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Abstract

Purpose — Integrating artificial intelligence (AI) technologies into knowledge management systems (KMSs)
offers transformative potential for organizations by enhancing knowledge-intensive business processes.
However, this integration may face barriers and challenges. This study investigates the organizational
implications for effective change management and structured implementation processes required for a
beneficial integration of AI into KMSs.

Design/methodology/approach — A quantitative research design was employed using an online survey developed
for this study and completed by 378 professionals across diverse roles, organizational sizes, and sectors. The
instrument assessed perceptions of four barrier categories — human, technological, financial, and ethical-regulatory
— through validated multi-item scales. Statistical analyses, including repeated-measures ANOVA, MANOVA, and
t-tests, were conducted to identify differences across demographic and organizational variables.

Findings — Technological and ethical-regulatory barriers are perceived as more significant than financial ones.
Managers identified human-centered hurdles, such as resistance to change and skills gaps, as more immediate
threats than financial constraints. Knowledge managers expressed significant concerns regarding technical
integration with existing KMSs. Smaller organizations reported higher levels of human and technological
complications compared to medium and large firms. Graduates demonstrated greater sensitivity to
ethical-regulatory issues, whereas the high-tech sector perceived fewer obstacles overall. No significant
differences emerged across gender, age, or seniority.

Originality/value — By connecting established models of technology adoption with empirical evidence from
knowledge-intensive contexts, this study strengthens understanding of Al integration within KMSs as a socio-
technical process shaped by organizational contingencies and governance imperatives. It contributes to the
literature on business process management by framing Al integration as a process-oriented transformation rather
than a purely technological upgrade.

Keywords Knowledge management systems, Artificial intelligence, Business processes, Change management,
AI-KMS integration, Socio-technical challenges
Paper type Research article

1. Introduction

Knowledge management (KM) is founded on key processes such as knowledge capture,
storage, distribution, and utilization, all of which are directed toward achieving organizational
goals (Hislop et al., 2018; Majumder and Dey, 2022; Taherdoost and Madanchian, 2023).
For organizations, the efficiency and effectiveness of knowledge management processes
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(KMPs) are critical, as they play a pivotal role in enhancing performance and maintaining Business Process
competitive advantage. By harnessing collective knowledge, organizations can respond more Management
swiftly to market dynamics and customer demands, thereby promoting continuous learning Journal
and improvement (Bolisani and Bratianu, 2017; Bratianu et al., 2023; Scarso and Bolisani,
2024). The deployment of appropriate knowledge management systems (KMSs) is equally
essential. These socio-technical systems (Maier, 2007) are specifically designed to support
KMPs, ensuring that valuable knowledge is both accessible and effectively utilized across the
organization (Alavi et al., 2024; Salem et al., 2024). Successful adoption of such systems often
requires structured change management processes and well-defined implementation processes
to align technological capabilities with organizational workflows (Nakash et al., 2023).

The landscape of KM is undergoing a rapid transformation with the commercialization of
advanced artificial intelligence (AI) technologies, such as OpenAI’s ChatGPT and similar
applications, which gained significant traction in late 2022 and early 2023 (Roberts et al.,
2024; Sumbal and Amber, 2025). Al is typically evaluated based on its ability to perform tasks
with a level of proficiency comparable to that of skilled humans — yet at far greater speed and
scale (Dabija and Vatamanescu, 2023; Debowy et al., 2024). It encompasses a range of
subfields, including machine learning, natural language processing, robotics, and computer
vision. These technologies are designed to learn from data, identify patterns, and make
decisions with minimal human intervention (Benbya et al., 2020; Chatterjee et al., 2024;
Davenport and Ronanki, 2018; Dwivedi et al., 2021; @sterlund et al., 2021; Palaniappan et al.,
2024; Sharma et al., 2022; Vasiliu and Yavetz, 2026).

As these capabilities permeate organizational practice, their primary impact may be felt in
how work is organized and governed. In fact, recent business process management research
highlights that Al-enabled process transformation requires rethinking roles, workflows, and
decision-rights in knowledge-intensive environments (Abbasi et al., 2025; Zebec and Indihar
Stemberger, 2024). This shift signals a broader redesign of technology-mediated work, in
which AI becomes embedded within everyday knowledge practices rather than functioning
merely as a supportive technological layer (Jarrahi et al., 2023a, b).

According to Alavi et al. (2024), recent advances in AT have ushered in a new, exciting, and
complex era for systems that support KM, commonly referred to as KMSs, extending their
scope beyond standalone technological tools. More broadly, integrating Al can enable more
dynamic, responsive, and efficient knowledge work across the organization, primarily in
relation to rational knowledge. However, Al is limited in its ability to process tacit, emotional,
or spiritual forms of knowledge (Bratianu, 2025; Bratianu and Bejinaru, 2019; Bratianu and
Paiuc, 2025). Al technologies can enhance KMSs by automating routine tasks and providing
immediate access to relevant, high-quality explicit knowledge. In addition, they can facilitate
the generation of new content and help the analysis of large volumes of data and information in
different formats and configurations (Sengar et al., 2024). All this can significantly reduce the
time and effort required for KMPs, enhance the effectiveness of KM initiatives, and facilitate
decision-making and innovation (Benbya et al., 2020; Jarrahi et al., 2023a; Purba et al., 2024;
Salem et al., 2024; Taherdoost and Madanchian, 2023; Wang et al., 2022).

