ISSN 2409-2665

Journal of Logistics, Informatics and Service Science
Vol. 12 (2025) No. 4, pp. 193-218
DOI:10.33168/JLISS.2025.0411

Critical Success Factors for Knowledge Management
Implementation in Indonesian Banking: An Exploratory and
Confirmatory Factor Analysis

Erza Janitradevi Nadine !, Aska Daulika !, Dana Indra Sensuse !, Imairi Eitiveni ', Deden
Sumirat Hidayat %, Sofiyanti Indriasari '

! Faculty of Computer Science, Universitas Indonesia, Depok, Indonesia
? National Research and Innovation Agency (BRIN), Central Jakarta, Indonesia

erza.janitradevi@ui.ac.id, aska.daulika@ui.ac.id, dana@cs.ui.ac.id, imairi@cs.ui.ac.id,
dede025@brin.go.id, sofiyanti@apps.ipb.ac.id

Abstract. This study investigates the critical success factors (CSFs) for Knowledge
Management (KM) implementation in the banking sector to address a gap in understanding
for sector-specific KM implementation. Using a quantitative approach, data were collected
through surveys from 163 employees across 9 Indonesian banking organizations. Exploratory
Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA) were employed to identify
and validate CSFs. Results reveal four key factor groups: Human Resources, Strategic
Management, Management Support, and Business Process Strategy. Human Resources and
Management Support were found to be the most established factors in the sector, with IT
Infrastructure being the most critical component. These findings contribute to the literature
by providing a banking-specific CSF model for KM implementation and offer practical
implications for banking organizations in prioritizing their KM initiatives.
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1. Introduction

Implementation of knowledge management in the banking sector is important to increase operational
efficiency, business innovation, and organizational performance. It is essential to ensure that KM
practices can be implemented successfully and provide significant added value to the organization. By
knowing the level of importance of factors that, it will help in identifying areas that require improvement
or more attention, so that banks can take proactive action to address potential problems before they
become significant obstacles (Al-Tit et al., 2019). Previous research about KM implementation in
Indonesian banking company indicates that the companies still face several challenges, mainly due to
cultural resistance and sharing knowledge between employees(Saide et al., 2019a).

Comparing to research on banking companies from different countries, challenges in KM
implementation could come from lack of understanding of CSF importance in the banking sector, which
emerge from organizational culture that reluctance to change(Chang et al., 2020), (Ozpamuk et al.,
2023), barriers in communication (Alves et al., 2022), and constraints in technological aspects (Lam et
al., 2021),(Sumbal et al., 2023). These challenges can be resolve by knowing success factors of
knowledge management implementation in the organization, which can help organizations to focus on
optimizing these factors to improve their business processes and organizational performance (Ghasemi
& Valmohammadi, 2023). Therefore, the purpose of the study is to identify critical success factors (CSF)
of knowledge management implementation specifically in Indonesian banking sector and its level of
importance for successful knowledge management implementation.

Factors that contribute to the reluctance to change in organizational culture could involve lack of trust
between employees (Ozpamuk et al., 2023) and fear of losing knowledge to other. This also comes from
lack of recognition and rewards from the management, so the employees are not enough motivated to
do knowledge sharing and the benefit from doing it (Miao et al., 2023). Following that, constraints in
technological aspect could come from organizations which have change-resistant culture and struggle
to integrate new technologies due to a fear of new technologies and a comfort level with existing
technology (Sumbal et al., 2023). This could be due to a lack of understanding about the benefits of
new technology and a belief that it is difficult to integrate with existing technologies. Furthermore, the
complexity of technology utilized in the banking sector, as well as security concerns become barriers
that might hinder the adoption of knowledge management systems, which are often easy to access and
require extensive data sharing.

Identification of critical success factors for specific business sector and establishing the level of
importance of each factor is required, as it can help organizations to focus on optimizing these factors
to improve their business processes and organizational performance (Ghasemi & Valmohammadi,
2023). Previous research that identifies critical success factors of knowledge management
implementation in different business sector (Singla & Samanta, 2022) used exploratory factor analysis
(EFA) and confirmatory factor analysis (CFA). This study (Singla & Samanta, 2022a) employs
exploratory factor analysis to determine the number of factor structures without imposing a
predetermined structure on the outcome and explain the observed variance in the data. Confirmatory
factor analysis is used to measure data fitness to a hypothesized measurement model and validate the
factors’ structure established through EFA (Migdadi, 2022). Another study (Alrahbi et al., 2022) also
uses factor analysis to identify critical factors and their level of importance, providing insight into
factors with strong influence and weak influence, which can help organizations identify opportunities
and areas for improvement.

This study uses theoretical framework from previous study about knowledge management in business
sectors to determine the critical success factors of KM implementation and its factor groups. The study
employs exploratory factor analysis (EFA) and confirmatory factor analysis (CFA) to identify the
critical factors of knowledge management implementation in the banking sector and its level of
importance. Based on the introduction of the importance of critical success factors of knowledge
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management implementation, the researcher identified the following research questions to be addressed:

1. How does factor analysis help to identify the critical success factors (CSF) in KM
implementation in the banking sector?

2. What are the critical success factors of KM implementation in the banking sector?

3. What is the significance of critical success factors for KM implementation by their level of
importance?

2. Literature Review

2.1. Knowledge Management

Knowledge management (KM) is one of the strategic pillars of companies that generate value for their
shareholders since knowledge is a strategic asset for businesses. Thus, KM implementation is a crucial
cornerstone for obtaining external information, accessing internal knowledge, improving efficiency,
flexibility, and agility, cutting operational costs, shortening time to market, and improving business
activity transparency. To improve organizational performance and create value, knowledge
management (KM) necessitates a unique, systematic, and organized procedure for gathering, organizing,
storing, sharing, applying, and producing explicit and tacit knowledge in employees. (Onofre &
Teixeira, 2022) It concerns the reality that the creation of new information is contingent upon the
utilization of implicit or tacit knowledge, which is frequently highly subjective knowledge held by a
single person inside the business. (Roblek & Mesko, 2020) In general, knowledge management (KM)
is a process that aids businesses in finding, evaluating, organizing, and disseminating pertinent
information. It has been suggested that KM is a crucial area of expertise for tasks like issue-solving,
strategy planning, and decision-making. (Onofre & Teixeira, 2022)

2.2. Knowledge Management Readiness

Knowledge management (KM) readiness describes an organization’s ability to effectively incorporate
knowledge management practices into their activities. This was because effective knowledge
management may lead to improved organizational performance, collaboration between the employees,
and better utilization of their intellectual capital. KM readiness also involves having policies to
implement KM in the organization, supporting technologies, and organizational culture that promotes
knowledge sharing in the organization (Galgotia & Lakshmi, 2022). Organizational readiness to
implement KM can be assessed using survey and statistical methods to assess various dimensions of
readiness. By knowing organization readiness, organizations can initiate improvement process to their
weak areas by developing strategies related to KM activities that are practical for organizations (Sensuse
et al., 2023).

2.3. Ciritical Success Factor

Success factors are significant aspects that most companies consider in achieving organizational goals
and improving organizational performance. In the context of knowledge management, these factors can
assist organizations in analyzing their ability to promote knowledge management practices internally
and externally (Amelia et al., 2022). Management support, organizational culture, information
technology, people aspects, organizational structure, and performance assessment are all potential
success elements for knowledge management in businesses (Mousavizade & Shakibazad, 2019).
Furthermore, critical success factors of knowledge management can be defined as the limited number
of areas where satisfactory results ensure the organization's successful performance (Becerra-Fernandez
etal., 2015).

Previous study (Stenger et al., 2023) suggest that critical success factors involve all organizational
aspects and activities, including political, economic, social aspects, problem-solving, monitoring, and
control procedures that may impact the business environment. These could be achieved by having
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sustainable CSFs that include management support for knowledge management practices (Chaurasia et
al., 2020) through understanding changes in the organization environment, the use of best practices
from knowledge bases and repositories, references from accessible knowledge resources, supporting IT
infrastructure, and evaluation metrics to assess knowledge management practices in the organization.

This highlights the importance of knowledge management and the need for organizations to focus on
the success factors of KM implementation. Previous research (Chatterjee et al., 2020) highlighted the
importance of critical success factors for knowledge management to increase employee awareness of
knowledge sharing, collaboration, learning, communication, and innovation within the organizations.
Knowledge sharing may be improved by having effective knowledge-sharing practices and accessible
knowledge resources. This will aid the learning process by providing access to resources and effective
dissemination of lessons learned from previous projects. As a result, organizations may establish a
collaborative culture that will lead to new ideas and innovation, as well as encourage their employees
to participate in the knowledge management process.

Following the importance of critical success factors, it is critical to identify critical success factors in
knowledge management to evaluate an organization's readiness to implement KM. Previous research
(Sensuse et al., 2023) suggests that CSFs constitute important areas that need to be effectively managed
and examined by people in organizations to successfully implement KM. Businesses can use these to
identify and measure their performance on these key factors, which determine areas that need to be
improved and changes that need to be made to meet their organizational performance (Ghasemi &
Valmohammadi, 2023). These would also enable organizations to use CSFs to develop assessment
measures and track organizational growth.

