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Abstract

In emerging digital economies, knowledge hiding can disrupt organizational knowl-
edge flows that support innovation, yet empirical evidence on how artificial intelli-
gence adoption shapes these effects remains limited. This study examines how knowl-
edge hiding influences knowledge integration capability and innovation climate in 
digital firms and tests the moderating role of artificial intelligence adoption. Data 
were collected in May 2025 through a questionnaire survey of 145 firms operating 
in Thailand’s New S-Curve digital sectors. Respondents included senior executives, 
middle managers, and knowledge management specialists involved in artificial intel-
ligence implementation, knowledge management, and innovation activities. A total of 
426 responses were obtained and aggregated to the firm level. The data were analyzed 
using partial least squares structural equation modeling. Results show that knowledge 
hiding significantly reduces knowledge integration capability (β = −0.503, p < 0.001) 
and innovation climate (β = −0.339, p < 0.001), while knowledge integration capability 
positively affects innovation climate (β = 0.337, p < 0.001). Artificial intelligence adop-
tion weakens the negative effects of knowledge hiding on knowledge integration capa-
bility (interaction β = 0.359, p < 0.001) and innovation climate (interaction β = 0.500,  
p < 0.001), indicating a buffering mechanism through improved access to organiza-
tional knowledge. These findings suggest that digital firms should address knowledge 
hiding while strengthening knowledge integration practices and implementing artifi-
cial intelligence in ways that complement collaborative knowledge processes. 
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INTRODUCTION

Rapid technological advancement is reshaping how organizations 
operate in the digital economy. Within this context, knowledge has 
become one of the most critical strategic resources of organizations 
(Wang et al., 2018). The ability to create, integrate, and apply knowl-
edge plays a central role in sustaining competitive advantage. Two 
important organizational capabilities reflect this process: knowledge 
integration capability and innovation climate. Both have been recog-
nized as key conditions that support organizational learning and in-
novation development.

Despite the growing recognition of knowledge management, knowl-
edge hiding remains a persistent challenge within organizations. 
Knowledge hiding refers to the intentional withholding or conceal-
ment of knowledge when it is requested by others. Such behavior can 
weaken organizational learning, reduce collaboration, and hinder in-
novation development. When knowledge hiding becomes widespread, 
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it disrupts knowledge integration processes and undermines an organizational environment that sup-
ports innovation. This issue is particularly important in the digital economy, where organizations in-
creasingly rely on knowledge-intensive activities. In developing countries such as Thailand, national 
policies promoting advanced technology industries under the New S-Curve strategy have accelerated 
this transition. Digital organizations in these sectors depend heavily on knowledge, technology, and in-
novation capabilities. As a result, employees’ knowledge behaviors, including the sharing or withhold-
ing of knowledge, can significantly influence organizational performance.

In recent years, artificial intelligence adoption has begun to reshape knowledge management and orga-
nizational work processes. Artificial intelligence technologies can process large volumes of data, iden-
tify knowledge patterns, and improve access to organizational knowledge. Artificial intelligence-driven 
systems can also function as mechanisms for collecting, organizing, and distributing knowledge. This 
can make knowledge access more systematic and reduce the limitations of relying solely on interper-
sonal knowledge exchange. However, although artificial intelligence adoption has the potential to sup-
port organizational knowledge processes, its role in shaping employees’ knowledge behaviors remains 
unclear. This issue becomes particularly important in digital organizations characterized by high inno-
vation pressure and strong knowledge intensity. Despite the growing adoption of artificial intelligence 
technologies in organizations, the mechanisms through which knowledge hiding influences knowledge 
integration capability and innovation climate remain insufficiently understood.

1. LITERATURE REVIEW  

AND HYPOTHESES

In digital organizations, the ability to create value 
from knowledge has become a fundamental condi-
tion for sustaining competitive advantage (Grant, 
1996). However, such an advantage does not arise 
from merely possessing knowledge. It depends on 
an organization’s ability to connect, integrate, and 
apply knowledge from diverse sources in actual 
work processes. From this perspective, knowledge 
integration capability represents an organization-
al capability that transforms dispersed knowledge 
into decisions and practices that generate value. At 
the same time, innovation climate reflects a work 
environment that encourages creative thinking, 
experimentation with new ideas, and continuous 
innovation development. This study integrates 
perspectives from the knowledge-based view, con-
servation of resources theory, and technology 
adoption research to explain how knowledge be-
haviors and digital technologies jointly shape in-
novation-related outcomes.

From a process perspective, knowledge integra-
tion capability is commonly described as a sys-
temic capability that involves knowledge acqui-
sition, cross-unit knowledge exchange, and the 
application of knowledge through organizational 
routines (Zan et al., 2024; Acharya et al., 2022). 

Effective knowledge integration often requires 
mechanisms that allow knowledge to move across 
functional and expertise boundaries (Zahra et al., 
2020). At the team level, collaborative learning en-
vironments accelerate knowledge flow and facili-
tate the practical application of knowledge. These 
processes ultimately contribute to broader innova-
tion outcomes within teams and across organiza-
tions (Li et al., 2023). 

Regarding innovation climate, prior studies em-
phasize that it reflects employees’ shared percep-
tions of managerial support for innovation. Such 
support may include access to resources, trust, 
autonomy in decision-making, and appropriate 
reward systems (Alblooshi et al., 2023). A socio-
cognitive perspective suggests that when employ-
ees perceive their work environment as supportive 
of experimentation and idea generation, innova-
tive behavior is more likely to emerge through 
intrinsic motivation and constructive interpre-
tations of risk (Jiang et al., 2023; Newman et al., 
2020). Innovation climate is also closely related to 
collective learning and knowledge sharing, which 
help transform ideas into practical innovations 
(Ding et al., 2022). In some contexts, innovation 
climate is further associated with psychological 
conditions that encourage team creativity and in-
novative work behavior (Nong et al., 2025; Du & 
Chang, 2023).
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Despite these supportive structures, knowledge 
processes may still be disrupted by individual be-
havior. One significant barrier is knowledge hiding, 
defined as the intentional concealment or with-
holding of requested knowledge. This behavior dif-
fers from situations where knowledge is not shared 
simply because individuals do not possess the infor-
mation (Connelly et al., 2012). Although knowledge 
hiding may occasionally arise from positive inten-
tions, such as protecting confidentiality or avoiding 
interpersonal harm (Fauzi, 2023), it often creates 
hidden costs in knowledge-intensive organizations. 
By restricting knowledge flow, knowledge hiding 
weakens collaboration and slows collective learn-
ing processes (Chen et al., 2023).