However, while AI introduces unprecedented opportunities, it also presents notable
challenges, risks, and ethical dilemmas (Atchley et al., 2024; Kaplan and Haenlein, 2020;
Prasad Agrawal, 2024; Stahl, 2021). Although these concerns have often been discussed in
general terms (e.g. Marocco et al., 2024), there remains a lack of systematic analysis regarding
the perceptions and concerns of potential users (Nakash and Bolisani, 2025). Moreover,
previous studies have primarily focused on mapping AI adoption challenges in specific sectors
such as education (e.g. Achruh et al., 2024) and healthcare (e.g. Hassan et al., 2024), and are
entirely absent from the perspective of KM. This study addresses that gap by exploring the
barriers and challenges associated with implementing Al in KMSs, as perceived by employees
and managers, through a structured statistical survey.

The paper is structured as follows: Section 2 outlines the research statement, rationale, and
questions. Section 3 establishes the theoretical foundation for the research hypotheses. Section 4
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BPMJ details the data collection and analysis procedures. The results are presented in Section 5. Finally,
32,8 Section 6 concludes with implications, study limitations, and directions for future research.

2. Problem statement and scope of investigation

Perceptions of Al and the factors influencing them have garnered increasing interest
(Schepman and Rodway, 2023). Attitudes towards Al acceptance are varied (Gerlich, 2023;
Wang et al., 2023), yet there is limited understanding of how employees perceive these
advancements in relation to their jobs (Brougham and Haar, 2018). Literature highlights the
need to understand the complex challenges of implementing Al and the factors impeding its
integration within organizations (Campion et al., 2022; Campos Zabala, 2023b; Kurup and
Gupta, 2022; Radhakrishnan and Chattopadhyay, 2020; Sharma, 2024; Storey, 2025).
However, existing studies on this issue have often overlooked the KM perspective (Dwivedi
et al., 2021; Sharma et al., 2022). Despite Al’s transformative potential for enhancing KMPs
(Alavi et al., 2024; Bohm and Durst, 2026; Purba et al., 2024; Salem et al., 2024), research on
the intersection of Al and KM remains limited (Bencsik, 2021; Zbuchea et al., 2019). The
extant literature in this domain has been predominantly theoretical, providing conceptual
frameworks and speculative insights without substantial empirical validation (Nakash and
Bolisani, 2024; Purba et al., 2024; Taherdoost and Madanchian, 2023).

This lack of knowledge hinders organizations from proactively addressing critical obstacles,
potentially slowing or derailing Al adoption, especially regarding its application to KM. The
empirical investigation described in this paper aims to bridge this gap by examining the
perceived obstacles to Al integration in KMSs across diverse organizational environments.
Drawing inspiration from the current literature (see below), we focus on four clusters of barriers
and challenges: human, technological, financial, and ethical-regulatory. These clusters were
carefully selected to capture the diverse nature of Al integration, ensuring a comprehensive
representation of the various impediments organizations may encounter (Campion et al., 2022;
Campos Zabala, 2023b; Dwivedi et al., 2021; Kaplan and Haenlein, 2020; Nair et al., 2024).

The human cluster includes issues related to employee resistance, skill gaps, and cultural
inertia (Kaplan and Haenlein, 2020; Nair et al., 2024; Sartori and Theodorou, 2022; Vasiliu and
Yavetz, 2026). The technological cluster addresses concerns such as system compatibility,
data leakage, and the complexity of integrating AT with existing information technologies (IT)
infrastructure (Benbya et al., 2020; Campos Zabala, 2023b). The financial cluster
encompasses costs associated with AI implementation, including initial investment and
ongoing maintenance expenses (Dwivedi et al., 2021; Peeler, 2023; Prasad Agrawal, 2024).
Lastly, the ethical-regulatory cluster covers legal and moral considerations, such as data
privacy, bias, discrimination, and accountability for outcomes (Campos Zabala, 2023a;
Palaniappan et al., 2024; Roberts et al., 2024; Stahl, 2021; Svetlova, 2022). By analyzing these
clusters, this study offers practical insights to support smoother Al integration in KMSs,
highlighting the critical role of effective change management.

Considering barriers and challenges together is crucial for a comprehensive understanding.
Barriers and challenges are inherently interconnected; barriers often give rise to challenges,
and addressing challenges can help mitigate certain barriers. For instance, limited technical
infrastructure can create challenges in data processing and system integration. Conversely,
addressing employee resistance through effective training programs can help alleviate cultural
barriers (Campos Zabala, 2023b; Nair et al., 2024). Examining barriers and challenges in
tandem acknowledges the inherent complexity of organizational environments and the
multifaceted nature of Al implementation, thereby enabling a more coherent understanding of
robust and adaptable integration practices.

By shifting the analytical lens from observed implementation outcomes to the perceptions
of employees and managers, this study offers deeper, empirically grounded insights into how
AT integration within KMSs is interpreted and understood. In light of the above, the key
questions addressed in this research work include the following:
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RQI1. What are the primary obstacles to the integration of AI technologies in Business Process
organizational KMSs? Management

J 1
RQ2. Are there differences between various types of barriers and challenges in relation to ourna

the integration of Al capabilities for enhancing KM?

RQ3. Are there differences in perceptions based on demographic and occupational
factors?