2.4. Knowledge Management in Banking Sector

Knowledge management practices in banking currently involve knowledge acquisition, knowledge
storage, and knowledge sharing in the organizations, resulting in innovative capabilities for main sectors
of business in banking such as product process of operation and service delivery (Edeh et al., 2022a).
The innovation capability can benefit banking organizations by increasing organizational value through
effective decision-making, profitability, and competitive advantage (Sofiyabadi et al., 2022), which
could be supported by establishing effective knowledge management practices by the organization
employee. Upper management is support also required to encourage employees to implement
knowledge management practices and achieve continuous innovation capability in the banking sector
(Edeh et al.,, 2022a). Following that, the influence of top executives in promoting knowledge
management systems is critical as a strategic resource for improving organizational performance
(Aldhaheri & Ahmad, 2024; Iman et al., 2023). As a result, banking organizations with established
knowledge management processes can benefit from leveraging relevant knowledge about customer
demand and product satisfaction to predict potential future innovation, through analyzing customer data,
such as preferences and background, organizations can develop products and services that are more
personalized into their customer’s needs while gaining competitive advantage for the organization
(Edeh et al., 2022a).

Barriers and challenges to knowledge management practices in banking organizations include cultural
resistance, leadership support, technological challenges, and data security concerns. The challenges in
cultural resistance derived from employee perceptions of knowledge management practices that only
add to their workload without providing immediate advantages. This leads to employee resistance to
sharing information because of concerns regarding losing knowledge to others (Zhang et al., 2023).
Resistant culture in the organization can result in a lack of leadership support because the upper
management does not prioritize knowledge management practices or foster a supportive culture within
the organization (Metwally et al., 2019). However, technological challenges in the banking sector are
related to the data security concerns in organizations because they handle a vast amount of customer’s
sensitive information, such as personal identifiers, financial records, and transactions history (Dogug,
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2022), (Hasan et al., 2023). These factors impact more selective adoption of successful knowledge
management practices that align with data security concerns. To address this issue, (Dogug, 2022)
suggests only exchanging broad knowledge among employees and limiting the sharing of confidential
information to certain departments. Regarding challenges to implementing knowledge management in
the banking industry, the banking sector needs to develop effective and sustainable strategies to
implement knowledge management to gain benefit and increase organizational performance.

3. Research Method
3.1. Theoretical Framework

Identifying the critical success factors (CSF) of KM implementation is crucial for assessing an
organization’s readiness to implement successful KM. Previous research (Sensuse et al., 2023) used
CSF to assess organization readiness to implement knowledge management. This consists of four
components: management and strategy, organizational aspect, culture, and technology. Management
and strategy are made up of three parts, support and leadership, strategic management and objectives,
and performance measurement. Organizational aspects include structure, procedures, activities,
education, and employee training. Following that, culture includes organizational culture, motivation,
communication, and work groups. Finally, technology includes IT infrastructure, integrations, and
security. The KMSCF framework can be used to improve project management performance through
knowledge sharing, collaboration, communication, and innovation. KMCSF may also help prioritize
information management by identifying critical areas that are aligned with business objectives.
Previous research (Oliva et al., 2022) that identified various factors which influence successfulness of
new businesses comprise of previous experience, solid networking that facilitates development and
growth, entrepreneurial experience of the founding team, government support, and business partners.
Partnerships and strategic alliances with other companies are examples of a strong network that
promotes development and progress. Besides, networking can also boost productivity by connecting
cross-functional teams, which will improve cooperation and communication inside the firm.
Collaboration allows organizations to gain consistent knowledge exchange, which enhances the
company’s competitive advantage, key areas for growth, and increases profit (Keller & Lima, 2021).

Another research in businesses, specifically in financial sector (Saleh Aldehayyat & Ali Almohtaseb,
2021), identifies critical success factor such as human resource management (HRM), information
technology (IT) infrastructure, organization leadership, and organization structure. Human Resources
management involves practices that have a direct impact on employees, such as promoting and
supporting employee’s skills and knowledge, staff training and development, and performance
satisfaction. Organizations should be aware of their employee satisfaction and well-being to minimize
challenges in KM implementation, improve KM practices, and achieve business objectives (Mat Nor et
al., 2020). IT infrastructure in organizations includes tools that are essential to business operations,
such as databases, decision support systems, and communication platforms. Infrastructure is used to
facilitate organizational changes, improve work experience, and improve employees’ interpersonal
skills of. It may provide employees with opportunities for cooperation between the youngest and oldest
employees, as well as inter-age collaboration. It also helps with human resources management by
enhancing employee performance and job satisfaction (Nyathi & Kekwaletswe, 2024).

Organizational leadership in this context encompasses people management within the organization,
such as managing employee involvement and employee development, which leads to continual
improvement. This involves the efforts of employees to attain business goals to meet customer
expectations and improve company performance(Lepisto et al., 2024). Organizational leadership also
covers employee’s expertise, decision making, communication skills, and managerial style that
positively associated with managing people through collaboration in the business process (Musonda &
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Okoro, 2022). This results in influencing organizational structure that focused on knowledge
management (Mat Nor et al., 2020). Aside from organizational structure, developing a culture that is
aware of knowledge management in company is effective to promote knowledge sharing and foster
collaboration throughout the organization. This will encourage employee to practices the knowledge
management process on their business process, such as discovering new knowledge, capturing
knowledge, sharing knowledge between employees and across team, and applied the knowledge in the
business processes. Thus, organizations should also be aware of the importance of human factors, such
as employee satisfaction and well-being to minimize the challenges in KM implementation.

Technology plays an important role in the success of KM implementation through having technology
that is compatible with existing technologies and can facilitate the business needs. Technology
compatibility entails adoption of technology that can be integrated with existing technology, as well as
previous experiences and future requirements for new technology. Technology complexity is divided
into 2 categories, internal and external factors. Internal factors are components of the technology that
are required for it to function, whilst external factors are the complexity of value derived from its use.
Following this, technology emphasized the importance of IT infrastructure in the context of new
technology adoption, which will aid the success of KM implementation. Aside from evaluating business
demands and customer’s requirements, technology adoption should also provide more efficient,
effective, and timely services (Zamani, 2022). Suitably, technology adoption in the business sector
closely linked to the implementation of leadership and management support (Zamani, 2022), (Nyathi
& Kekwaletswe, 2024), fostering collaboration and long-term relationship (Ferrer-Estévez & Chalmeta,
2023) (Soja & Soja, 2020), and improving innovation process within the organization (Ciasullo et al.,
2022).

3.2. Selection of Critical Success Factors

Based on theoretical framework for the critical success factors of KM implementation in business sector,
researchers selected several CSF that divided into four categories: strategic management, leadership
management, human resources management, organizational attributes, and technology. Table 1
depicted the identified CSF from theoretical frameworks.

Table 1: Critical Success Factor (CSF) of KM Implementation in Business

Factors Variables Code | References
Strategic Effective decision SM1 Effective business case processes (Appel-
Management making Meulenbroek & Danivska, 2023), Business process

re-engineering (Musonda & Okoro, 2022),
Decision-making using process mining (Novak et
al., 2023), strategic management process (Sinnaiah
et al., 2023)

Strategic thinking SM2 Effective business case processes (Appel-
Meulenbroek & Danivska, 2023), Digital
information product development (Keller & Lima,
2021), strategic management process (Sinnaiah et
al., 2023), (Miao et al., 2023)

Learning process SM3 Role of big data analytics in capability and
innovation (Ciasullo et al., 2022), Digital
information product development (Keller & Lima,
2021), SMEs empowering of Indonesia
Government (Panjaitan et al., 2021), Human
Resourcesss management for organization success
(Nyathi & Kekwaletswe, 2024)

Understanding of SM4 Role of big data analytics in capability and
business process innovation (Ciasullo et al., 2022), Effective
business case processes (Appel-Meulenbroek &
Danivska, 2023), Importance of routines (Knol et
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al., 2019), Sustainable relationship (Ferrer-Estévez
& Chalmeta, 2023), (Miao et al., 2023)

Strong networking

SM5

Digital information product development (Keller &
Lima, 2021), Sustainable relationship (Ferrer-
Estévez & Chalmeta, 2023), Knowledge sharing
(Saide et al., 2019b)

Leadership
Management

Collaboration and
coordination

LM1

Importance of routines (Knol et al., 2019), Lesson
learns (Mat Nor et al., 2020), SMEs empowering of
Indonesia Government (Panjaitan et al., 2021),
Fostering ICT use (Soja & Soja, 2020), Business
process re-engineering (Musonda & Okoro, 2022)

Upper management
support

LM2

SMEs adoption of technology (Zamani, 2022),
Importance of routines (Knol et al., 2019), Role of
employee participation and managers on
improvement and performance (Galeazzo et al.,
2021)

Human Resources
Management

Employee
development

HRM1

Human Resources management for organization
success (Nyathi & Kekwaletswe, 2024), Role of big
data analytics in capability and innovation (Ciasullo
et al., 2022),

Employee
involvement

HRM?2

Role of employee participation and managers on
improvement and performance (Galeazzo et al.,
2021), Importance of routines (Knol et al., 2019),
SMEs empowering of Indonesia Government
(Panjaitan et al., 2021)

Employee satisfaction

HRM3

Human Resources management for organization
success (Nyathi & Kekwaletswe, 2024), Total
quality management and leadership (Lepisto et al.,
2024), Lesson learn (Mat Nor et al., 2020),

Performance
measurement

HRM4

Role of employee participation and managers on
improvement and performance (Galeazzo et al.,
2021), SMEs adoption of technology (Zamani,
2022), Human Resources management for
organization success (Nyathi & Kekwaletswe,
2024)

Organizational
Attributes

Organizational culture

OAl

Lesson learns (Mat Nor et al., 2020), Role of big
data analytics in capability and innovation (Ciasullo
et al., 2022), Business process re-engineering
(Musonda & Okoro, 2022)

Organizational
structure

OA2

KMCSF Framework (Sensuse et al., 2023), Lesson
learned(Mat Nor et al., 2020), Organizational
performance (Migdadi, 2022)

Organization
environment

OA3

Sustainable relationship (Ferrer-Estévez &
Chalmeta, 2023), Environment changes in the
organization (Edeh et al., 2022b; Lubis et al., 2022)

Technology

IT Infrastructure

THI1

Fostering ICT use (Soja & Soja, 2020), Human
Resources management for organization success
(Nyathi & Kekwaletswe, 2024), Sustainable
relationship (Ferrer-Estévez & Chalmeta, 2023)

Technology
Complexity and
Compatibility

TH2

SMEs adoption of technology (Zamani, 2022),
(Iman et al., 2023), (Miao et al., 2023), High
technology in industries (Yang et al., 2021), ICT
and KM processes (Jarmooka et al., 2021)

Table 1 shows that the success factors for KM implementation in the banking sector could be influenced
by several aspects of the organization, including Strategic Management, Leadership Management,
Human Resources Management, Organizational Attributes, and Technology. The established CSF
includes three management-focused factor groups, each of which focuses on a particular management
component and is related to the others. Strategic Management focuses on strategic processes to ensure
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the successful adoption of knowledge management strategies for business operations. Leadership
management emphasizes strong leadership and support from top management to promote KM activities,
vision, and resources while aligning KM practices with the business objectives.