Theoretical perspectives provide further expla-
nations for knowledge hiding. According to the 
conservation of resources theory, employees seek 
to protect valuable personal resources such as 
expertise, job security, and career opportunities. 
When these resources are perceived as threatened, 
individuals may adopt knowledge hiding as a de-
fensive strategy (Liu et al., 2025). Similarly, social 
exchange theory proposes that when individu-
als perceive an imbalance in reciprocal relation-
ships or lack trust in others’ intentions, they may 
limit knowledge disclosure to reduce personal 
risk (Blau, 2017). Empirical studies indicate that 
knowledge hiding is associated with reduced cre-
ativity and lower innovative behavior at the team 
level (Bashir et al., 2023). It may also undermine 
knowledge integration capability by disrupting 
knowledge flow and application and weaken inno-
vation climate by reducing trust and psychological 
safety within the organization (Shen et al., 2025; 
Guo et al., 2022). From a managerial perspective, 
previous research suggests that mitigating knowl-
edge hiding requires clear communication, sup-
portive leadership, and psychologically safe work 
environments (Iram et al., 2026). In addition, or-
ganizational systems that reduce perceived threats 
to employees’ resources may further help alleviate 
knowledge hiding behavior (Liu et al., 2025).

With ongoing digital transformation, artificial 
intelligence adoption has emerged as a critical 
factor influencing both knowledge management 
and knowledge-related behaviors. Research on 
technology adoption often explains artificial in-
telligence adoption using the Unified Theory of 

Acceptance and Use of Technology framework, 
which highlights perceived usefulness, ease of 
use, social influence, and facilitating conditions 
(Venkatesh et al., 2003). However, more recent 
studies suggest that artificial intelligence adoption 
at the organizational level reflects broader system 
readiness. It arises from the interaction of indi-
vidual, organizational, and environmental fac-
tors rather than from individual attitudes alone 
(Khanfar et al., 2026). At the individual level, rel-
evant factors include information and communi-
cation technology or artificial intelligence knowl-
edge, trust in technology, and concerns about job 
displacement (Merhi & Harfouche, 2024). At the 
organizational and environmental levels, artifi-
cial intelligence adoption depends on managerial 
support, technological infrastructure, competi-
tive pressure, and support from external providers 
(Horani et al., 2025; Chatterjee et al., 2021).

When linked to knowledge dynamics, artificial in-
telligence technologies can significantly improve 
the systematic accessibility of organizational 
knowledge (Yu et al., 2023). Artificial intelligence 
systems are capable of processing large volumes of 
data and extracting explicit knowledge from tac-
it experience (Chen et al., 2022). They also facili-
tate broader knowledge access through searchable 
knowledge bases, thereby reducing reliance on di-
rect interpersonal knowledge exchange (Hossain 
et al., 2022). Under this logic, artificial intelli-
gence may reduce knowledge monopolies within 
organizations by making knowledge more widely 
available (Kohtamäki et al., 2022). Artificial intel-
ligence-driven systems can further function as in-
termediaries that collect, organize, and distribute 
knowledge continuously across the organization 
(Sjödin et al., 2021).

Nevertheless, the relationship between artificial 
intelligence adoption and knowledge hiding is 
not necessarily linear. During the early stages of 
artificial intelligence adoption, employees may 
perceive artificial intelligence as a threat to job 
security and career advancement. Such percep-
tions may increase motivations to hide knowledge 
to maintain personal advantages (Arias-Pérez & 
Vélez-Jaramillo, 2022). Moreover, when algorith-
mic systems increasingly guide work processes, 
some employees may experience a loss of control 
and respond by “controlling through knowledge,” 
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for example, by concealing or avoiding knowl-
edge sharing (Liu et al., 2025). However, as artifi-
cial intelligence becomes embedded as a practical 
support tool within organizations, it may reduce 
dependence on individual knowledge holders 
and make knowledge more systematically acces-
sible. This development can decrease incentives for 
knowledge hiding (Chen et al., 2022; Arias-Pérez 
& Vélez-Jaramillo, 2022). Consequently, artificial 
intelligence adoption may function as a moderat-
ing condition that weakens the negative effects of 
knowledge hiding on both knowledge integration 
capability and innovation climate, particularly in 
digital organizations characterized by high inno-
vation pressure and strong knowledge intensity.

Overall, the literature indicates that knowledge 
integration capability enables organizations to 
integrate and apply knowledge effectively, while 
innovation climate provides an environment that 
supports creativity and innovation development. 
In contrast, knowledge hiding disrupts knowl-
edge flows and weakens trust within organiza-
tions, thereby undermining both knowledge in-
tegration capability and innovation climate. At 
the same time, artificial intelligence adoption rep-
resents a contemporary factor that may reshape 
these dynamics. Despite these insights, several 
important gaps remain. First, many studies exam-
ine antecedents or outcomes of knowledge hiding 
separately, but limited research tests the effects of 
knowledge hiding on both knowledge integration 
capability and innovation climate within a single 
analytical framework. Second, studies on artifi-
cial intelligence adoption largely focus on technol-
ogy adoption or organizational readiness, while 
the manner in which artificial intelligence adop-
tion reshapes the relationship between employee 
knowledge, behaviors, and innovation outcomes 
remains insufficiently understood. Third, prior re-
search on reducing knowledge hiding mainly em-
phasizes social and managerial mechanisms, with 
less attention to the role of technology as a poten-
tial buffer that mitigates the negative consequenc-
es of knowledge hiding, particularly in digital or-
ganizations in developing countries.

Therefore, this study aims to examine the effects of 
knowledge hiding on both knowledge integration 
capability and innovation climate and to test the 
moderating role of artificial intelligence adoption 

in digital organizations. The following hypotheses 
are proposed:

H1: Knowledge integration capability has a posi-
tive effect on innovation climate.

H2: Knowledge hiding has a negative effect on 
knowledge integration capability. 

H3: Knowledge hiding has a negative effect on in-
novation climate.

H4: Artificial intelligence adoption positively 
moderates the relationship between knowl-
edge hiding and knowledge integration 
capability. 

H5: Artificial intelligence adoption positively 
moderates the relationship between knowl-
edge hiding and innovation climate.

2. METHODOLOGY 

This empirical study examined digital firms in 
Thailand operating within New S-Curve industries 
promoted under the Thailand 4.0 policy, which are 
characterized by emerging technologies and sub-
stantial growth prospects. Thailand represents an 
emerging digital economy in which the govern-
ment actively advances these industries as part of 
its national development strategy. These industries 
form a rapidly evolving digital ecosystem in which 
knowledge, technological capability, and artificial 
intelligence play a critical role in shaping firm com-
petitiveness, making them an appropriate context 
for examining the key variables of this study.

The minimum sample size was determined using 
G*Power version 3.1. The calculation assumed a 
medium effect size (f² = 0.15), a significance level 
of 0.05, statistical power of 0.95, and three predic-
tors. The analysis indicated that a minimum sample 
of 119 firms was required (Faul et al., 2009; Hair et 
al., 2022). The sampling process followed a two-
phase procedure. First, firms were selected through 
computerized simple random sampling using the 
Digital Economy Promotion Agency registry (data 
as of April 20, 2025) as the sampling frame, with the 
organization serving as the unit of analysis. Second, 
purposive sampling was applied to identify three 
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key informants per firm – senior executives, mid-
dle managers, and knowledge management special-
ists. These respondents were selected because they 
are directly involved in artificial intelligence imple-
mentation, knowledge management, and innova-
tion activities within their organizations, allowing 
them to provide informed assessments while reduc-
ing single-source bias.