55

3. Related works and conceptual foundations

Integrating Al within organizational systems presents multifaceted challenges influenced by
various factors (Dwivedi et al., 2021; Roberts et al., 2024; Zebec and Indihar Stemberger,
2024), leading to diverse perceptions and views. The Technology Acceptance Model (TAM)
suggests that stakeholders’ experiences and expectations shape their views on AI’s usefulness
and ease of use, indicating that different contexts yield varied evaluations (Gerlich, 2023). The
Diffusion of Innovations (DOI) theories, a frequently used approach in Al studies related to
innovation management (Mariani et al., 2023), highlight that there are different stages of
technology adoption (Rogers, 2003) and, depending on the stage, the perceived difficulties can
be different (Radhakrishnan and Chattopadhyay, 2020). This suggests that organizations at
various phases of adoption will encounter and perceive barriers differently (Arpaci et al.,
2012). Additionally, the Socio-Technical Systems (STS) theories emphasize the interplay
between social and technical elements, suggesting that unique configurations in different
organizations can lead to diverse perceptions of Al integration challenges (Sartori and
Theodorou, 2022). These theoretical insights collectively support the following hypothesis:

HI1. There will be variations in the evaluation of barriers and challenges involved in the
integration of Al in organizational KMSs among different respondents.

Building on this foundation, it is crucial to examine business leaders’ perspectives on potential
obstacles to Al implementation. Managers, especially those in higher positions, are deeply
involved in resource allocation and strategic decision-making, which inherently focuses their
attention on financial considerations. According to agency theory, managers, as agents of the
organization, are often evaluated based on financial performance metrics, heightening their
sensitivity to financial constraints (Jensen and Meckling, 2019). This sensitivity is further
amplified by their strategic roles, necessitating a keen awareness of financial considerations
when implementing new technologies. Financial constraints are a significant barrier to Al
adoption, particularly in organizations with tightly controlled budgets (Dwivedi et al., 2021;
Radhakrishnan and Chattopadhyay, 2020; Taherdoost and Madanchian, 2023). Consequently,
managers, who are directly involved in financial decision-making, are expected to exhibit
greater concern for financial obstacles compared to non-managerial employees. Based on this
theoretical foundation, we propose the following hypothesis:

H2. Managers are likely to perceive financial barriers and challenges more acutely than
regular employees in the context of Al integration in KMSs.

From a technological perspective, integrating Al models into organizations presents a complex
array of challenges. Implementing new capabilities often encounters hurdles related to system
integration, data leakage, and compatibility with existing IT infrastructure (Chatterjee et al.,
2024). Knowledge managers, responsible for the design, maintenance, and efficiency of KMSs,
are uniquely positioned to identify these conflicts due to their deep understanding of KMS
intricacies and past integration experiences (Nakash, 2024). Through the lens of absorptive
capacity theory (Cohen and Levinthal, 1990), this deep technical involvement enhances their
ability to identify, assimilate, and apply new information related to integration challenges.
Consequently, knowledge managers’ enhanced absorptive capacity and sophisticated

Downloaded from ftp.nowpublishers.com/bpmj/article-pdf/32/8/52/11652175/bpmj-12-2025-2008en.pdf by guest on 07 September 2026



BPMJ technological perspectives lead to a more comprehensive evaluation of the technological
32,8 hurdles in AI-KMS integration. Therefore, we propose the following hypothesis:

H3. Knowledge managers, compared to non-knowledge managers, are likely to report
more technological barriers and challenges related to the implementation of Al
technologies in KMSs.

The size of an organization significantly influences the complications encountered during Al
integration, as suggested by theories of technological innovation and adoption, such as the
DOI theory (Minishi-Majanja and Kiplang’at, 2005). The Technology-Organization-
Environment (TOE) framework also highlights the impact of organizational context,
including firm size, on technology perceptions (Arpaci et al., 2012; Radhakrishnan and
Chattopadhyay, 2020). Larger organizations typically have more resources and technical
expertise, facilitating Al integration (Benbya et al., 2020; Prasad Agrawal, 2024). In contrast,
smaller firms often face significant resource limitations and restricted technological
capabilities, disadvantaging them in IT adoption and usage (Bolisani et al., 2023;
Ghobakhloo et al., 2012; Nakash and Bouhnik, 2023). These observations align with the
Resource-Based View (RBV) of the firm, which asserts that organizations with greater
resources are better equipped to implement complex technologies (Barney, 1991). Therefore,
we propose the following hypothesis:

56

H4. The smaller the organization, the greater the reported barriers and challenges to Al
integration in KMSs.

Educational background plays a crucial role in shaping perceptions towards AI (Gerlich,
2023). Higher exposure to Al applications and a greater willingness to adopt them are often
linked to advanced academic degrees (Debowy et al., 2024; Vasiliu and Yavetz, 2026). In
addition, the Theory of Planned Behavior (TPB) (Ajzen, 1991) suggests that attitudes and
awareness — shaped by education — significantly influence perceptions of challenges related to
technology integration, especially in ethical decision-making contexts. Individuals with
academic qualifications are more aware of data privacy and algorithmic bias issues, as their
training emphasizes critical evaluation of the ethical dimensions of emerging technologies.
Graduates are also more frequently exposed to debates on Al governance and its societal
impacts, fostering a cautious approach to Al implementation (Achruh et al., 2024; Baker and
Hawn, 2022; Stahl, 2021). Based on these insights, we propose the following hypothesis:

H5. Graduates will exhibit more ethical-regulatory barriers and challenges in
implementing Al in KMSs compared to non-graduates.