Likewise, Human Resources Management focuses on continuous employee development to improve
employee abilities to apply KM processes in the organization. Aside from the management aspects,
Organizational Attributes are one of the CSF factor groups that help the smooth operation of KM
processes in the organization, such as organizational culture, environment, and structure. In contrast,
technological aspects take part to support the successful implementation of KM in organizations which
involves the availability of IT infrastructure, technology that is compatible with the existing system,
and complexity of technology that matches the existing system. Based on these established factor
structures, researchers then develop a list of questions for a questionnaire survey to be distributed to
targeted participants in the banking organizations. Researchers will explain questionnaire development
in the Data Analysis section.

3.3. Data Analysis

The study employs exploratory factor analysis to investigate factor groups from determined critical
success factors from Table 1 to assess questionnaire data received from banking workers. Although
EFA is typically used to find underlying links between measured variables without a preconceived
structure, as in a previous study (Singla & Samanta, 2022a), this study attempted to utilize EFA to
compare factor groups from the predetermined component structure in Table 1 to factor structures
derived from EFA results. This is because the specified critical success elements are for KM
implementation in businesses; thus, comparing the two results will reveal whether the critical success
factors for businesses in general and the banking industry are the same. Afterward, researchers
employed CFA to validate the identified factor structure from EFA by testing their consistency and fit
to ensure the CSFs are reliable for KM implementation in the banking sector (Badenes-Ribera et al.,
2020).

However, utilizing EFA and CFA results in method bias due to sample size and sampling participants,
consequently the researcher should pay attention to sample size and evenly distribute participant types
to represent the total population. Researchers used ten times rules to determine the sample size for this
study to resolve the method bias, where the sample size is ten times from the determined variables (Hair
et al.,, 2010) and classified participants from banking organizations into four employment levels:
trainees, junior, middle, mid-to-senior, and senior. Following that, researchers develop questionnaire
items based on the established factor groups in Table 1 that will be distributed to bank employees. Each
variable has one to three questions to ensure that the questions accurately describe the variables' context.
Researchers employ various prior studies that use questionnaires to identify crucial success elements in
KM implementation (Mousavizade & Shakibazad, 2019; Saini et al., 2018; Singla & Samanta, 2022b)
and gain insight into the model of the questions. There are a total of 47 questions, including 7 questions
for demographic information, 7 questions about Strategic Management, 4 questions about Leadership
Management, 11 questions about Human Resources Management, 9 questions about Organizational
Attributes, and 9 questions about Technology.

Following the development of the questionnaire, researchers conducted a readability assessment with
ten experts to ensure that the question can be easily understood and reduced the chance of
misinterpretation by the targeted participants. By simplifying the wording used in the questions, the
evaluation also aims to eliminate respondents' bias from misinterpreting the context of the questions
(Stenger et al., 2023). The readability assessment yielded in a total of 53 questions, with modifications
in demographic information changing from 7 to 10 questions, Human Resources Management changing
from 11 to 13 questions, and Organizational Attributes changing from 9 to 10 questions. Changes made
following the evaluation included simplifying the terms so that they could be easily understood by the
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participants, reorganizing the phrases, and adding questions for some variables to clearly represent the
variable.

Data was obtained from Indonesian banking companies between April and May 2024, with 163
participants representing 9 banking companies. Participants comprise banking workers at the trainee,
junior, middle, mid-to-senior, and senior levels to ensure that the organization's employees are well
represented. Table 1 shows that trainees have less than one year of experience in the company, junior
employees have 1-3 years of experience, mid-to-senior employees have 3-4 years of experience, and
senior employees have more than 5 years of experience in the company. The various levels of
employment can represent the population of banking employees and assist researchers in understanding
how the knowledge management process is currently being applied in the banking sector. However,
despite multiple employment levels, the number of participants is limited to only 163 due to the study's
short duration, which could be attributed to sample size restrictions. Therefore, future research might
prolong the duration of data collection and recruit an equal number of participants for each multiple
employment level.

Table 2: Respondents Demographics Information

Category Total Percentage
Gender Female 102 63.03%
Male 61 36.97%
Age 17-25 years 61 37.42%
26-35 years 77 47.24%
36-45 years 25 15.34%
Years in the Less than 1 years 20 12.27%
business 1-3 years 88 53.99%
4-5 years 41 25.15%
More than 5 years 14 8.59%
Years in th@ . Less than 1 years 17 10.43%
current position | 1.3 years 95 58.28%
4-5 years 41 25.15%
More than 5 years 10 6.13%

Table 2 depicted participant’s demographics information which include gender, age, years in the
business, and years in the current position to know the variety of participants and their backgrounds that
may affect their answer to the survey questions. Besides analyzing the demographic information, the
researchers use IBM SPSS Statistics 27 to conduct descriptive analysis of collected data, including
mean, standard deviation, variance, kurtosis, skewness, and standard error. The descriptive analysis
conducted for 16 predetermined variables which are shown in Table 3 below. The standard deviation
value indicates that there is low variation in the responses, with most respondents answering positive
responses clustering around the means. This suggests consistent responses among the respondents, as it
also shown by the variance values that below 1 which still considered as low. This indicates that the
data points do not spread far from the mean.

For the Kurtosis value, negative value indicates that the data distribution has less outliers and relatively
flat distribution, kurtosis value near 0 indicates a normal distribution, and positive Kurtosis value
indicates heavy outliers. Besides, general acceptable kurtosis values for practical purposes range
between -2 and 2. Therefore, from Table 3 it can be concluded that employee development, employee
involvement, organizational structure, organizational environment, and IT infrastructure show high
positive Kurtosis values which indicate a significant number of outliers. Following that, the Skewness
values in the table shows that most of variables have negative skewness, indicating a distribution
skewed to the left, which means that the responses on the higher end of the scale. However, several
indicators are below acceptable for the normal distribution which range between -1 and 1 that have
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values below -1, such as employee development, employee involvement, organizational structure,
organization environment, and IT infrastructure. This indicates that most respondents rated these
variables highly.

Table 3: Descriptive Analysis

Variable Mean SD Variance Skewness Kurtosis
S Statistic Standard Statisti | Standard Statistic Standard
Error C Error Error
SM1 4.52 0.046 0.581 0.337 -0.754 | 0.19 -0.409 0.378
SM2 4.38 0.045 0.58 0.336 -0.291 | 0.19 -0.721 0.378
SM3 4.37 0.052 0.667 0.446 -0.6 0.19 -0.67 0.378
SM4 4.39 0.054 0.689 0.475 -0.696 | 0.19 -0.661 0.378
SM5 4.204499 0.033244 | 0.424434 | 0.18 -0.003 | 0.19 -0.546 0.378
2
LMI1 4.448 0.0373 0.4767 0.227 -0.655 | 0.19 -0.035 0.378
LM2 4.199 0.0419 0.5344 0.286 -0.024 | 0.19 -0.927 0.378
HRMI1 4318 0.0299 0.3822 0.146 -1.036 | 0.19 4.843 0.378
HRM2 4.259714 0.039778 | 0.507859 | 0.258 -1.232 | 0.19 2.471 0.378
6 4
HRM3 4.261 0.0418 0.5338 0.285 -0.642 | 0.19 0.83 0.378
HRM4 4.328 0.0259 0.331 0.11 -0.283 | 0.19 -0.077 0.378
OA1l 4.243354 0.038163 | 0.487232 | 0.237 -0.265 | 0.19 -0.847 0.378
5

0OA2 4.304 0.0409 0.5224 0.273 -1.226 | 0.19 4.462 0.378
0OA3 4.230 0.0481 0.6142 0.377 -1.626 | 0.19 5.676 0.378
TH1 4.3911 0.02795 0.35685 | 0.127 -1.002 | 0.19 2.435 0.378
TH2 4.285 0.0294 0.3757 0.141 -0.473 | 0.19 1.517 0.378

The analysis of Kurtosis and Skewness values revealed several indicators with potential outliers due to
the asymmetrical distribution, including Employee Development (HRM1), Employee Involvement
(HRM2), Organizational Structure (OAl), and Organizational Environment (OA3). As a result,
researchers calculate Z-scores for each indicator and determine how to handle the outliers. The Z-score
calculation allows researchers to identify outliers that are outside the threshold (-3 and 3).