To ensure adequate exposure to artificial intel-
ligence practices, the questionnaire included a 
screening question asking respondents how long 
artificial intelligence had been implemented in 
their organizations. Responses indicating no arti-
ficial intelligence use or an implementation period 
of less than six months were excluded from the fi-
nal dataset, thereby ensuring sufficient exposure 
to artificial intelligence adoption practices. Data 
were collected in May 2025 through questionnaire 
distribution to 300 targeted firms via postal and 
electronic channels, with two follow-up remind-
ers at two-week intervals. A total of 184 respons-
es were returned, of which 39 were excluded be-
cause the firms did not meet the eligibility criteria. 
Consequently, 145 firms were retained for analy-
sis, representing a response rate of 48.33% and ex-
ceeding the minimum required sample size of 119 
firms, thereby ensuring sufficient statistical power. 
These firms were represented by 426 respondents 
(Table 1). Temporal wave analysis was conducted 
by dividing responses into three chronological 
groups for comparison. The results revealed no 
significant differences among the groups, suggest-

ing that non-response bias is unlikely to be a ma-
jor concern in this study (Armstrong & Overton, 
1977). Common method bias was assessed using 
the full collinearity variance inflation factor ap-
proach recommended by Kock (2015). All vari-
ance inflation factor values were below the conser-
vative threshold of 5.0, suggesting that common 
method bias is unlikely to substantially influence 
the study findings.

The research instrument consisted of a struc-
tured questionnaire validated through expert 
review by three specialists in business develop-
ment, knowledge management, and information 
technology fields. The instrument demonstrat-
ed acceptable content validity (Index of Item–
Objective Congruence > 0.50) and strong reliabil-
ity (Cronbach’s alpha ranging from 0.82 to 0.89), 
based on a pilot test conducted with 30 executives 
from information technology firms. The question-
naire contained six sections, with the first two 
sections capturing demographic and firm char-
acteristics, and the remaining sections measur-
ing the key constructs. A five-point Likert scale 
ranging from 1 (strongly disagree) to 5 (strongly 
agree) was used. The measurement items were de-
veloped based on conceptual foundations estab-
lished in prior studies, including Yu et al. (2023) 
for artificial intelligence adoption, Connelly et al. 
(2012) for knowledge hiding, Acharya et al. (2022) 
for knowledge integration capability, and Du and 
Chang (2023) for innovation climate. These stud-
ies provided the conceptual basis for developing 

Table 1. Sample characteristics

Characteristics Details Frequencies Percent

Firms (n = 145)

Size 

Micro (20-50 employees) 62 42.76

Small (50-100 employees) 46 31.72

Medium (100-200 employees) 24 16.55

Large (> 200 employees) 13 8.97

Total 145 100.00

Respondents (426 persons)

Job  

position

Management 76 17.84

Information Technology 109 25.59

Research and Development 197 46.24

Others 44 10.33

Work  

experience

< 5 years 121 28.40

6-10 years 198 46.48

11-15 years 66 15.49

> 15 years 41 9.62

Total 426 100.00
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the questionnaire items in the context of digital 
firms. The questionnaire items are presented in 
Appendix A.

Data were analyzed using partial least squares 
structural equation modeling with SmartPLS 
version 4.1.1.6. Based on the theoretical mean-
ing and content of the questionnaire items, the 
residual variances of the indicators were deemed 
likely to contain meaningful information beyond 
mere measurement error (Guenther et al., 2023). 
Accordingly, variance-based structural equation 
modeling was considered appropriate for this 
study. Preliminary analysis examined missing 
data patterns and confirmed that they were con-
sistent with the missing completely at random 
assumption. Two incomplete respondent cases 
were therefore removed using listwise deletion. 
Organizational-level analysis was conducted by 
aggregating responses from multiple respon-
dents within each firm using mean values because 
the organization served as the unit of analysis 
in this study. The analytical procedure followed 
two stages (Hair et al., 2019). First, the reflective 
measurement model was evaluated by examin-
ing indicator reliability, internal consistency reli-
ability, convergent validity, and discriminant va-
lidity. Second, the structural model was assessed, 
and hypotheses were tested using bootstrapping 
with 10,000 subsamples. Moderating effects were 
estimated using the two-stage approach in partial 
least squares structural equation modeling. In the 
first stage, the main effects model was estimated to 
obtain latent variable scores. In the second stage, 
interaction terms were created by multiplying the 
latent variable scores of the predictor and modera-
tor constructs. These interaction terms were then 
included in the structural model, and moderation 
effects were assessed based on the significance of 
the interaction paths (Hair et al., 2022).

This study received ethical approval from 
the Human Research Ethics Committee of 
Sirindhorn College of Public Health, Yala (No. 
SCPHYLIRB-2568/348). Participation was vol-
untary, and informed consent was obtained from 
all respondents. Consent forms were stored sepa-
rately from survey responses to ensure anonym-
ity and prevent the identification of individual 
participants. All data were treated confidentially 
and used solely for academic purposes. Research 

materials will be securely stored for three years 
after study completion before being permanently 
destroyed. All potentially identifiable organiza-
tional information was removed, and results were 
reported only in aggregated form to ensure that 
no participating firm could be identified.

3. RESULTS

The evaluation of reflective measurement models 
(Table 2) began with examining outer loadings, 
which revealed that all indicators had values above 
0.708. Second, construct reliability was assessed 
through Cronbach’s alpha and composite reliabil-
ity (rho_c and rho_A), showing that all constructs 
exceeded the threshold of 0.7. Third, convergent 
validity was evaluated using average variance ex-
tracted, demonstrating that all constructs had val-
ues greater than 0.5. Finally, discriminant valid-
ity was examined through heterotrait-monotrait 
ratios, indicating that each pair of constructs had 
values below 0.85 (Guenther et al., 2023). These 
results confirm the reliability and validity of the 
reflective measurement model. To ensure correct 
model specification, confirmatory tetrad analy-
ses were applied (Hair et al., 2022), and the results 
supported the reflective measurement specifica-
tion of all constructs.

The examination of variance inflation factor val-
ues revealed that most indicators had values be-
low 5, indicating no multicollinearity issues that 
would affect the accuracy of regression analysis 
results (Guenther et al., 2023). Subsequently, in-
sample explanatory power was assessed using R². 
The results indicated that knowledge integration 
capability exhibited weak-to-moderate explana-
tory power (R² = 0.390), whereas innovation cli-
mate exhibited moderate explanatory power (R² 
= 0.673). Finally, out-of-sample predictive power 
was evaluated through PLSpredict, revealing that 
both knowledge integration capability and inno-
vation climate were at high levels. Therefore, it 
can be concluded that the structural model dem-
onstrates acceptable explanatory and predictive 
performance. Although the in-sample explanato-
ry power of knowledge integration capability was 
relatively low, the high out-of-sample predictive 
power for both variables indicates strong predic-
tive relevance for real-world settings, which pro-
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vides useful insight for practical application. The 
goodness-of-fit was assessed using the standard-
ized root mean square residual. The obtained val-
ue of 0.054 was below the recommended thresh-
old of 0.08, suggesting an acceptable approximate 
model fit in partial least squares structural equa-
tion modeling (Hair et al., 2022).