Different business sectors have distinct operational needs, strategic goals, and challenges
(Hislop et al., 2018), leading to varying degrees of Al exposure (Debowy et al., 2024). Sectors
like finance and healthcare, where data security and compliance are critical, may face
heightened ethical, confidentiality-related, or regulatory barriers (Davenport and Ronanki,
2018; Palaniappan et al., 2024; Svetlova, 2022). Resource allocation for Al-driven KMSs can
also vary, with high-tech industries investing more in advanced technologies, while sectors
with limited budgets, such as public administration, face significant financial challenges
(Dwivedi et al., 2021; Neumann et al., 2024). Human and technological barriers can differ
across sectors due to sector-specific employee skills and technological readiness (Atchley
et al., 2024; Benbya et al., 2020; Kirchner et al., 2025). These variations align with
contingency theory, which suggests that organizational practices and perceptions are
influenced by contextual factors (Chatterjee et al., 2024), indicating that sectoral
characteristics shape perceived obstacles to Al integration in KMSs. Therefore, we propose
the following hypothesis:

H6. Significant differences are expected among various business sectors regarding their
perceptions of the barriers and challenges associated with Al integration in KMSs.

Downloaded from ftp.nowpublishers.com/bpmj/article-pdf/32/8/52/11652175/bpmj-12-2025-2008en.pdf by guest on 07 September 2026



Al integration in workplaces typically raises universal concerns, such as technological Business Process
feasibility, ethical implications, and perceived complexity or job displacement risks. These Management
concerns are broadly shared across demographic groups due to their relevance in diverse Journal
organizational contexts (Campion et al., 2022; Schepman and Rodway, 2023; Sharma, 2024;
Sharma et al., 2022). Ethical and regulatory implications of Al, like data privacy and
algorithmic bias, affect all employees regardless of age, gender, or seniority, as they pertain to
fundamental issues of fairness and autonomy (Campos Zabala, 2023a). Research indicates that
cognitive processes involved in evaluating the risks and benefits of advanced technologies are
shaped more by organizational culture, leadership attitudes, and trust levels than by individual
demographics (Chatterjee et al., 2024; Radhakrishnan and Chattopadhyay, 2020; Venkatesh
et al., 2003). These insights support the following hypotheses:

57

H7. There will be no significant differences in the perceived barriers and challenges to
implementing Al in KMSs between men and women.

H8. There will be no significant differences in the perceived barriers and challenges to
implementing Al in KMSs across different age groups.

H9. There will be no significant differences in the perceived barriers and challenges to
implementing Al in KMSs across different levels of seniority.

4. Method

4.1 Research context

To achieve the research objectives, we employed a quantitative questionnaire method,
meticulously designed to assess respondents’ viewpoints on the phenomenon under study. We
chose an online survey methodology due to its extensive reach, cost-effectiveness, and
convenience (Queirés et al., 2017). Additionally, the online survey method was preferred for
its ability to swiftly gather a substantial number of responses (Mohajan, 2020; Nayak and
Narayan, 2019), enabling us to capture a diverse array of perspectives on the obstacles to
integrating AI within the organizational knowledge context.

4.2 Procedure

Data collection was conducted between May and June 2024 among Israeli industries for three
key reasons. Firstly, Israel’s diverse and multicultural population (Mendelson-Maoz, 2015)
provides a rich and varied sample, enhancing the generalizability of the findings. This
diversity is crucial for understanding the challenges of AI-KMSs integration and the dynamics
of change management and implementation processes across different demographic and
organizational contexts. Secondly, Israel’s highly developed technological infrastructure and
strong culture of innovation (Debowy et al., 2024; Katz, 2018) make it an ideal setting for
research on advanced technologies. Thirdly, Israel’s dynamic economy, strategic position as a
“Start-Up Nation” (Maggor and Frenkel, 2022; Mashiah, 2024), and national program
dedicated to advancing AI capabilities (Vasiliu and Yavetz, 2026) further enhance the
relevance and applicability of the research findings.

To ensure a diverse respondent pool, the questionnaire was distributed among employees
and managers from organizations of various sizes and sectors. We employed a multi-channel
distribution strategy, utilizing colleagues, acquaintances, organizational networks, and social
media platforms. Specifically, we adopted a convenience sampling method, which relies on the
accessibility and willingness of participants to take part in the study (Queir6s et al., 2017). This
approach aimed to maximize response rates and capture viewpoints from a broad spectrum of
organizational contexts. Participation in the survey was voluntary and anonymous,
encouraging candid responses and ensuring confidentiality. This methodological choice was
essential for obtaining authentic feedback without privacy concerns. The research project was
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BPMJ approved by the Human Subjects Institutional Review Board (HSIRB), which examined the
32,8 ethical aspects of the study (Approval No. 200524103).

4.3 Questionnaire design and structure

The questionnaire was divided into three main sections: the first identified barriers and

challenges in implementing AI within KMSs, the second focused on participants’
58 occupational details, and the third gathered demographic information (see Appendix A). It
included various question formats, such as closed statements rated on a 6-point Likert scale
(from 1 - Strongly Disagree to 6 - Strongly Agree), multiple-choice questions, and an open-
ended query. This mixed-method approach was chosen to comprehensively capture insights
into the perceived hurdles to effectively integrating AI within the organizational
environment.

The initial section of the questionnaire included 20 statements rated on a Likert scale,
organized into four subscales: human, technological, financial, and ethical-regulatory
barriers and challenges to Al implementation in KMSs. Each subscale comprised five
items, and a composite score was calculated to evaluate overall perceived barriers and
challenges. The subscales demonstrated strong internal consistency: human (¢ = 0.75),
technological (@ = 0.71), financial (a = 0.80), and ethical-regulatory (a« = 0.76). The
overall scale showed excellent internal consistency (e« = 0.90). To evaluate construct
validity, we used Confirmatory Factor Analysis (CFA) within a Structural
Equation Modeling (SEM) framework, performed using R software (version 4.3) and
R-Studio (R Core Team, 2023).