After computing the Z-score, researchers did not discover outliers in variables Employee Development
(HRM1) and Employee Involvement (HRM2) because of the Z-scores that are within the threshold
range. However, there are outliers in variables Organizational Environment (OA3) and Organization
Structure (OA1). After finding the outliers, researchers decide to employ imputation techniques to
change the outliers value by replacing the outliers' value with the mean value (Ismail et al., 2022). The
researchers performed two iterations to eliminate all outliers, with the first iteration removing outliers
in variables Organizational Structures and the second iteration removing outliers in variables
Organizational Environment. As a result, this pre-processed data will be used for factor analysis to
determine critical success factors of KM implementation in the banking sector using exploratory factor
analysis (EFA) and confirmatory factor analysis (CFA).

3.4. Correlation Matrix

Before conducting the factor analysis, researchers use correlation matrix to understand the relationships
between variables based on Pearson correlation coefficients (Field, 2019). The values range from -1 to
-1, with negative value showing negative correlation between variables and positive value shows
positive correlation between variables. Previous studies (Al-Tal & Emeagwali, 2019),(Al et al.,
2023)also used correlation matrix to investigates the relationships between observed variables and
determine the strength of the relationships.
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Table 4: Correlation Matrix of the Observed Variables

Variables| SM1 | SM2 | SM3 | SM4 | SM5 | LM1 | LM2 |HRM1|HRM2|HRM3 |HRM4 | OA1 [ OA2 [ OA3 (TH1|TH2

SM1 1

SM2 0.159 1

SM3 0.156 | 0.051 1

SM4 | -0.083 [ 0.164 | 0.202 1

SM5 0.167 [ 0.082]0.099]0.061 | 1

LM1 0.117 [-0.013]| 0.042 | 0.016 |0.089| 1

LM2 0.172 | 0.081 |-0.046] 0.071 | 0.318|0.005| 1

HRMI1 | 0.196 | 0.153]0.123 | 0.299 {0.326{0.203|0.138| 1

HRM2 | 0.115 | 0.21 | 0.104 | 0.124 {0.391]0.135]0.362| 0.22 1

HRM3 | -0.017 |-0.006|-0.054 [-0.007|0.048|0.126]0.119] 0.135 | 0.035 1

HRM4 | -0.013 |-0.018]-0.016 0.026 |0.221]0.189]0.203]| 0.283 | 0.114 | 0.344 1

OAl 0.092 [ 0.072]0.121 | 0.1890.399]|0.264|0.295| 0.327 | 0.287 | 0.376 | 0.347 | 1

0OA2 0.227 [ 0.093]0.064 | 0.115]0.244]|0.079|0.263| 0.137 | 0.183 | 0.078 | 0.172 |0.246] 1

0OA3 0.067 [-0.002| 0.037 | 0.094 |10.208|0.076| 0.27 | 0.205 | 0.27 | 0.035 | 0.141 |0.084]-0.02] 1

THI 0.119 [ 0.157] 0.03 | 0.175]0.294| 0.23 [0.195| 0.367 | 0.281 [ 0.381 | 0.463 |0.452]10.222]|0.144| 1

TH2 0.021 [ 0.062|-0.068] 0.14310.342]0.14210.364| 0.375 | 0.437 | 0.202 | 0.295 ]0.338]0.338]0.241]0.38

The correlation matrix reveals coefficient values that range from 0.0 to 0.3, implying weak relationships
between most pairs of variables. In the context of knowledge management, weak correlations can be
influenced by complex interactions between factors that cannot represented by linear correlations (Field,
2019). However, there are also negative correlations such as between variable SM4 with SM1; variable
LM1 with SM2; variable LM2 with SM3; variable HRM3 with SM1, SM2, SM3, and SM4; variable
HRM4 with SM1, SM2, and SM3; and variable OA3 with SM2 and OA2. The negative correlation
value may indicate inverse relationships between two variables in the context of knowledge
management implementation (Wembken et al., 2021; Yang et al., 2021). This might be viewed as an
indication that improvements in one area may lead to declines in other areas. The results of the matrix
can be used as insight to analyze the relationships between variables after already identifying the factor
structure, but relationships between studied variables cannot be determined solely from the correlation
matrix due to the complexity of each variable's context (Field, 2019; Hair et al., 2010). In addition to
this, factor analysis using EFA and CFA can be used to discover complex dependencies between
variables.

3.5. Exploratory Factor Analysis (EFA)

Exploratory Factor Analysis (EFA) is a statistical method used to discover the underlying factor groups
of a large set of variables and explain the pattern of correlations within factor groups. Several key
components need to be paid attention to in conducting exploratory factor analysis, such as the extraction
method, factor rotation, and interpretation of several factors (Al-Ahmad Chaar & Easa, 2021). The
study uses EFA despite already having predetermined factors to compare factor groups discovered from
exploratory factor analysis results that specifically from respondents in banking sectors and factor
groups that are predetermined from literature review.

Researchers conducted five iterations of EFA to verify that each factor group had variables that
significantly correlated with one another and had distinct characteristics. For the initial iteration of EFA,
researchers discovered that variables in factor groups remain cross-correlated. Therefore, researchers
adjusted the minimum factor loading from 0.4 to 0.45 (Morgan et al., 2011) to ensure that each variable
only belonged to one-factor group. This results in more distinct factor groups with a higher factor
loading in the following iterations. In the second iteration, the researcher discovered that the variable
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HRM1 has a low correlation with each of the five identified factor groups, implying this component
does not belong to any factor groups. As a result, researchers decided to eliminate this variable and run
a third iteration. After removing the variable HRM1, the researchers also discovered that the variable
LM1 which was previously assigned to factor group 4 had a low correlation with all factor groups.

The removal of the variable HRM1 has an impact on the content of factor groups 3, 4, and 5, which is
evident by the changes in variables across the factor groups before and after the removal. Before the
removal of the variable HRM1, factor group 3 consisted only of variable SM4, factor group 4 consisted
of variables SM1, SM3, and LM, and factor group 5 consisted of OA2 and SM2. Following the
removal of the variable HRM1, factor group 3 now includes SM2 and OA2, which were previously in
factor group 5. The presence of the same variables in the factor group shows consistency and strong
correlation with one another. Following this, factor groups 4 consist of variables SM3 and SM4 which
previously came from different factor groups. Finally, factor group 5 only consists of variable SM1.
The changes of variables inside the factor groups indicate that the removal of a variable might disclose
new correlations of each variable within a factor group and across factor group (Abid et al., 2023).

In the fourth iteration, the researchers removed variable LM1 which had a low correlation with all factor
groups, revealing more reliable factor groups for groups 3, 4, and 5. Factor 3 includes variables of SM1
and OA?2, factor 4 includes SM2 and SM4, while factor 5 only consists of variable SM3. Factor 5, which
is made up only of one variable, implies the low correlations of variables SM3 with other variables.
This can be influenced by its MSA value that is less than 0.5, implying that the variable is not well
related to other factors. Consequently, such variables are often considered to be removed from the factor
groups to improve the overall factorability of the data set (Willmer et al., 2019).

As a result, researchers performed the next iteration of factor analysis excluding variable SM3 and
discovered that all variables in the factor groups 1, 2, 3, and 4 had remained consistent as previously.
This confirms that the eliminated variable (SM3) has no significant relations with other factor groups,
hence it is safe to be removed. Based on several iteration processes of factor analysis, it can be
concluded that the removal of variables will alter the factor loading of each variable, with the change
being caused by the new relation between variables that are closely associated. Table 5 below depicts
the change in variables and factor groups throughout the iteration phase.
Table 5: Change of Factor Groups in EFA Iteration

Iteration Factor 1 Factor 2 Factor 3 Factor 4 Factor 5

1 Employee Employee Understanding Effective Effective
involvement Satisfaction Business Process | Decision Making | Decision Making
Upper Performance Employee Learning Process | Organizational
Management Measurement Development Structure
Support
Organizational IT Infrastructure Learning Process | Collaboration and | Strategic
Environment Coordination Thinking
Technology Organizational Strategic
Complexity and Culture Thinking
Compeatibility
Strong Collaboration and
Networking Coordination

2 Employee Employee Understanding Effective Organizational
involvement Satisfaction Business Process | Decision Making | Structure
Upper Performance Learning Process | Strategic
Management Measurement Thinking
Support
Organizational IT Infrastructure Collaboration and
Environment Coordination
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Technology Organizational
Complexity and Culture
Compeatibility
Strong
Networking
Employee Employee Organizational Learning Process | Effective
involvement Satisfaction Structure Decision Making
Upper Performance Strategic Understanding
Management Measurement Thinking Business Process
Support
Organizational IT Infrastructure
Environment
Technology Organizational
Complexity and Culture
Compeatibility
Strong
Networking
Employee Employee Organizational Strategic Learning Process
Satisfaction involvement Structure Thinking
Performance Upper Effective Understanding
Measurement Management Decision Making | Business Process
Support
IT Infrastructure Organizational
Environment
Organizational Technology
Culture Complexity and
Compeatibility
Strong
Networking
Employee Employee Organizational Strategic -
Satisfaction involvement Structure Thinking
Performance Upper Effective Understanding
Measurement Management Decision Making | Business Process
Support
IT Infrastructure Organizational
Environment
Organizational Technology
Culture Complexity and
Compeatibility
Strong
Networking

During the multiple iterations of the factor analysis, researchers also examined various components of
exploratory factor analysis, including the KMO value, Barlett’s Test, MSA (Measuring Sample
Adequacy) value, Communalities, and factor loading. The KMO value, Barlett’s Test value, and
Communalities that meet the threshold suggest that researchers could continue the factor analysis and
perform several iterations. Following the final iteration, researchers obtain the final factor groups, which
consist of four-factor groups as illustrated in Table 6.
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Table 6: Results of Factor Identification using EFA