The structural model revealed that knowledge in-
tegration capability positively affected innovation 
climate (β = 0.337, p < 0.001), whereas knowledge 
hiding exerted significant negative effects on both 
knowledge integration capability (β = −0.503, p 
< 0.001) and innovation climate (β = −0.339, p < 
0.001). Thus, H1, H2, and H3 were supported. 

Table 2. Measurement model and structural model assessment

Construct
Outer 

loading
VIF Model type HTMT R2 R2 adjusted PLSpredict

Knowledge Hiding (KH) 

(AVE = 0.837, α = 0.903, rho_c = 0.939, rho_A = 
0.903)

Reflective
KH-AIA = 0.073

KH-KIC = 0.550

KH-IC = 0.493

– – –
KH1 0.905 2.693

KH2 0.930 3.306

KH3 0.910 2.782

Artificial Intelligence Adoption (AIA) 
(AVE = 0.760, α = 0.938, rho_c = 0.950, rho_A = 

0.988)

Reflective AIA-KIC = 0.193

AIA-IC = 0.056
– – –

AIA1 0.873 2.889

AIA2 0.828 2.689

AIA3 0.894 3.792

AIA4 0.849 2.837

AIA5 0.892 4.172

AIA6 0.893 3.193

Knowledge Integration Capability (KIC) (AVE = 

0.578, α = 0.854, rho_c = 0.891, rho_A = 0.856)

Reflective KIC-IC = 0.726

0.390

weak-to-

moderate

0.377

weak-to-

moderate

High predictive 
power

KIC1 0.745 1.647

KIC2 0.740 1.692

KIC3 0.801 1.971

KIC4 0.725 1.661

KIC5 0.773 1.760

KIC6 0.775 1.910

Innovation Climate (IC)
(AVE = 0.786, α = 0.946, rho_c = 0.957, rho_A = 

0.947)

Reflective -
0.673

moderate

0.664

moderate

High predictive 
power

IC1 0.879 3.193

IC2 0.911 4.163

IC3 0.867 2.935

IC4 0.886 3.346

IC5 0.873 3.142

IC6 0.903 3.989

Table 3. Predictor assessment

H Paths Beta Mean S.D. t-value p-value f2 Support

1 Knowledge Integration Capability→ Innovation Climate 0.337 0.346 0.064 5.245 0.000 0.212 Yes

2 Knowledge Hiding→ Knowledge Integration Capability –0.503 –0.503 0.053 9.442 0.000 0.409 Yes

3 Knowledge Hiding → Innovation Climate –0.339 –0.332 0.071 4.771 0.000 0.247 Yes

–
Knowledge Hiding → Knowledge Integration Capability→ 
Innovation Climate –0.170 –0.174 0.038 4.444 0.000 – –

–
Artificial Intelligence Adoption→ Knowledge Integration 
Capability

–0.144 –0.145 0.070 2.068 0.019 0.034 –

– Artificial Intelligence Adoption→ Innovation Climate 0.070 0.073 0.064 1.099 0.136 0.014 –

4
Artificial Intelligence Adoption x Knowledge Hiding→ 
Knowledge Integration Capability 0.359 0.357 0.059 6.086 0.000 0.217 Yes

5
Artificial Intelligence Adoption x Knowledge Hiding→ 
Innovation Climate 0.500 0.489 0.057 8.815 0.000 0.643 Yes
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Knowledge integration capability also functions 
as a partial complementary mediator in the re-
lationship between knowledge hiding and inno-
vation climate, with a variance accounted for of 
33.40%. Artificial intelligence adoption had a sig-
nificant negative effect on knowledge integration 
capability (β = −0.144, p = 0.019), but its direct 
influence on innovation climate was nonsignifi-
cant (β = 0.070, p = 0.136), as shown in Table 3 and 
Figure 1.

The moderation effect was assessed using the two-
stage approach (Hair et al., 2022). The R² value of 
knowledge integration capability increased from 
0.258 in Stage 1 to 0.390 in Stage 2 (ΔR² = 0.132), 
and the R² value of innovation climate increased 

from 0.463 to 0.673 (ΔR² = 0.210), indicating that 
the interaction term contributed additional ex-
planatory power. The effect sizes (f² = 0.22 and 
0.64) suggest medium and large moderating ef-
fects, respectively (Cohen, 1988). Therefore, the 
structural results reported correspond to the Stage 
2 model, which incorporates the interaction effect.

The analysis of artificial intelligence adoption’s 
moderating role in the relationships between 
knowledge hiding-knowledge integration capa-
bility and knowledge hiding-innovation climate 
(Figure 2) showed that when artificial intelligence 
adoption levels were low, knowledge hiding had a 
clear negative impact on both knowledge integra-
tion capability and innovation climate. However, 

Note: * p < 0.05; *** p < 0.001 (one-tailed test). Dashed arrows indicate interaction effects estimated using the two-stage 
approach.

Figure 1. Results of the structural model with moderation effects

Figure 2. Moderating effect of artificial intelligence adoption
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when artificial intelligence adoption levels were 
high, the slope of the relationship decreased no-
ticeably, indicating that artificial intelligence 
adoption can effectively mitigate the negative ef-
fects of knowledge hiding. The study findings 
suggest that artificial intelligence adoption func-
tions as a protective moderator that helps organi-
zations alleviate the effects of knowledge hiding 
occurring within the organization. Thus, H4 and 
H5 were supported.

4. DISCUSSION 

The findings indicate that knowledge hiding signif-
icantly undermines both knowledge integration 
capability and innovation climate in Thai digital 
firms. When employees intentionally withhold 
requested knowledge, knowledge exchange be-
comes fragmented. This limits the organization’s 
ability to combine and apply knowledge across 
roles and units. This result is consistent with the 
conservation of resources theory, which explains 
knowledge hiding as a defensive response to per-
ceived threats to valuable resources such as exper-
tise, status, or job security. The finding also aligns 
with prior research showing that knowledge hid-
ing disrupts knowledge integration by reducing 
knowledge sharing and weakening team relation-
ships (Khan et al., 2024; Zamrudi, 2023). Similarly, 
knowledge hiding can hinder knowledge exchange, 
integration, and co-creation processes, leading to 
knowledge gaps that reduce collective efficiency 
(Donate et al., 2022). In Thai digital firms, critical 
know-how may be concentrated among specific 
experts or functional groups. This pattern may be 
particularly salient in contexts where organiza-
tions rely heavily on specialized expertise, consis-
tent with the knowledge-based view that strategic 
knowledge is often embedded in individuals and 
specialized units (Grant, 1996). As a result, knowl-
edge hiding may be particularly harmful because 
it restricts the cross-boundary knowledge recom-
bination required for effective integration.