The Lavaan package (Rosseel, 2012) was employed to construct a second-order model. In
this model, each questionnaire subscale was treated as a latent construct, with the overall
perception of Al’s barriers and challenges modeled as a second-order construct encompassing
all four subscales. The results, presented in Figure 1, indicate an acceptable model fit, as
evidenced by the following indices: CFI (0.913), TLI (0.906), RMSEA (0.067), and SRMR
(0.068). These findings support the good construct validity of our questionnaire.

Barriers and
Challenges to
Implementing Al

0:9
5 o
nP,’ 75,‘”
*
. Ethical-
Technological
Regulatory
=] ol [ |wv ol I~ |eof o] |o
688 '5 - - - —||<]]|= Q
o ol |10 |10 (O] |O ol |o| |of 9] |0
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8 & 8 % R R R R R R 8 & 5 R & R R &8 N
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Figure 1. CFA Model for assessing the quality of the research questionnaire. ***p < 0.001. Source(s):
Authors’ own work
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4.4 Participants Business Process
The study sample comprised 378 respondents, with a nearly balanced gender distribution Management
(52.6% female, 47.4% male). Most respondents (67.5%) held academic qualifications. Journal
Participants were almost evenly distributed across small, medium, and large organizations.
The service sector (33.1%) and public sector (27.8%) were the most represented. Notably,
56.1% of respondents held managerial positions, and 34.1% specialized in the KM field.
Additionally, 11.9% had over 20 years of seniority. The average age of participants was

41.97 years (SD = 10.68). A complete segmentation of the sample is presented in Table 1. 59

4.5 Statistical analysis

Data analysis was performed using IBM SPSS Statistics (Version 28) and R (Version 4.3). The
internal consistency of the study questionnaire was assessed through Cronbach’s alpha
coefficients. CFA was utilized to evaluate the construct validity of the questionnaire.
To address the specific research questions, various statistical tests were conducted, including
repeated-measures ANOVA, independent-samples t-tests, multivariate analysis of variance
(MANOVA), Pearson’s correlations, and Spearman’s rank-order correlations. A significance
level of a = 0.05 was maintained for all statistical analyses.

5. Findings

5.1 Overall perceived barriers and challenges

We initially analyzed the perceptions of the different types of barriers and challenges
associated with AI-KMSs integration across the four sub-scales. A repeated-measures

Table 1. Socio-demographic and organizational profile of the research sample (N = 378)

Item Value N %
Sex Female 199 52.6
Male 179 47.4
Education Non-graduated 123 32.5
Graduated 255 67.5
Organization Size Small 136 36.0
Medium 127 33.6
Large 115 30.4
Business Sector Public 105 27.8
Industrial 65 17.2
Services 125 33.1
High-tech 59 15.6
Other 24 6.3
Role Employee 166 43.9
Manager 212 56.1
Specialize in KM No 249 65.9
Yes 129 34.1
Seniority <2 61 16.1
2-<5 106 28.1
5-<10 71 18.8
10-<15 61 16.1
15-<20 34 9.0
20+ 45 11.9
Age <30 66 17.5
30-39 96 25.4
40-49 118 31.2
50-59 74 19.6
60+ 24 6.3
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BPMJ ANOVA revealed a significant main effect for the sub-scale (F(3, 1131) = 6.72, p < 0.001).
32,8 Bonferroni pairwise comparison analysis found that integration of AI with KMSs in
organizations was significantly estimated to invite more technological (M = 4.45, SD = 0.87)
and ethical-regulatory (M = 4.45, SD = 0.95) barriers and challenges, compared to financial
ones (M = 4.27, SD = 0.95), with all p’s < 0.001. Human barriers and challenges (M = 4.38,
SD = 0.94) did not show significant differences compared to the other three sub-scales. These
findings, illustrated in Figure 2, provide robust support for hypothesis H1.

60

5.2 Organizational role

An independent samples t-test was conducted to examine the effect of role (employee vs.
manager) on the perceived barriers and challenges to integrating Al into KMSs. All five
perception scores (total score and four sub-scales) served as dependent variables. The results
indicated a significant main effect of organizational role. Compared to employees, managers
tended to report significantly more human barriers and challenges (t(376) = 1.92, p = 0.031),
and lower financial ones (t(376) = 1.84, p = 0.039). Differences between managers and
employees did not reach a level of significance for technological (t(376) = 0.82, p = 0.205)
and ethical-regulatory (t(376) = 0.78, p = 0.219) barriers and challenges. These findings,
detailed in Table 2, refute the hypothesis H2.