Factor 1 Factor Factor 2 Factor Factor 3 Factor Factor 4 Factor
Loading Loading Loading Loading
Employee | 0.761 Organization | 0.706 Organizatio | 0.749 Understandi | 0.778
Satisfactio al nal structure ng of
n Environment Business
Process

Performan | 0.717 Employee 0.691 Effective 0.572 Strategic 0.671
ce involvement Decision thinking
Measurem Making
ent
IT 0.704 Upper 0.634
Infrastruct Management
ure Support
Organizati | 0.648 Complexity | 0.595
onal and
Culture Compeatibilit

y

Strong 0.579

Networking

EFA consists of several processes of analysis, the first one is Kaiser-Meyer-Olkin (KMO) and Barlett’s
Test which evaluates the adequacy of the sample gathered from data collection. The KMO value for the
final iteration is 0.781 greater than 0.7, which is above the generally considered acceptable for factor
analysis (Yan et al., 2023). Following this, Barlett’s Test showed a significant result (p < 0.001) which
supported the suitability of their data for factor analysis (Fischer-Suarez et al., 2022). The value of
KMO and Barlett’s test indicates that the variables are significantly intercorrelated and appropriate for
factor analysis to explore the underlying factors. After assessing the KMO and Barlett’s test value, the
researchers also examined the Measuring Sample of Adequacy (MSA) value to determine the
acceptability of the data to conduct factor analysis. The MSA value for all variables exceeds 0.5, which
indicates that the sample size is adequate and can be represented by the observed variables (Willmer et
al., 2019).

Researchers also found that all variables in this study had Communalities values which are above the
threshold (0.4), with the lowest value being 0.441 and the highest being 0.687. This threshold is used
to ensure that the items retained in the factor analysis were significant and contributed meaningfully to
the identified factors (Abbas et al., 2024) This implies that a significant percentage of the variable's
variance is shared with other variables in the dataset and can be explained by the identified factors later
(Morgan et al., 2011). As aresult, this final iteration of EFA produced four factors from the Eigenvalues
and the constituent variables can be seen in the rotated component matrix.

Based on the results of factor groups in Table 6, it shows that the result of factor analysis has different
factor structures than predetermined factor structures created by researchers in Table 1. Therefore,
researchers used a correlation matrix to examine the differences between the newly identified variables
and predetermined factors from the theoretical framework. It also helps to discover the relationship
between new factor groups with predetermined factor groups based on its theoretical framework. The
value used in the correlation matrix in Table 7 below is the Pearson correlation coefficient, which
quantifies the linear relationship between two variables (Field, 2019). By examining the Pearson
correlation coefficients in the matrix, researchers can understand how changes in one variable are
associated with changes in another variable.
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Table 7: Correlation Matrix Between Predetermined Factor Groups and EFA Results

Factor Groups 1 2 3 4
Strategic Management 0.043 0.253 0.429 0.635
Leadership Management 0.270 0.530 0.236 -0.023
Human Resources 0.781 0.401 0.060 0.071
Management

Organizational Attributes 0.422 0.597 0.291 0.124
Technology 0.648 0.491 0.120 0.216

The correlation matrix shows that factor groups 1 are strongly correlated with Human Resources
Management and Technology. This is because these factor groups include several factors from both
factor groups, such as Employee Satisfaction, Performance Measurement, IT Infrastructure, and
Organizational Culture. This implies that employee growth is closely related to organizational aspects
as supportive elements. The correlation matrix also revealed that factor group 2 was substantially related
to Leadership Management and Organizational Attributes. This indicates that there are relationships
between factors in Leadership Management and Organizational Attributes, implying that leadership
management is assisted by organizational attributes.

Following that, factor group 3 has the most significant correlation with Strategic Management while
having a very low correlation with the other factor groups. This is because group 3 comprises just two
variables: Effective Decision Making and Organizational Structure, with Effective Decision Making
having a greater loading factor than Organizational Structure. Afterward, factor group 4 has a significant
correlation with Strategic Management because the factors in this group are all from Strategic
Management factor groups. These findings suggest that examining factor structures using exploratory
factor analysis can reveal connections between variables that were previously unknown when
leveraging a literature review. Therefore, although researchers have already selected factor groups from
literature review, it is needed to do factor analysis and use correlation matrix to confirm the factor
groups and discover correlations between factors (Singla & Samanta, 2022b). For the next step,
researchers will further examine the correlation between factors inside the factor groups in the
Confirmatory Factor Analysis (CFA).

3.6. Confirmatory Factor Analysis (CFA)

Researchers employed Confirmatory Factor Analysis (CFA) to assess the reliability and validity of each
factor group and its associated variables after identifying them during exploratory factor analysis. CFA
also used to develop a model from exploratory factor analysis results to confirm that the data fits a given
factor structure by analyzing the model's fit using goodness-of-fit. Afterward, CFA results will help in
determining whether the hypothesized model is consistent with the observed data, as well as information
on how each measured variable represents the latent constructs (Hair et al., 2010). Based on the final
factor groups of critical success factors using EFA in Table 6, researchers construct a measure model
for CFA shown in Figure 1.
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Fig. 1: Measurement Model of CSF Identification for KM Implementation in Banking Sector

Researchers examine the model's fitness in Figure 1 using various components of Goodness of Fit
analysis which is detailed in Table 8 below. The model fitness can be confirmed by the Chi-Square and
Degrees of Freedom values, which suggest that the dataset has sufficient information to estimate the
model fit. The Comparative Fit Index (CFI) that compares the fit of the specified model to an
independent (null) model, is likewise more than 0.90, indicating a good fit for the model (Kline, 2015).
This is further shown by the Tucker-Lewis Index (TLI) result for this model, which compares the fit of
the specified model to a null and gives a value close to the acceptable threshold but still acceptable as
a moderate fit (Kline, 2015). Following that, the Goodness of Fit Index (GFI) for the model is more
than 0.90 which indicates that the proportion of variables variance can be determined using the dataset
(Kline, 2015). As a result, it can be concluded that the Goodness of Fit analysis for the model provides
a reasonable presentation of the data and indicates a good fit for the CFA model.
Table 8: Goodness of Fit Analysis

Measure Estimate Threshold Interpretation

Chi-Square 76.596 Closer to 0 Model fit to the data

Degree of 61 Sufficient information to

Freedom (DF) estimate parameters and test
model fit

Chi-Square/DF 1.256 Between 1 and 3 | Good fit

CFI 0.952 >0.9 Good fit

GFI 0.935 >0.9 Good fit

AGFI 0.903 >0.9 Good fit

RMSEA 0.040 <0.06 Good fit

TLI 0.810 >0.90 Moderate fit

Following the model fitness analysis, the researchers also computed the Composite Reliability (CR)
and Average Variance Extracted (AVE) values for each variable to determine the validity and reliability
of variables and factors. CR assesses the internal consistency of the variables representing the factor
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groups, considering the actual factor loadings. The generally acceptable threshold for CR value is 0.7,
which means the value below this threshold indicates that the variables do not reliably measure the
underlying factor groups. Following that, AVE calculated the amount of variance captured by the factor
groups and explained how it represents the variables inside the factor groups. The lower AVE value
might indicate that the indicators may not represent the factor groups adequately, while the generally
accepted threshold is 0.5 (Hair et al., 2010). Table 9 below shows the factor loading, CR value, and
AVE value of identified factor groups and their constituent variables.

Table 9: Factor Groups and Variables Analysis

Factor Factor Loading | Variables Factor CR AVE
Groups Loading
Factor 1 0.704 Employee Satisfaction 0.501 0.704 | 0.444
Performance Measurement 0.587
IT Infrastructure 0.741
Organizational Culture 0.662
Factor 2 0.895 Organizational Environment | 0.357 0.437 | 0.328
Employee involvement 0.63

Upper Management Support | 0.563

Technology Complexity and | 0.685

Compatibility
Strong Networking 0.573

Factor 3 0.585 Organizational structure 0.753 0.453 | 0.329
Effective Decision Making 0.301

Factor 4 0.494 Understanding of Business 0.434 0.283 | 0.165
Process
Strategic Thinking 0.377

Table 9 reveals that Factor 1 has a factor loading of 0.704, implying a strong correlation between the
observed variable and the latent construct. CR value that is greater than 0.7 indicates good reliability,
implying that the construct's indicators are measured consistently. This also implies that the construct
is measured accurately and consistently across its variables. However, the AVE value that is below the
generally accepted indicates that the construct does not capture as much of the underlying factor groups
which will lead to concerns about its convergent validity. Regardless of the AVE value that is below
the threshold, it could be still considered acceptable because the other indices suggest that the model is
a good fit (Kline, 2015). While Factor 2 shows a high factor loading (0.895) for the factor groups, it has
considerably low CR and AVE values. It can be interpreted that the variables are not consistently
measuring the same construct which could be influenced by one of the variables with low-factor
loadings, which indicates the variables have low correlation with other variables in the factor groups.
This shown in Table 9 where the variable Organizational Environment has the lowest factor loading,
with a value of 0.357, compared to other variables that have factor loading more than 0.5.

Following this, Factor 3 has a factor loading of 0.585 with a CR value of 0.283 and an AVE value of
0.165, indicating a possible issue with the factor groups despite having a moderately acceptable factor
loading. The CR value for these factor groups indicates poor internal consistency to represent the same
factor groups and the AVE value indicates poor convergent validity. This can be influenced by the
variable Effective Decision Making which has a low factor loading (0.301), implying it is not strongly
correlated with the variable Organizational Structure in the factor group. It can be concluded that this
indicator may not be relevant to the factor groups and may not capture the same underlying factor
groups uniformly. This problem can be resolved by assessing the relevance of indicators and developing
new indicators that are more accurate with factor groups 3.