Knowledge hiding also shows a significant nega-
tive relationship with innovation climate. This 
suggests that knowledge concealment is not only 
an information barrier but also a social signal that 
weakens the conditions necessary for innovation. 
Prior studies similarly report that knowledge hid-

ing reduces trust, cooperation, and psychologi-
cal safety, which are essential elements of an in-
novation-supportive climate (Bashir et al., 2023). 
Other studies further indicate that self-protective 
behaviors arising from relational tension can sup-
press creativity and weaken team climate dynam-
ics (Wei & Zheng, 2025). Low psychological safety 
may also encourage silence and reduce collabo-
ration, ultimately weakening innovation-related 
climate conditions (Lei, 2024). In Thai organiza-
tions, where knowledge management systems are 
still developing, employees often rely heavily on 
interpersonal knowledge exchange. Under these 
conditions, the negative climate effects of knowl-
edge hiding may become stronger because em-
ployees have fewer alternative channels to access 
knowledge.

The results also confirm that knowledge integra-
tion capability positively influences innovation 
climate. Organizations that effectively integrate 
dispersed knowledge are more likely to create a 
work environment that supports experimentation 
and innovation. This finding is consistent with the 
knowledge-based view, which views knowledge in-
tegration as a mechanism that transforms knowl-
edge into coordinated action and value creation. 
It also aligns with socio-cognitive explanations, 
suggesting that integrated knowledge processes 
strengthen shared understanding and reduce un-
certainty. These conditions can support a climate 
that encourages innovation. Empirical evidence 
also shows that a stronger knowledge integration 
capability is associated with better innovation out-
comes (Li et al., 2023). In addition, prior research 
emphasizes that knowledge integration depends 
on knowledge exchange and collaboration (Lu et 
al., 2024). These processes provide a mechanism 
through which knowledge integration capability 
can foster an innovation climate. In Thai digital 
firms, practices such as cross-functional meetings, 
training, and workshops may help operationalize 
knowledge integration. These activities can also 
encourage idea exchange and experimentation, 
thereby reinforcing an innovation climate even 
under resource constraints.

The mediation results further show that knowl-
edge hiding weakens innovation climate partly 
through its negative effect on knowledge integra-
tion capability. This finding suggests a dual mech-
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anism. Knowledge hiding directly reduces inno-
vation climate, and it also indirectly reduces inno-
vation climate by weakening knowledge integra-
tion capability. When knowledge hiding restricts 
knowledge exchange, organizations lose impor-
tant integrative routines and cross-boundary 
learning processes. These processes are essential 
for building shared understanding and coordinat-
ed experimentation. As a result, the organization’s 
ability to sustain an innovation-supportive cli-
mate is weakened. This finding highlights knowl-
edge integration capability as a key mechanism 
that links employee-level knowledge concealment 
to broader climate-level outcomes.

Finally, the results show that artificial intelligence 
adoption moderates the relationships between 
knowledge hiding and both knowledge integration 
capability and innovation climate. Specifically, ar-
tificial intelligence adoption reduces the negative ef-
fects of knowledge hiding on these outcomes. The 
positive interaction terms indicate that the nega-
tive relationships of knowledge hiding with knowl-
edge integration capability and innovation climate 
become weaker as artificial intelligence adoption 
increases. This suggests that artificial intelligence-
enabled knowledge processes can partially buffer 
the damage caused by knowledge concealment. 
Artificial intelligence systems improve systematic 
access to organizational knowledge and reduce 
exclusive reliance on specific knowledge holders. 
This interpretation is consistent with technology 
adoption research, including arguments associ-
ated with the Unified Theory of Acceptance and 
Use of Technology perspective. When artificial in-
telligence tools are accessible and supported, em-
ployees may rely more on system-mediated knowl-
edge retrieval rather than solely on interpersonal 
knowledge exchange. Although prior studies rarely 
test this exact moderating mechanism, existing re-
search supports the underlying logic. Knowledge 
hiding disrupts knowledge flows needed for in-
tegration, whereas artificial intelligence-enabled 

systems can centralize and retrieve explicit knowl-
edge through digital platforms (Alateeg & Al-Ayed, 
2024). As artificial intelligence becomes embed-
ded in work processes, organizational knowledge 
can be increasingly codified, stored, and retrieved 
through digital systems, making it more acces-
sible across the organization (Jarrahi et al., 2023). 
Consequently, the practical benefits of knowledge 
hiding may decline, reducing the impact of knowl-
edge hiding on both knowledge integration and or-
ganizational climate.

An additional finding is that artificial intelli-
gence adoption shows a negative direct effect on 
knowledge integration capability, while its direct 
effect on innovation climate is not statistically 
significant. This suggests that although artificial 
intelligence can mitigate the harmful effects of 
knowledge hiding, extensive reliance on artificial 
intelligence may also reduce face-to-face interac-
tions that support deep knowledge integration 
(Leonardi, 2014). Such interactions are often nec-
essary for dialogue, sensemaking, and tacit knowl-
edge exchange (Rezaei, 2025). Therefore, digital 
firms should combine artificial intelligence-en-
abled knowledge access with intentional knowl-
edge management practices that maintain collab-
orative interaction. Examples include cross-func-
tional communities of practice, structured knowl-
edge-sharing routines, and facilitated reflection 
sessions. Furthermore, the non-significant rela-
tionship between artificial intelligence adoption 
and innovation climate suggests that technology 
adoption alone may not be sufficient to create an 
innovation-supportive climate. Additional organi-
zational factors – such as trust, teamwork, and risk 
tolerance – are likely to play critical roles. This in-
terpretation is consistent with research suggesting 
that organizational climate depends on broader 
social and managerial signals, even though some 
studies indicate that supportive climates may also 
encourage openness to technology adoption (Bin-
Nashwan & Li, 2025).

CONCLUSION 

This study examined how knowledge hiding influences knowledge integration capability and innovation 
climate in Thai digital firms and whether artificial intelligence adoption moderates these relationships. The 
results show that knowledge hiding is negatively associated with both knowledge integration capability and 
innovation climate, while knowledge integration capability is positively associated with innovation climate. 
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The mediation results further show that knowledge hiding reduces innovation climate through knowledge 
integration capability, highlighting it as an important mechanism linking knowledge hiding to innovation-
related outcomes. The moderation analysis indicates that higher artificial intelligence adoption weakens the 
negative associations between knowledge hiding and both outcomes, suggesting that artificial intelligence-
enabled knowledge processes can partially buffer the consequences of knowledge hiding. In addition, artifi-
cial intelligence adoption has a negative direct effect on knowledge integration capability and no significant 
direct effect on innovation climate, suggesting that technology adoption alone may be insufficient without 
complementary organizational practices.