5.3 KM expertise

An independent samples t-test was conducted to examine the effect of expertise in KM (yes vs.
no) on the perceived barriers and challenges to integrating Al into KMSs. All five perception
scores (total score and four sub-scales) served as dependent variables. The results indicated a
significant main effect of KM expertise. Knowledge managers tended to report technological
barriers and challenges significantly more than non-knowledge managers (t(376) = 1.75,
p = 0.041). The differences concerning the human (t(376) = 0.08, p = 0.470), financial (t
(376) = 0.23, p = 0.410), and ethical-regulatory (t(376) = 0.51, p = 0.306) barriers and
challenges were not significant. These findings, as detailed in Table 3, provide evidence
supporting hypothesis H3.
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Figure 2. Differential perceptions of barriers and challenges for implementing Al in KMSs across sub-scales
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Table 2. Differences in the perception of barriers and challenges of Al implementation by organizational Business Process

role (N = 378) Management
Journal

Perceived barriers Employees Managers

and challenges of Al n = 166 n=212

implementation in

KMSs; Organizational role M SD M SD t-value p-value

Human 4.30 0.94 4.44 0.95 1.92* 0.031 61

Technological 441 0.85 4.48 0.90 0.82 0.205

Financial 4.34 0.85 4.22 1.02 1.84* 0.039

Ethical-Regulatory 4.49 0.84 4.42 0.96 0.78 0.219

Total Score 4.38 0.70 4.39 0.78 0.05 0.487

Note(s): *p < 0.05

Table 3. Differences in the perception of barriers and challenges of AI implementation by expertise in
KM (N = 378)

Perceived barriers Non = 249 Yes n = 129
and challenges of AL
implementation in

KMSs; KM expertise M SD M SD t-value p-value
Human 4.38 0.90 4.37 1.04 0.08 0.470
Technological 4.39 0.86 4.56 0.90 1.75* 0.041
Financial 4.27 0.91 4.29 1.03 0.23 0.410
Ethical-Regulatory 4.43 0.87 4.48 0.98 0.51 0.306
Total Score 4.37 0.70 4.42 0.82 0.71 0.238

Note(s): *p < 0.05

5.4 Organization size

A MANOVA analysis investigated the influence of organization size (small, medium, and
large) on the perceived evaluation of barriers and challenges involved in integrating Al
technologies in KMSs. The analysis encompassed all five scores (total score and four sub-
scales) as dependent variables. Significant main effects emerged for organization size on
human barriers and challenges (F(2, 375) = 2.91, p = 0.050), technological barriers and
challenges (F(2, 375) = 5.21, p = 0.006), and the total score (F(2, 375) = 3.66, p = 0.027).
Bonferroni post-hoc tests indicated that small organizations perceived significantly higher
levels of human barriers and challenges compared to medium-sized (p = 0.047) and large
(p = 0.034) organizations. No significant difference was observed between medium-sized and
large organizations (p = 0.852) (see Figure 3). Moreover, our findings indicate that small
organizations perceived significantly higher technological barriers and challenges compared
to medium-sized organizations (p = 0.002), but not when compared to large organizations
(p = 0.167) (see Figure 4). The overall perception score of barriers and challenges to
implementing AI in KMSs was higher for small organizations compared to medium-sized
(p = 0.015) and large organizations (p = 0.030) (see Figure 5). No significant differences were
observed in financial (p = 0.112) and ethical-regulatory (p = 0.456) barriers and challenges
between organizations of different sizes. Consequently, the data provided only partial support
for hypothesis H4

5.5 Education
An independent samples t-test investigated the influence of educational background
(graduated vs. non-graduated) on the perceived barriers and challenges to integrating Al
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Figure 3. Human barriers and challenges across organizations of varying sizes
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Figure 4. Technological barriers and challenges across organizations of varying sizes

into KMSs. The analysis encompassed all five perception scores (total score and four sub-
scales) as dependent variables. The results indicated a significant main effect of education
on human (t(376) = 1.65, p = 0.050), financial (t(376) = 2.00, p = 0.023), and ethical-
regulatory (t(376) = 1.94, p = 0.026) barriers and challenges. Graduates, compared to non-
graduates, reported higher perceived ethical-regulatory barriers and challenges, but lower
human and financial ones. No significant differences were observed in technological
barriers and challenges, nor in the overall perception score of challenges and barriers to
implementing Al in KMSs. These findings, as detailed in Table 4, confirm hypothesis H5 in
its entirety.
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Figure 5. The overall perception score of challenges and barriers across organizations of varying sizes

Table 4. Differences in the perception of the barriers at AI for KMSs by education (N = 378)

Perceived barriers Non-graduated Graduated

and challenges of n=123 n = 255

Al implementation

in KMSs;

education M SD M SD t-value p-value
Human 4.49 0.96 4.32 0.94 1.65* 0.050
Technological 4.54 0.85 4.40 0.89 1.48 0.070
Financial 4.41 0.94 4.21 0.94 2.00* 0.023
Ethical-Regulatory 4.32 0.94 4.51 0.89 1.94* 0.026
Total Score 4.44 0.75 4.36 0.74 1.00 0.159

Note(s): *p < 0.05

5.6 Business sector

A MANOVA analysis investigated the influence of a business sector (public, industry,
services, and high-tech) on the perceived evaluation of barriers and challenges involved in
integrating Al technologies in KMSs. The analysis encompassed all five perception scores
(total score and four sub-scales) as dependent variables. Significant main effects emerged for
the sector on human (F(3, 353) = 14.87, p < 0.001), technological (F(3, 353) = 5.22,
p = 0.002), and ethical-regulatory (F(3, 353) = 3.90, p = 0.009) barriers and challenges, as
well as on the total score (F(3, 353) = 7.46, p < 0.001). No significant differences were
observed between the business sector and financial barriers and challenges (F(3, 353) = 2.32,
p = 0.075). Bonferroni post-hoc tests revealed that the high-tech sector perceived significantly
lower levels of human barriers and challenges compared to the public (p < 0.001), service
(p <0.001), and industrial (p < 0.001) sectors (see Figure 6). The same pattern was obtained for
technological barriers and challenges (see Figure 7) and the total score (see Figure 8), with the
high-tech sector reported lower perceptions compared to the public, service, and industrial
sectors (all p’s < 0.001). Additionally, the public and services sectors reported significantly
higher ethical-regulatory barriers and challenges compared to high-tech (p = 0.011, p = 0.010,
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Figure 6. Differences between business sectors in the perceived human barriers and challenges
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Figure 7. Differences between business sectors in the perceived technological barriers and challenges

respectively) and industrial (p = 0.026, p = 0.024, respectively) sectors (see Figure 9).
Considering the above, the hypothesis H6 was supported by the data.