Factor 4 also has considerably low CR and AVE values below the acceptable threshold with a CR value
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of 0.283 and an AVE value of 0.165. This is caused by the low factor loading of two constituent
variables that are not strongly correlated, with the variable Understanding of Business Process value
being 0.434 and the variable Strategic Thinking value being 0.377. From the confirmatory factor
analysis results, researchers tried to modify the model by aligning the variables using theoretical
frameworks which only resulted in lower CR and AVE values for each factor group.

Based on the CFA results, researchers decided to use the current CFA model shown in Figure 2 based
on the model Goodness-of-Fit results that show that the model is a good fit. Goodness-of-Fit measures,
such as the Goodness of Fit Index (GFI), the Comparative Fit Index (CFI), the Root Mean Square Error
of Approximation (RMSEA), and the Tucker-Lewis Index (TLI), collectively demonstrated that the
model meets the criteria for an acceptable fit, thereby validating the overall structure of the model (Kline,
2015), (Steenkamp & Maydeu-Olivares, 2023) Furthermore, the model can correctly specify the
correlations within the factor groups despite having some variables that have low factor loadings. The
inclusion of variables with low factor loadings can be justified in confirmatory factor analysis (Hair et
al., 2010). While high factor loadings are generally preferred as they signify strong correlations between
observed variables and their underlying latent constructs, low factor loadings do not necessarily
invalidate the model. These factor loadings can still provide meaningful information about the
constructs being measured, especially if the overall fit indices are satisfactory.

.2

a

5
e .50

-
N

it_infra &

o ©

o
I 3 S|
2 [ °
= 3 (7]
$5 o [J2
@ 62 |3e

rper_suppag
- 5

.5‘3

69
olmlex_comppibie

5l %
g_networKifig ® km_implementation_in_banking

S

3
i
S
<
L O
>
eg 9 egg
oL

©

-

<

=

o

-
ol 3
g

.75
2
20

aKing

.43
i)

elofofefelololelolelolole

_ .

ok (.'D 3

3l @ I
Q| Q (7]

(9} ) @ =
I_ 2 o, c

2 (L5 (.| 2 2

5 |5 |. .

2 [E2 lo| 5 |8l 3

3

Fig. 2: Structural Model of CSF Identification for KM Implementation in Banking Sector

4. Results and Discussion

Addressing the first research question, exploratory factor analysis and confirmatory factor also applied
to discover complex dependencies between variables that not represented when only use correlation
matrix (Field, 2019; Hair et al., 2010). EFA allowed researchers to identify factor groups based on their
correlations while ensuring that each factor group was distinct through several iterative processes. Each
process involves several adjustments, such as increasing the minimum factor loading for the rotated
component matrix (Morgan et al., 2011)and removing weakly correlated variables (Abid et al., 2023),
such as Employee Development, Collaboration and Coordination, and Learning Process. This iterative
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process to refine the factor group identification using EFA indicates that factor analysis using EFA can
effectively discern the critical success factors by continuously improving the factor structure until a
stable and interpretable solution is achieved. As a result, the exploratory factor analysis identified 4
factor groups and 13 variables.

While EFA is used to establish structures based on their correlation using factor loadings, CFA is used
to assess the reliability of variables representing the factor groups as well as the strength of each
variable's correlations. The Goodness of Fit findings reveal that the structural model in Figure 2 for the
model represents the data properly and indicates a good fit for the CFA model, even though some
variables have low factor loadings. While high factor loadings are generally preferred because they
represent strong correlations between observed variables and their underlying latent constructs, these
factor loadings can still provide meaningful information about the constructs being measured, especially
if the overall fit indices are satisfactory (Steenkamp & Maydeu-Olivares, 2023).

The second research question regarding CSF for KM implementation in the banking sector can be
answered by the structural model from the confirmatory factor analysis in Figure 2. These factors
included 4 factor groups and 13 variables depicted in Table 10 below. Factor 1 consists of Employee
Satisfaction, Performance Measurement, IT Infrastructure, and Organizational Culture, Factor 2
consists of Upper Management Support, Employee Involvement, Technology Complexity and
Compatibility, and Strong Networking, Factor 3 consists of Organizational Structure and Effective
Decision Making, and Factor 4 consists of Understanding of Business Process and Strategic Thinking.
The correlation between variables constructing the factor groups, theoretical framework, and results
from correlation matrix in Table 7 can determined what the factor group represents. Factor 1 mostly
represents Human Resources, Factor 2 mostly represents Management Support, Factor 3 mostly
represents Strategic Management, and Factor 4 mostly represents Business Process Strategy.
Table 10: Critical Success Factors of KM Implementation in the Banking Sector

Factor 1: Human Factor 2: Management Factor 3: Strategic Factor 4: Business Process
Resources Support Management Strategy
Employee Satisfaction Organizational Organizational structure | Understanding of Business
Environment Process
Performance Employee involvement Effective Decision Strategic thinking
Measurement Making
IT Infrastructure Upper Management
Support
Organizational Culture Complexity and
Compeatibility
Strong Networking

Following the identification of factor groups, the level of importance of each factor groups can be
determined by factor loadings value, composite reliability (CR), and average variance extracted (AVE).
Factor loadings use to represents the correlation between observed variables and their factor groups,
with high loading factor indicates that the variable is strongly correlated with a particular factor group
(Morgan et al., 2011). Factor loadings of each variable in the identified success factors indicate how the
variables correlated with other variables in the factor groups, Therefore, it can provide researchers with
insight into variables influence to its factor groups and how well it already implemented in the banking
sector (Singla & Samanta, 2022a) ,(Yamany et al., 2024). Meanwhile, CR value and AVE value
presented information on the reliability and validity of each factor group and its constituent variables
(Cheung et al., 2023).

The factor loadings from CFA results in Table 9 implies that Factor 1 is strongly correlated with each
other and reliable in representing the factor groups. This also implies that the Human Resources factor
has the greatest impact on the important success aspects of knowledge management implementation in
the banking sector as it has already been well established in Indonesian banking companies (Lubis et
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al., 2022). Meanwhile, Factor 2 has the highest factor loading among other factor groups while having
the CR and AVE values that are still below the acceptable threshold due to one variable with a low
factor loading (variable Organizational Environment). It indicates that Factor 2 also has the second level
of importance for the knowledge management implementation in the banking sector. However, variable
Organizational Environment that has lowest factor loading in this factor groups implies that it not yet
established in Indonesian banking companies (Lubis et al., 2022).

Following that, factor groups 3 and 4 have lower factor loadings compared to Factor 1 and 2. This
implies that Strategic Management and Business Process Strategy are still not considered as important
as Human Resources and Management Support in implementing knowledge management in Indonesian
banking companies. Meanwhile, these factors are critical for improving business process efficiency
and streamlining operations by eliminating redundant steps and automating repetitive tasks (Edeh et al.,
2022b). Strategic Management and Business Process Strategy may also build a culture of continuous
improvement and encourage innovation in products and services within the organizations, resulting in
a competitive advantage for the organizations (Erena et al., 2023).

5. Conclusion

This study provides empirical evidence on the critical success factors for KM implementation in the
Indonesian banking sector. Our findings demonstrate that Human Resources and Management Support
are the most established factors in the banking industry, with IT Infrastructure playing a crucial role.
These results extend the existing literature by highlighting sector-specific CSFs and their relative
importance in banking organizations. The study has important implications for both theoretical and
practical. The theoretical implications of this study are added to contribute to our understanding of how
KM implementation factors differ in the banking context compared to other industries. This is shown
by the difference between factor groups from factor analysis results and predetermined factor groups
using a theoretical framework generally for the business sector. Following that, the findings also focus
on the banking industry, specifically in Indonesia, because of challenges in implementing knowledge
management in Indonesian banking companies.

The practical implication of this study is it suggests that banking organizations should prioritize their
IT infrastructure and human resource strategies to implement knowledge management practices. This
significant impact of IT infrastructure emerges from its ability to facilitate the seamless flow of
knowledge across the organizations, allowing for effective communication among employees, and
supporting daily operational activities that require dependable technology. As for the human resources
strategies, banking companies can focus on employee skill development and having a culture and
structure that facilitates the KM implementation. Aside from the main factors, banking firms might
adopt the established CSF model to focus on finding areas for improvement and establishing strategies
to improve their ability to apply knowledge management. Based on the conclusion, future research in
this area could be addressed by investigating CSFs in smaller banking organizations, conducting
comparative studies with banking organizations from different countries, and conducting longitudinal
studies to understand how CSFs for KM implementation will evolve. These could provide a greater
understanding of success factors for KM practices in the banking sector from different perspectives and
develop strategies to enhance organizational performance.

6. Limitations and Future Research

Limitations of this study is its focus on large-scale banks in Indonesia and its cross-sectional nature.
This was because the banking organizations used in this study were the only large-scale organizations
that Indonesian citizens were familiar with, which created the possibility of overlooking significant
insights from smaller-sized banking organizations that could not be represented in the current study.
Aside from that, the cross-sectional nature of the study emerges from the limited time of data collection.
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Future research could explore these CSFs in smaller banking institutions to identify CSFs that may be
more specific for different scales of banking organizations and compare them with those from across
various countries. Future research could also use the longitudinal study to understand how the important
success factors of KM implementation in the banking sector could evolve to ensure that the findings
are applicable in the long term. Despite these limitations, this study provides valuable insights into the
critical factors for successful KM implementation in the banking sector, offering a foundation for future
research and practice in this important area.