These results suggest several implications. First, knowledge hiding is not only an interpersonal behavior but 
also an organizational barrier that undermines integrative knowledge routines and an innovation-support-
ive climate. Second, strengthening knowledge integration capability appears central for sustaining an inno-
vation climate because knowledge integration provides the shared understanding and coordinated learning 
needed for experimentation and innovation. Third, artificial intelligence adoption can reduce dependence 
on specific knowledge holders by improving systematic access to codified knowledge, thereby limiting the 
damage caused by knowledge hiding. At the same time, the negative direct association between artificial 
intelligence adoption and knowledge integration capability and the non-significant direct association with 
innovation climate indicate that technology adoption alone is insufficient; organizations still need deliberate 
practices that preserve dialogue, collaboration, and tacit knowledge exchange.

These findings contribute to the knowledge-based view and behavioral theories of knowledge management 
by clarifying how knowledge hiding can cascade into lower knowledge integration capability and innova-
tion climate. In practice, digital firms should treat knowledge hiding as a risk to both knowledge integration 
capability and innovation climate, invest in routines that strengthen knowledge integration capability (e.g., 
cross-functional coordination and structured knowledge application), and implement artificial intelligence 
adoption in ways that complement rather than replace human interaction. Policymakers and industry actors 
can support these efforts through artificial intelligence capability development, digital infrastructure, and 
training that link artificial intelligence use with knowledge management and innovation practices.

Future research should examine these mechanisms over time using longitudinal designs, compare indus-
tries and countries, differentiate levels of artificial intelligence maturity, and employ mixed methods to bet-
ter understand how artificial intelligence-enabled systems reshape interpersonal knowledge exchange and 
innovation-related climate dynamics in digital organizations.

AUTHOR CONTRIBUTIONS

Conceptualization: Kritsakorn Jiraphanumes.
Data curation: Kritsakorn Jiraphanumes.
Formal analysis: Kritsakorn Jiraphanumes.
Investigation: Kritsakorn Jiraphanumes.
Methodology: Kritsakorn Jiraphanumes.
Project administration: Kritsakorn Jiraphanumes.
Validation: Kritsakorn Jiraphanumes.
Visualization: Kritsakorn Jiraphanumes.
Writing – original draft: Kritsakorn Jiraphanumes.
Writing – review & editing: Kritsakorn Jiraphanumes.

CONFLICT OF INTEREST

The author reported no conflict of interest.



166

Knowledge and Performance Management, Volume 10, Issue 1, 2026 

http://dx.doi.org/10.21511/kpm.10(1).2026.11

REFERENCES

1. Acharya, C., Ojha, D., Gokhale, R., 
& Patel, P. C. (2022). Managing 
information for innovation using 
knowledge integration capability: 
The role of boundary spanning 
objects. International Journal 
of Information Management, 62, 
102438. https://doi.org/10.1016/j.
ijinfomgt.2021.102438

2. Alateeg, S., & Al-Ayed, S. (2024). 
Exploring the role of artificial 
intelligence technology in em-
powering women-led startups. 
Knowledge and Performance Man-
agement, 8(2), 28-38. https://doi.
org/10.21511/kpm.08(2).2024.03

3. Alblooshi, M., Shamsuzzaman, M., 
Karim, A., Haridy, S., Shamsuz-
zoha, A., & Badar, M. A. (2023). 
Development of a framework 
for utilising Lean Six Sigma’s 
intangible impacts in creating 
organisational innovation climate. 
International Journal of Lean Six 
Sigma, 14(2), 397-428. https://doi.
org/10.1108/IJLSS-08-2020-0117

4. Arias-Pérez, J., & Vélez-Jaramillo, 
J. (2022). Understanding knowl-
edge hiding under technological 
turbulence caused by artificial 
intelligence and robotics. Journal 
of Knowledge Management, 
26(6), 1476-1491. https://doi.
org/10.1108/JKM-01-2021-0058

5. Armstrong, J. S., & Overton, 
T. S. (1977). Estimating non-
response bias in mail surveys. 
Journal of Marketing Research, 
14(3), 396-402. https://doi.
org/10.1177/002224377701400320

6. Bashir, M., Naqshbandi, M. M., & 
Pradhan, S. (2023). The role of in-
stitutional and individual factors 
in knowledge hiding and team 
creativity. Knowledge Management 
Research & Practice, 21(6), 1095-
1108. https://doi.org/10.1080/1477
8238.2022.2155593

7. Bin-Nashwan, S. A., & Li, J. Z. 
(2025). What shapes AI adop-
tion in financial service-oriented 
contexts? The game-changing role 
of innovation climate. Information 
Discovery and Delivery. Advance 
online publication. https://doi.
org/10.1108/IDD-12-2024-0199

8. Blau, P. M. (2017). Exchange 
and power in social life (2nd ed.). 
Routledge.

9. Chatterjee, S., Rana, N. P., Dwive-
di, Y. K., & Baabdullah, A. M. 
(2021). Understanding AI adop-
tion in manufacturing and pro-
duction firms using an integrated 
TAM-TOE model. Technological 
Forecasting and Social Change, 170, 
120880. https://doi.org/10.1016/j.
techfore.2021.120880

10. Chen, M., Mi, X., Xue, J., Li, Y., 
& Shi, J. (2023). The impact of 
entrepreneurial team psychologi-
cal capital on innovation perfor-
mance: The mediating role of 
knowledge sharing and knowledge 
hiding. Frontiers in Psychology, 14, 
1133270. https://doi.org/10.3389/
fpsyg.2023.1133270

11. Chen, Y., Luo, H., Chen, J., & Guo, 
Y. (2022). Building data-driven 
dynamic capabilities to arrest 
knowledge hiding: A knowledge 
management perspective. Journal 
of Business Research, 139, 1138-
1154. https://doi.org/10.1016/j.
jbusres.2021.10.050

12. Cohen, J. (1988). Statistical power 
analysis for the behavioral sciences 
(2nd ed.). Erlbaum.

13. Connelly, C. E., Zweig, D., Web-
ster, J., & Trougakos, J. P. (2012). 
Knowledge hiding in organiza-
tions. Journal of Organizational 
Behavior, 33(1), 64-88. https://doi.
org/10.1002/job.737

14. Ding, X., Li, W., Huang, D., & 
Qin, X. (2022). Does innovation 
climate help to effectiveness of 
green finance product R&D team? 
The mediating role of knowledge 
sharing and moderating effect of 
knowledge heterogeneity. Sustain-
ability, 14(7), 3926. https://doi.
org/10.3390/su14073926

15. Donate, M. J., González-Mohíno, 
M., Appio, F. P., & Bernhard, F. 
(2022). Dealing with knowledge 
hiding to improve innovation 
capabilities in the hotel indus-
try: The unconventional role of 
knowledge-oriented leadership. 
Journal of Business Research, 144, 
572-586. https://doi.org/10.1016/j.
jbusres.2022.02.001

