Spulber, 2012), and KS (de Almeida et al.,
2021; Egbetokun & Savin, 2012; Roy & Paul, 2022). Sun and Zhai
(2018) further emphasize R&D’s centrality in KA literature. These
studies confirm our findings that R&D is a pivotal convergence point
between AC and KA.

Several authors emphasize the role of KM alongside AC and KA in
promoting innovation and KS. Specifically for entrepreneurship
(Gimenez-Fernandez et al., 2022) and KS (Alnuaimi and George, 2015)
significance is underscored in conjunction with KA. Codified knowledge
stands out in KA literature (Sun and Zhai, 2018). Firm size, especially
SME:g, is central in both AC and KA studies. For example, Oliveira et al.
(2020) explored KA and AC within SMEs. However, while organizational
learning is prominent in AG, it’s less so in KA. Similarly, dynamic ca-
pabilities and AC dimensions are key in AC but not in KA. These dif-
ferences offer avenues for deeper investigation.

6. Conclusions and limitations
Our analysis reveals a pronounced convergence between Absorptive

Capacity (AC) and Knowledge Appropriation (KA) in shaping innova-
tion, entrepreneurship, and Knowledge Spillovers (KS). Employing a
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(KA or AQC).

life-cycle approach and a unique thematic convergence methodology,
we identified mutual influences and convergent areas like Open Inno-
vation (OI) innovation performance (IP). Key building blocks driving
this convergence include R&D, patents, SMEs, and Knowledge Man-
agement (KM). While the intertwined nature of AC and KA was evident,
notable divergence points also emerged, like the significance of orga-
nizational learning in AC but not in KA. This study bridges a critical gap,
highlighting the symbiotic relationship between AC and KA and sug-
gesting avenues for future interdisciplinary research.

Our outcomes open many possibilities for studying KA and AC in
combination with different convergence points (e.g., R&D, KM, and
patents) for relevant topics such as innovation, entrepreneurship, and
KS. Our study tracked possible roadmaps or indicators for studying these
topics.

Our methodology can be replicated across various fields of literature,
particularly in management where convergence analysis is limited, as
well as in patent and market research literature where such analysis
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holds significant importance. Full-text analysis could enhance the depth
and breadth of this methodology and the understanding of convergence.
Furthermore, empirical research on KA and AC in emerging economies,
and the influence of key sectors such as KS on innovation, represent
additional domains where our findings could be utilized. Importantly,
the building blocks identified through our research offer a foundation
for developing new methodologies and indicators that can more accu-
rately measure and assess the intricacies of AC and KA.

Our study had some limitations. The research used bibliographic
information specifically for topic analysis with titles, abstracts, and
keywords. A full-text analysis is more precise for convergence analysis.
Additionally, we used the Scopus and Web of Sciences Databases. Other
resources such as ScienceDirect, Google Scholar, and Lens would
improve the scope of this type of study.

Our analysis confirmed the hypothesis that AC and KA have strong
direct links, as Cuéllar et al. (2022) showed, but based on identifying
hidden links between AC and KA. The convergence is strong between
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these fields, and this should motivate further studies that combine both,
for example, to study emergent innovation topics, such as frugal inno-
vation, and other trend topics, such as Industry 4.0, and the influence of
AC and KA, or to study the relevance of AC and KA in emerging econ-
omies characterized by weak innovation ecosystems.
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