References

Abbas, M., Jam, F. A., & Khan, T. L. (2024). Is it harmful or helpful? Examining the causes and
consequences of generative Al usage among university students. International Journal of Educational
Technology in Higher Education, 21(1). https://doi.org/10.1186/s41239-024-00444-7

Abid, N., Aslam, S., Alghamdi, A. A., & Kumar, T. (2023). Relationships among students’ reading
habits, study skills, and academic achievement in English at the secondary level. Frontiers in
Psychology, 14. https://doi.org/10.3389/fpsyg.2023.1020269

Al, K., Farzana, M., Mir, A., David, S. A., & Al-Emran Editors, M. (2023). Lecture Notes in Civil
Engineering. Springer.

Al-Ahmad Chaar, S., & Easa, N. F. (2021). Does transformational leadership matter for innovation in
banks? The mediating role of knowledge sharing. International Journal of Disruptive Innovation in
Government, 1(1), 36-57. https://doi.org/10.1108/ijdig-04-2020-0002

Aldhaheri, S. M., & Ahmad, S. Z. (2024). The influence of transformational leadership on organizational
performance and knowledge management capability. Infernational Journal of Productivity and
Performance Management. https://doi.org/10.1108/IJPPM-10-2022-0532

Alrahbi, D. A., Khan, M., Gupta, S., Modgil, S., & Chiappetta Jabbour, C. J. (2022). Challenges for
developing health-care knowledge in the digital age. Journal of Knowledge Management, 26(4), 824—
853. https://doi.org/10.1108/JKM-03-2020-0224

Al-Tal, M. ]J. Y., & Emeagwali, O. L. (2019). Knowledge-based HR Practices and Innovation in SMEs.
In Organizacija (Vol. 52, Issue 1, pp. 6-21). Sciendo. https://doi.org/10.2478/orga-2019-0002

Al-Tit, A., Omri, A., & Euchi, J. (2019). Critical success factors of small and medium-sized enterprises
in saudi arabia: Insights from sustainability perspective. Administrative Sciences, 9(2).
https://doi.org/10.3390/admsci9020032

Alves, J. L., Nadae, J. de, & Carvalho, M. M. de. (2022). Knowledge management enablers and barriers:
exploring the moderating effect of communication barriers. International Journal of Managing Projects
in Business, 15(7), 1091-1122. https://doi.org/10.1108/IJMPB-02-2022-0047

Appel-Meulenbroek, R., & Danivska, V. (2023). Steps and theories towards more effective business
case processes within existing organisations: an inter-disciplinary systematic literature review. In
Business Process Management Journal (Vol. 29, Issue 8, pp. 75-100). Emerald Publishing.
https://doi.org/10.1108/BPMJ-10-2022-0532

Badenes-Ribera, L., Silver, N. C., & Pedroli, E. (2020). Editorial: Scale Development and Score
Validation. In  Frontiers in  Psychology  (Vol. 11).  Frontiers Media  S.A.
https://doi.org/10.3389/fpsyg.2020.00799

Becerra-Fernandez, Irma, Sabherwal, & Rajiv. (2015). Knowledge Management Systems and Processes,
Second Edition: Vol. Second Edition (Second Edition). Taylor & Francis.

213



Nadine et al., Journal of Logistics, Informatics and Service, Vol. 12 (2025), No 4, pp 193-218

Chang, V., Baudier, P., Zhang, H., Xu, Q., Zhang, J., & Arami, M. (2020). How Blockchain can impact
financial services — The overview, challenges and recommendations from expert interviewees.
Technological Forecasting and Social Change, 158. https://doi.org/10.1016/j.techfore.2020.120166

Chatterjee, S., Ghosh, S. K., & Chaudhuri, R. (2020). Knowledge management in improving business
process: an interpretative framework for successful implementation of AI-CRM-KM system in
organizations. Business Process Management Journal, 26(6), 1261-1281.
https://doi.org/10.1108/BPMJ-05-2019-0183

Chaurasia, S. S., Kaul, N., Yadav, B., & Shukla, D. (2020). Open innovation for sustainability through
creating shared value-role of knowledge management system, openness and organizational structure.
Journal of Knowledge Management, 24(10), 2491-2511. https://doi.org/10.1108/JKM-04-2020-0319

Cheung, G. W., Cooper-Thomas, H. D., Lau, R. S., & Wang, L. C. (2023). Reporting reliability,
convergent and discriminant validity with structural equation modeling: A review and best-practice
recommendations. 4sia Pacific Journal of Management. https://doi.org/10.1007/s10490-023-09871-y

Ciasullo, M. V., Montera, R., & Douglas, A. (2022). Building SMEs’ resilience in times of uncertainty:
the role of big data analytics capability and co-innovation. Transforming Government: People, Process
and Policy, 16(2), 203-217. https://doi.org/10.1108/TG-07-2021-0120

Dogug, O. (2022). Data Mining Applications in Banking Sector While Preserving Customer Privacy.
Emerging Science Journal, 6(6), 1444—1454. https://doi.org/10.28991/ESJ-2022-06-06-014

Edeh, F. O., Zayed, N. M., Nitsenko, V., Brezhnieva-Yermolenko, O., Negovska, J., & Shtan, M.
(2022a). Predicting Innovation Capability through Knowledge Management in the Banking Sector.
Journal of Risk and Financial Management, 15(7). https://doi.org/10.3390/jrfm15070312

Edeh, F. O., Zayed, N. M., Nitsenko, V., Brezhnieva-Yermolenko, O., Negovska, J., & Shtan, M.
(2022b). Predicting Innovation Capability through Knowledge Management in the Banking Sector.
Journal of Risk and Financial Management, 15(7). https://doi.org/10.3390/jrfm15070312

Erena, O. T., Kalko, M. M., & Debele, S. A. (2023). Organizational factors, knowledge management
and innovation: empirical evidence from medium- and large-scale manufacturing firms in Ethiopia.
Journal of Knowledge Management, 27(4), 1165—-1207. https://doi.org/10.1108/JKM-11-2021-0861

Ferrer-Estévez, M., & Chalmeta, R. (2023). Sustainable customer relationship management. In
Marketing Intelligence and Planning (Vol. 41, lIssue 2, pp. 244-262). Emerald Publishing.
https://doi.org/10.1108/MIP-06-2022-0266

Field, A. (2019). Discovering Statistics Using IBM SPSS Statistics.

Fischer-Suarez, N., Lozano-Paniagua, D., Garcia-Gonzalez, J., Castro-Luna, G., Requena-Mullor, M.,
Alarcon-Rodriguez, R., Parron-Carrefio, T., & Nievas-Soriano, B. J. (2022). Use of Digital Technology
as a Collaborative Tool among Nursing Students—Survey Study and Validation. International Journal
of Environmental Research and Public Health, 19(21). https://doi.org/10.3390/ijerph192114267

Galeazzo, A., Furlan, A., & Vinelli, A. (2021). The role of employees’ participation and managers’
authority on continuous improvement and performance. International Journal of Operations and
Production Management, 41(13), 34-64. https://doi.org/10.1108/IJOPM-07-2020-0482

Galgotia, D., & Lakshmi, N. (2022). Implementation of Knowledge Management in Higher Education:
A Comparative Study of Private and Government Universities in India and Abroad. In Frontiers in
Psychology (Vol. 13). Frontiers Media S.A. https://doi.org/10.3389/fpsyg.2022.944153

Ghasemi, B., & Valmohammadi, C. (2023). Identification and prioritization of critical success factors
of knowledge management implementation using a novel hybrid group decision-making model. VINE

214



Nadine et al., Journal of Logistics, Informatics and Service, Vol. 12 (2025), No 4, pp 193-218

Journal  of Information and Knowledge Management Systems, 53(6), 1086—1118.
https://doi.org/10.1108/VJIKMS-02-2021-0023

Hair, J. F., Black, W. C., Babin, B. J., & Anderson, R. E. (2010). Multivariate Data Analysis (Seventh
Edition).

Hasan, M., Hoque, A., & Le, T. (2023). Big Data-Driven Banking Operations: Opportunities,
Challenges, and Data Security Perspectives. FinTech, 2(3), 484-509.
https://doi.org/10.3390/fintech2030028

Iman, N., Nugroho, S. S., Junarsin, E., & Pelawi, R. Y. (2023). Is technology truly improving
the customer experience? Analysing the intention to use open banking in Indonesia. International
Journal of Bank Marketing, 41(7), 1521-1549. https://doi.org/10.1108/1IJBM-09-2022-0427

Ismail, A. R., Abidin, N. Z., & Maen, M. K. (2022). Systematic Review on Missing Data Imputation
Techniques with Machine Learning Algorithms for Healthcare. Journal of Robotics and Control, 3(2),
143—152. https://doi.org/10.18196/jrc.v3i2.13133

Jarmooka, Q., Fulford, R. G., Morris, R., & Barratt-Pugh, L. (2021). The mapping of information and
communication technologies, and knowledge management processes, with company innovation.
Journal of Knowledge Management, 25(2), 313-335. https://doi.org/10.1108/JKM-01-2020-0061

Keller, P., & Lima, A. (2021). Digital information product development: lessons from a small-sized
German enterprise. Innovation and Management Review, 18(4), 434-454.
https://doi.org/10.1108/INMR-03-2020-0033

Kline, R. B. (2015). Principles and Practice of Structural Equation Modeling: Vol. 11l (Fourth Edition).
The Guildford Press.