16. Du, T., & Chang, Y.-C. (2023). 
Influence of organizational in-
novation climate on creativity and 
the mediating role of feedback-
seeking behavior: A case study 
of university teachers in Hebei, 
China. International Journal of 
Learning, Teaching and Education-
al Research, 22(4), 87-103. https://
doi.org/10.26803/ijlter.22.4.6

17. Faul, F., Erdfelder, E., Buchner, A., 
& Lang, A.-G. (2009). Statistical 
power analyses using G*Power 
3.1: Tests for correlation and 
regression analyses. Behavior 
Research Methods, 41(4), 1149-
1160. https://doi.org/10.3758/
BRM.41.4.1149

18. Fauzi, M. A. (2023). Knowledge 
hiding behavior in higher educa-
tion institutions: A scientometric 
analysis and systematic literature 
review approach. Journal of 
Knowledge Management, 27(2), 
302-327. https://doi.org/10.1108/
JKM-07-2021-0527

19. Grant, R. M. (1996). Toward 
a knowledge-based theory of 
the firm. Strategic Management 
Journal, 17, 109-122. https://doi.
org/10.1002/smj.4250171110

20. Guenther, P., Guenther, M., Ringle, 
C. M., Zaefarian, G., Cartwright, 
S., 2023. Improving PLS-SEM 
use for business marketing 
research. Industrial Market-
ing Management, 111, 127-142. 
https://doi.org/10.1016/j.indmar-
man.2023.03.010

21. Guo, M., Brown, G., & Zhang, 
L. (2022). My knowledge: The 
negative impact of territorial 
feelings on employee’s own in-
novation through knowledge 
hiding. Journal of Organizational 
Behavior, 43(5), 801-817. https://
doi.org/10.1002/job.2599

22. Hair, J. F., Hult, G. T. M., Ringle, 
C. M., & Sarstedt, M. (2022). A 
primer on partial least squares 
structural equation modeling (PLS-
SEM) (3rd ed.). Sage. Retrieved 
from https://eli.johogo.com/Class/
CCU/SEM/_A%20Primer%20
on%20Partial%20Least%20
Squares%20Structural%20Equa-
tion%20Modeling_Hair.pdf



167

Knowledge and Performance Management, Volume 10, Issue 1, 2026 

http://dx.doi.org/10.21511/kpm.10(1).2026.11

23. Hair, J. F., Risher, J. J., Sarstedt, M., 
& Ringle, C. M. (2019). When to 
use and how to report the results 
of PLS-SEM. European Business 
Review, 31(1), 2-24. https://doi.
org/10.1108/EBR-11-2018-0203

24. Horani, O. M., Al-Adwan, A. 
S., Yaseen, H., Hmoud, H., Al-
Rahmi, W. M., & Alkhalifah, A. 
(2025). The critical determinants 
impacting artificial intelligence 
adoption at the organizational 
level. Information Development, 
41(3), 1055-1079. https://doi.
org/10.1177/02666669231166889

25. Hossain, M. A., Agnihotri, R., 
Rushan, M. R. I., Rahman, M. 
S., & Sumi, S. F. (2022). Market-
ing analytics capability, artifi-
cial intelligence adoption, and 
firms’ competitive advantage: 
Evidence from the manufactur-
ing industry. Industrial Market-
ing Management, 106, 240-255. 
https://doi.org/10.1016/j.indmar-
man.2022.08.017

26. Iram, T., Bilal, A. R., Khan, R., 
Mehmood, S., & Kumar, H. (2026). 
From awareness to action: Unrav-
eling the interplay of employee AI 
awareness and change leadership 
in fostering knowledge hiding. 
Kybernetes, 55(2), 698-717. https://
doi.org/10.1108/K-01-2024-0222

27. Jarrahi, M. H., Askay, D., Eshraghi, 
A., & Smith, P. (2023). Artificial 
intelligence and knowledge 
management: A partnership 
between human and AI. Business 
Horizons, 66(1), 87-99. https://doi.
org/10.1016/j.bushor.2022.03.002

28. Jiang, S., Wang, J., Zhang, R., & 
Liu, O. (2023). Innovation climate 
for individual motivation and 
innovation performance: Is in-
novative behavior a missing link? 
Journal of Innovation & Knowl-
edge, 8(4), 100440. https://doi.
org/10.1016/j.jik.2023.100440

29. Khan, A. N., Mehmood, K., & 
Soomro, M. A. (2024). Knowl-
edge management-based artificial 
intelligence (AI) adoption in 
construction SMEs: The moderat-
ing role of knowledge integration. 
IEEE Transactions on Engineer-
ing Management, 71, 10874-
10884. https://doi.org/10.1109/
TEM.2024.3403981

30. Khanfar, A. A., Kiani Mavi, R., 
Iranmanesh, M., & Gengath-
aren, D. (2026). Determinants of 
artificial intelligence adoption: 
Research themes and future direc-
tions. Information Technology and 
Management, 27, 31-51. https://
doi.org/10.1007/s10799-024-
00435-0

31. Kock, N. (2015). Common 
method bias in PLS-SEM: A full 
collinearity assessment approach. 
International Journal of e-Collab-
oration, 11(4), 1-10. https://doi.
org/10.4018/ijec.2015100101

32. Kohtamäki, M., Rabetino, R., 
Parida, V., Sjödin, D., & Henne-
berg, S. (2022). Managing digital 
servitization toward smart solu-
tions: Framing the connections 
between technologies, business 
models, and ecosystems. Indus-
trial Marketing Management, 105, 
253-267. https://doi.org/10.1016/j.
indmarman.2022.06.010

33. Lei, Z. (2024). Dimensionalized 
goal orientation, innovation 
climate, and knowledge sharing 
behavior in higher education 
research teams. Heliyon, 10(7), 
e27853. https://doi.org/10.1016/j.
heliyon.2024.e27853

34. Leonardi, P. M. (2014). Social 
media, knowledge sharing, and 
innovation: Toward a theory of 
communication visibility. Infor-
mation Systems Research, 25(4), 
796-816. https://doi.org/10.1287/
isre.2014.0536

35. Li, M.-S., Li, J., Li, J.-M., Liu, 
Z.-W., & Deng, X.-T. (2023). The 
impact of team learning climate 
on innovation performance: 
Mediating role of knowledge inte-
gration capability. Frontiers in Psy-
chology, 13, 1104073. https://doi.
org/10.3389/fpsyg.2022.1104073

36. Liu, P., Yuan, L., & Jiang, Z. (2025). 
The dark side of algorithmic man-
agement: Investigating how and 
when algorithmic management 
relates to employee knowledge 
hiding? Journal of Knowledge 
Management, 29(2), 342-371. 
https://doi.org/10.1108/JKM-04-
2024-0507