5.7 Gender, age and seniority

Our analysis revealed no significant effects of gender, age, and seniority on the perceived
barriers and challenges to integrating AT into KMSs (including all four sub-scales and the total
score; all p-values >0.05). Independent samples t-tests were conducted for gender, while
Spearman’s rank-order correlation coefficients assessed the relationships between the age of
the respondent or their seniority in the organization with the barriers and challenges. These
results fully confirm hypotheses H7, H8, and H9
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Figure 9. Differences between business sectors in the perceived ethical-regulatory barriers and challenges

6. Discussion and conclusions

Successful integration of Al within KMSs requires aligning business processes with structured
implementation strategies and proactive change management. This alignment ensures that
technological capabilities become embedded in everyday knowledge workflows and remain
sustainable over time. The findings reveal that technological and ethical-regulatory barriers
were perceived as more salient than financial ones. Managers emphasized human-related
hurdles such as resistance to change and skills gaps, whereas knowledge managers highlighted
integration risks and workflow misalignment. Smaller organizations reported greater human
and technological difficulties, graduates demonstrated heightened sensitivity to ethical-
regulatory issues, and high-tech organizations perceived fewer obstacles overall. Perceptions
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BPMJ did not differ meaningfully by gender, age, or seniority. Taken together, these patterns portray
32.8 AI-KMS integration as a socio-technical endeavor shaped by role, expertise, sector,
’ organizational size, and educational background.

6.1 Implications for research

This study contributes to the literature by addressing a persistent empirical gap at the intersection
66 of AT and KM, an area where research remains notably sparse (Bencsik, 2021; Nakash and
Bolisani, 2024; Purba et al., 2024; Taherdoost and Madanchian, 2023; Zbuchea et al., 2019). By
systematically examining how employees and managers perceive barriers and challenges to
integrating Al into KMSs, the study shifts the analytical focus from technical performance or
post-implementation outcomes to pre-implementation socio-cognitive dynamics. These
perceptions provide theoretically meaningful early indicators of organizational readiness,
cultural maturity, alignment, and latent resistance, offering insight into how Al may — or may not—
be successfully embedded to enhance KMPs within organizational environments.

The findings further advance theory by conceptualizing AI-KMS integration as a process-
oriented transformation rather than a uniform or generic adoption phenomenon. Variations in
perceived obstacles across organizational roles, KM expertise, organizational size,
educational background, and business sector demonstrate that integration dynamics are
shaped by context-sensitive logics rather than uniform determinants. In this way, the study
refines established frameworks such as TAM (Gerlich, 2023), DOI (Mariani et al., 2023;
Rogers, 2003), and TOE (Arpaci et al., 2012; Radhakrishnan and Chattopadhyay, 2020) by
revealing role-dependent and structural factors that challenge assumptions of homogeneous
diffusion. This contribution strengthens socio-technical perspectives on advanced IT
integration in knowledge-intensive environments (Maier, 2007) by empirically grounding
them in the distinctive dynamics of Al-enabled KMSs.

6.2 Implications for practice

From a practical perspective, the study emphasizes that effective Al integration within KMSs
requires context-sensitive implementation strategies that extend beyond purely technical
deployment and must be embedded within structured change management processes. The
findings indicate systematic variation in perceived barriers across organizational and structural
conditions, revealing distinct patterns in how integration challenges are understood —
suggesting that a “one-size-fits-all” approach is unlikely to be effective. In particular, for
smaller organizations and among managers — who tended to emphasize human-related
challenges — initiating workforce development initiatives aimed at skill-building and
strengthening Al orientation is critical for reducing resistance and supporting alignment
between Al capabilities and existing knowledge workflows.

Consistent with prior research (Benbya et al., 2020; Campion et al., 2022; Ghobakhloo
et al., 2012; Kurup and Gupta, 2022; Sharma, 2024), the study suggests that AI-KMS
integration entails broader organizational considerations that extend beyond a discrete IT
initiative. The variation observed across human, technological, financial, and ethical-
regulatory perceptions indicates that integration efforts are likely to intersect with multiple
organizational functions and priorities. Importantly, the pronounced sensitivity to ethical-
regulatory issues among certain groups highlights the need for particular attention to
governance, transparency, and responsible data practices when planning AI-KMS integration.
Taken together, these findings suggest that organizations should tailor their implementation
approaches to relevant organizational and individual characteristics, ensuring that strategies
address the challenges most salient in their context.

6.3 Limitations and future research
Despite the valuable insights offered by this study, several limitations should be acknowledged
to guide future research. The reliance on self-reported data introduces potential response bias,
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as interpretations of survey items may have influenced the participants’ responses. Since the  Business Process
study focuses on perceptions rather than actual organizational practices, it is important to note Management
that real integration processes may shift depending on hierarchical decision-making structures Journal
and on how decision-makers respond in practice to barriers and challenges that emerge during
AI-KMS implementation. Future studies could benefit from mixed methods, combining
quantitative surveys with qualitative interviews or observational studies to gain a deeper
understanding of the barriers and challenges associated with AI integration in KMSs.
Additionally, the cross-sectional design provides a snapshot of perceptions at a single point in
time, potentially missing the evolution of these perceptions as Al technologies develop.