37. Lu, C., Qi, Y., & Yu, B. (2024). 
Effects of domestic and inter-
national external collaboration 

on new product development 
performance in SMEs: Evidence 
from China. Sustainability, 16(1), 
400. https://doi.org/10.3390/
su16010400

38. Merhi, M. I., & Harfouche, A. 
(2024). Enablers of artificial intel-
ligence adoption and implemen-
tation in production systems. 
International Journal of Produc-
tion Research, 62(15), 5457-5471. 
https://doi.org/10.1080/00207543.
2023.2167014

39. Newman, A., Round, H., Wang, S., 
& Mount, M. (2020). Innovation 
climate: A systematic review of the 
literature and agenda for future 
research. Journal of Occupational 
and Organizational Psychology, 93, 
73-109. https://doi.org/10.1111/
joop.12283

40. Nong, T. X., Chan, S., & Nguyen, 
T. T. T. (2025). Benevolent leader-
ship and staff ’s creative work 
behavior: The mediating role of 
an innovative climate and fear of 
failure. Journal of Applied Research 
in Higher Education, 17(6), 2330-
2351. https://doi.org/10.1108/
JARHE-03-2024-0149

41. Rezaei, M. (2025). Artificial 
intelligence in knowledge manage-
ment: Identifying and addressing 
the key implementation chal-
lenges. Technological Forecasting 
and Social Change, 217, 124183. 
https://doi.org/10.1016/j.tech-
fore.2025.124183

42. Shen, Y., Lythreatis, S., Singh, S. K., 
& Cooke, F. L. (2025). A meta-
analysis of knowledge hiding be-
havior in organizations: Anteced-
ents, consequences, and boundary 
conditions. Journal of Business 
Research, 186, 114963. https://doi.
org/10.1016/j.jbusres.2024.114963

43. Sjödin, D., Parida, V., Palmié, M., 
& Wincent, J. (2021). How AI 
capabilities enable business model 
innovation: Scaling AI through 
co-evolutionary processes and 
feedback loops. Journal of Business 
Research, 134, 574-587. https://doi.
org/10.1016/j.jbusres.2021.05.009

44. Venkatesh, V., Morris, M. G., 
Davis, G. B., & Davis, F. D. (2003). 
User acceptance of information 
technology: Toward a unified view. 
MIS Quarterly, 27(3), 425-478. 
https://doi.org/10.2307/30036540



168

Knowledge and Performance Management, Volume 10, Issue 1, 2026 

http://dx.doi.org/10.21511/kpm.10(1).2026.11

45. Wang, M.-C., Chen, P.-C., & Fang, 
S.-C. (2018). A critical view of 
knowledge networks and innova-
tion performance: The mediation 
role of firms’ knowledge integra-
tion capability. Journal of Business 
Research, 88, 222-233. https://doi.
org/10.1016/j.jbusres.2018.03.034

46. Wei, J., & Zheng, Q. (2025). 
Understanding the dark side 
of digital technostress on team 
innovation: The roles of decep-
tive knowledge hiding and team 
climates. Journal of Knowledge 
Management, 29(5), 1682-1707. 
https://doi.org/10.1108/JKM-07-
2024-0826

47. Yu, X., Xu, S., & Ashton, M. (2023). 
Antecedents and outcomes of 
artificial intelligence adoption 
and application in the workplace: 
The socio-technical system theory 
perspective. Information Tech-
nology & People, 36(1), 454-474. 
https://doi.org/10.1108/ITP-04-
2021-0254

48. Zahra, S. A., Neubaum, D. O., & 
Hayton, J. (2020). What do we 
know about knowledge integra-
tion? Fusing micro- and macro-
organizational perspectives. Acad-
emy of Management Annals, 14, 
160-194. https://doi.org/10.5465/
annals.2017.0093

49. Zamrudi, Z. (2023). A pathway 
to counterproductive knowl-
edge behaviour: Integrating 
knowledge hoarding, knowledge 
withholding, and knowledge 
hiding. Journal of Scientometric 

Research, 12(1), 211-228. https://
doi.org/10.5530/jscires.12.1.019

50. Zan, A., Yao, Y., & Chen, H. 
(2024). Knowledge search and 
firm innovation: The roles of 
knowledge inertia and knowledge 
integration capability. Technology 

Analysis & Strategic Management, 
36(6), 1150-1165. https://doi.org/
10.1080/09537325.2022.2076589



169

Knowledge and Performance Management, Volume 10, Issue 1, 2026 

http://dx.doi.org/10.21511/kpm.10(1).2026.11

APPENDIX A

Table A1. Constructs and measurement items

Construct Code Measurement Item
Conceptual 

Basis

Artificial 
Intelligence 

Adoption (AIA)

AIA1
Our organization has the technological infrastructure necessary to support artificial 
intelligence use.

Yu et al. (2023)

AIA2
Our organization provides training that enables employees to use artificial intelligence 
technologies in their work.

AIA3
Employees in our organization actively use artificial intelligence technologies in their 
work tasks.

AIA4 Artificial intelligence technologies are increasingly integrated into our work processes.
AIA5 Our organization uses artificial intelligence to improve work efficiency.
AIA6 Our organization uses artificial intelligence to enhance its competitiveness.

Knowledge Hiding 
(KH)

KH1
Employees in our organization provide incomplete or partial knowledge when 
colleagues request information.

Connelly et al. 
(2012)

KH2
Employees in our organization pretend not to know information even though they 
actually possess the knowledge.

KH3
Employees in our organization justify not sharing knowledge by citing reasons such as 
confidentiality or organizational rules.

Knowledge 
Integration 

Capability (KIC)

KIC1
Our organization has clear processes for integrating knowledge from multiple sources 
to improve work practices.

Acharya et al. 
(2022)

KIC2

Our organization actively acquires knowledge from external sources (e.g., suppliers, 
customers, consultants) and combines it with internal knowledge to create new 
knowledge.

KIC3
Employees in our organization are encouraged to connect knowledge from different 
disciplines and information sources to develop better solutions.

KIC4
Our organization has systems or processes that facilitate the integration and use of 
knowledge across departments.

KIC5
Our organization enables employees to exchange knowledge and collaborate to 
generate new knowledge.

KIC6
Our organization can effectively apply integrated knowledge from multiple sources to 
improve problem-solving and work practices.

Innovation Climate 
(IC)

IC1
Our organization provides a work environment that supports brainstorming and the 
development of new ideas.

Du and Chang 
(2023)

IC2
Our organization encourages employees to trust one another, openly exchange ideas, 
and collaboratively develop new ideas.

IC3
Our organization creates a safe atmosphere for proposing unconventional ideas and 
views failure as an opportunity for learning.

IC4
Our organization has a culture that values creativity and innovation as core principles 
of work.

IC5
Our organization has mechanisms that support new ideas, such as rewards or processes 
that help transform ideas into practice.

IC6
Our organization encourages new ideas from employees at all levels and supports 
experimenting with alternative ways of working.


	“Influence of knowledge hiding on innovation climate: The moderating role of artificial intelligence adoption”