Longitudinal studies would also be valuable for examining how attitudes and experiences
evolve over time, especially as organizations gain more experience with Al integration with
KMSs. The generalizability of this study is also limited by the specific organizational contexts
sampled. Future research could expand the scope by including companies in other countries,
with unique constraints and challenges in adopting advanced technologies. Examining
additional cultural contexts also would provide insight into how cultural attitudes toward
technology influence AT adoption for optimal KM. Finally, future research should explore Al
applications that directly support decision-making, as these tools may raise distinct practical
and organizational considerations not captured through perceptions alone.

67

Appendix
The research questionnaire

Part I — Barriers and Challenges in Implementing Al in KM Systems
Please indicate how much you agree with each of the following statements:

Table Al. Human barriers and challenges

1 3 4
Strongly 2 Slightly ~ Slightly 5 6 Agree
disagree  Disagree disagree agree Agree  Strongly

1. Our management is not sufficiently
aware of the capabilities and potential
inherent in integrating Al into
organizational KM

2. Employees currently lack the
necessary skills to fully utilize AI for
enhancing KM

3. A deep cultural change is required to
adopt advanced Al applications in the
organization

4. Knowledge managers in my
organization fear a loss of personal value
with the widespread implementation of
Al in KM processes

5. Employees are skeptical about the
potential of Al to significantly improve
KM processes
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BPMJ Table A2. Technological barriers and challenges

2

32,8 1 3 4
Strongly 2 Slightly ~ Slightly 5 6 Agree
disagree = Disagree disagree agree Agree  Strongly

6. My organization lacks adequate
technological infrastructure (for
68 example, computational processing
power) to support advanced Al
applications
7. There is difficulty in integrating and
interfacing Al applications with existing
KM systems in the organization
8. There may be an increasing
dependency on large technology
suppliers and manufacturers that
dominate the AI market
9. The leakage of sensitive information
from organizational systems may
materialize with the expansion of Al
usage
10. AI models are not accurate enough
for acquisition, documentation, sharing,
and application of the organizational
knowledge

Table A3. Financial barriers and challenges

1 3 4
Strongly 2 Slightly ~ Slightly 5 6 Agree
disagree  Disagree disagree agree Agree  Strongly

11. The cost of purchasing,
implementing, and maintaining Al
solutions for KM is too high for my
organization

12. Many resources are required to adapt
AT applications to the organization’s
unique KM processes

13. There is difficulty in defining clearly
and measurably the business value that
will be produced from the integration of
Al in KM processes

14. There are no measurement and
assessment data for the return on
investment (ROI) from Al projects
dedicated to KM

15. High costs are involved in training
and converting the workforce to work
with AI technologies
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1 3 4 Journal
Strongly 2 Slightly ~ Slightly 5 6 Agree
disagree  Disagree disagree agree Agree  Strongly

16. There are significant ethical

challenges in using Al within the

organization 69
17. My organization lacks clear
procedures for maintaining information
security and privacy in Al applications
18. Biases and hidden discrimination
may seep into the decision-making
process due to mistaken interpretation of
reality by the algorithms

19. There is a problem of ambiguity in
relation to the responsibility for incorrect
results when relying on Al
recommendations

20. There is a lack of clarity regarding the
ownership of data and the rights to use it
after its been processed by advanced Al
tools

Part I — Occupational Details
(1) What is your seniority in your current organization?
A. Up to Two Years
Over 2 years and up to 5 years
Over 5 years and up to 10 years
Over 10 years and up to 15 years

Over 15 years and up to 20 years

m m U 0w

Over 20 years

(2) What is the approximate number of employees in the organization you belong to?
A. A small organization, with less than 100 employees
B. Medium-sized organization, between 100 and 2,500 employees
C. A large organization, with over 2,500 employees

(3) Which business sector does your organization belong to? [Choose the most suitable definition in
your opinion]

A. Public sector (An organization maintained by the state or local authority)
B. Industrial sector (An organization engaged in manufacturing and industry)

C. Services sector (An organization that provides various services, including financial, health,
education, and more)

D. High-tech sector (Technology, research, and development organization)
E. Other

(4) Which division do you work in within the organization? [ Choose the definition that best fits your
opinion]
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Digital and Information

Human Resources, Training, and Professional Development
Marketing and Sales

Operations and Logistics

Finance and Accounting

70

Research and Development

Customer Service

T o0 mmUoOw»

Legal

—

Communications and Public Relations
J. Strategy and Headquarters
(5) What is your role in the organization?
A. Employee, without managerial responsibility
B. Middle management level manager
C. Senior management level manager
(6) Do you specialize in KM in your role?
A. Yes
B. No
(7) [If the respondent indicated that they have KM expertise]:

How many years of accumulated experience do you have in the KM field?

Part III — Demographic Details
(1) Sex:
A. Male
B. Female

(2) Age:

(3) Education:
A. High school or lower level
B. Post-secondary or certificate studies
C. Bachelor’s degree
D. Master’s degree
E. Doctorate degree

Do you have anything to add regarding the risks of integrating Al into KM in the organizational context?

Thank you very much for your cooperation!
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