Knol, W. H., Slomp, J., Schouteten, R. L. J., & Lauche, K. (2019). The relative importance of
improvement routines for implementing lean practices. International Journal of Operations and
Production Management, 39(2), 214-237. https://doi.org/10.1108/IJOPM-01-2018-0010

Lam, L., Nguyen, P., Le, N., & Tran, K. (2021). The relation among organizational culture, knowledge
management, and innovation capability: Its implication for open innovation. Journal of Open Innovation:
Technology, Market, and Complexity, 7(1), 1-16. https://doi.org/10.3390/joitmc7010066

Lepisto, K., Saunila, M., & Ukko, J. (2024). Enhancing customer satisfaction, personnel satisfaction
and company reputation with total quality management: combining traditional and new views.
Benchmarking, 31(1), 75-97. https://doi.org/10.1108/B1J-12-2021-0749

Lubis, A. S., Lumbanraja, P., Absah, Y., & Silalahi, A. S. (2022). Human resource competency 4.0 and
its impact on Bank Indonesia employees’ readiness for transformational change. Journal of
Organizational Change Management, 35(4-5), 749—779. https://doi.org/10.1108/JOCM-02-2021-0045

Mat Nor, N., Mat Khairi, S. M., Rosnan, H., Maskun, R., & Johar, E. R. (2020). Establishing a
knowledge-based organisation: Lesson learnt and KM challenges in Malaysian organisation. Innovation
and Management Review, 17(3), 235-249. https://doi.org/10.1108/INMR-05-2019-0065

Metwally, D., Ruiz-Palomino, P., Metwally, M., & Gartzia, L. (2019). How Ethical Leadership Shapes
Employees’ Readiness to Change: The Mediating Role of an Organizational Culture of Effectiveness.
Frontiers in Psychology, 10. https://doi.org/10.3389/fpsyg.2019.02493

Miao, M., Saide, S., & Muwardi, D. (2023). Positioning the Knowledge Creation and Business Strategy

on Banking Industry in a Developing Country. I[EEE Transactions on Engineering Management, 70(6),
2197-2205. https://doi.org/10.1109/TEM.2021.3071640

215



Nadine et al., Journal of Logistics, Informatics and Service, Vol. 12 (2025), No 4, pp 193-218

Migdadi, M. M. (2022). Knowledge management processes, innovation capability and organizational
performance. International Journal of Productivity and Performance Management, 71(1), 182-210.
https://doi.org/10.1108/1JPPM-04-2020-0154

Morgan, G. A., Leech, N. L., Gloeckner, G. W., & Barrett, K. C. (2011). IBM SPSS For Introductory
Statistics: Use and Interpretation, Fourth Edition.

Mousavizade, F., & Shakibazad, M. (2019). Identifying and ranking CSFs for KM implementation in
urban water and sewage companies using ISM-DEMATEL technique. Journal of Knowledge
Management, 23(1), 200-218. https://doi.org/10.1108/JKM-05-2018-0321

Musonda, 1., & Okoro, C. S. (2022). A hermeneutic research on project management approaches applied
in a business process re-engineering project. Business Process Management Journal, 28(8), 66—89.
https://doi.org/10.1108/BPMJ-11-2021-0694

Novak, C., Pfahlsberger, L., Bala, S., Revoredo, K., & Mendling, J. (2023). Enhancing decision-making
of IT demand management with process mining. Business Process Management Journal, 29(8), 230-
259. https://doi.org/10.1108/BPMJ-12-2022-0631

Nyathi, M., & Kekwaletswe, R. (2024). Electronic human resource management (e-HRM) configuration
for organizational success: inclusion of employee outcomes as contextual variables. Journal of
Organizational Effectiveness, 11(1), 196-212. https://doi.org/10.1108/JOEPP-08-2022-0237

Oliva, F. L., Teberga, P. M. F., Testi, L. I. O., Kotabe, M., Giudice, M. Del, Kelle, P., & Cunha, M. P.
(2022). Risks and critical success factors in the internationalization of born global startups of industry
4.0: A social, environmental, economic, and institutional analysis. Technological Forecasting and
Social Change, 175. https://doi.org/10.1016/j.techfore.2021.121346

Ozpamuk, M., Bolatan, G. 1., VanDerSchaaf, H., & Daim, T. (2023). Exploring empowerment as an
enabler of effective knowledge management. Journal of Knowledge Management, 27(9), 2434-2461.
https://doi.org/10.1108/JKM-09-2022-0747

Panjaitan, J. M. P., Timur, R. P., & Sumiyana, S. (2021). How does the Government of Indonesia
empower SMEs? An analysis of the social cognition found in newspapers. Journal of Entrepreneurship
in Emerging Economies, 13(5), 765—790. https://doi.org/10.1108/JEEE-04-2020-0087

Roblek, V., & Mesko, M. (2020). Smart city knowledge management: Holistic review and the analysis
of the urban knowledge management. ACM International Conference Proceeding Series, 52—60.
https://doi.org/10.1145/3396956.3398263

Saide, S., Astuti, E. S., Indrajit, R. E., Trialih, R., Diniaty, A., Dewi, F., & Herzavina, H. (2019a). What
we give, we get back: Investigating the dimensions that influence knowledge sharing on profit enterprise

in Indonesia. Journal of Science and Technology Policy Management, 10(5), 1047-1062.
https://doi.org/10.1108/JSTPM-06-2018-0056

Saide, S., Astuti, E. S., Indrajit, R. E., Trialih, R., Diniaty, A., Dewi, F., & Herzavina, H. (2019b). What
we give, we get back: Investigating the dimensions that influence knowledge sharing on profit enterprise

in Indonesia. Journal of Science and Technology Policy Management, 10(5), 1047-1062.
https://doi.org/10.1108/JSTPM-06-2018-0056

Saini, M., Arif, M., & Kulonda, D. J. (2018). Critical factors for transferring and sharing tacit knowledge
within lean and agile construction processes. Construction Innovation, 18(1), 64—89.
https://doi.org/10.1108/CI-06-2016-0036

Saleh Aldehayyat, J., & Ali Almohtaseb, A. (2021). An Evaluation of Critical Success Factors for

Knowledge Management in The Financial Sector: Evidence from Developing Country Context. In
Academy of Strategic Management Journal (Vol. 20, Issue 3).

216



Nadine et al., Journal of Logistics, Informatics and Service, Vol. 12 (2025), No 4, pp 193-218

Sensuse, D. L., Hidayat, D. S., & Setyaningrum, 1. Z. (2023). Model of knowledge management
readiness and initiatives for improvement in government agencies. VINE Journal of Information and
Knowledge Management Systems. https://doi.org/10.1108/VJIKMS-05-2022-0173

Singla, H. K., & Samanta, P. K. (2022a). Identification of critical success factors (CSFs) for real estate
developers (REDs) in India. Journal of Financial Management of Property and Construction, 27(1),
76-90. https://doi.org/10.1108/JFMPC-04-2020-0028

Singla, H. K., & Samanta, P. K. (2022b). Identification of critical success factors (CSFs) for real estate
developers (REDs) in India. Journal of Financial Management of Property and Construction, 27(1),
76-90. https://doi.org/10.1108/JFMPC-04-2020-0028

Sinnaiah, T., Adam, S., & Mahadi, B. (2023). A strategic management process: the role of decision-
making style and organisational performance. Journal of Work-Applied Management, 15(1), 37-50.
https://doi.org/10.1108/JWAM-10-2022-0074

Sofiyabadi, J., Valmohammadi, C., & Asl, A. S. (2022). Impact of Knowledge Management Practices
on Innovation Performance. I[EEE Transactions on Engineering Management, 69(6), 3225-3239.
https://doi.org/10.1109/TEM.2020.3032233

Soja, E., & Soja, P. (2020). Fostering ICT use by older workers: Lessons from perceptions of barriers
to enterprise system adoption. Journal of Enterprise Information Management, 33(2), 407-434.
https://doi.org/10.1108/JEIM-12-2018-0282

Steenkamp, J. B. E. M., & Maydeu-Olivares, A. (2023). Unrestricted factor analysis: A powerful
alternative to confirmatory factor analysis. Journal of the Academy of Marketing Science, 51(1), 86—
113. https://doi.org/10.1007/s11747-022-00888-1

Stenger, R., Olson, K., & Smyth, J. D. (2023). Comparing Readability Measures and Computer-assisted
Question Evaluation Tools for Self-administered Survey Questions. Field Methods, 35(4), 287-302.
https://doi.org/10.1177/1525822X221124469

Sumbal, M. S., Kljuc¢nikov, A., Durst, S., Ferraris, A., & Saeed, L. (2023). Do you want to retain your
relevant knowledge? The role of contextual factors in the banking sector. Journal of Knowledge
Management, 27(9), 2414-2433. https://doi.org/10.1108/JKM-02-2022-0128

Wemken, G., Janurek, J., Junker, N. M., & Hausser, J. A. (2021). The impact of social comparisons of
job demands and job control on well-being. Applied Psychology: Health and Well-Being, 13(2), 419—
436. https://doi.org/10.1111/aphw.12257

Willmer, M., Westerberg Jacobson, J., & Lindberg, M. (2019). Exploratory and Confirmatory Factor
Analysis of the 9-Item Utrecht Work Engagement Scale in a Multi-Occupational Female Sample: A
Cross-Sectional Study. Frontiers in Psychology, 10. https://doi.org/10.3389/fpsyg.2019.02771

Yamany, M. S., Abdelhameed, A., Elbeltagi, E., & Mohamed, H. A. E. (2024). Critical success factors
of infrastructure  construction  projects. Innovative  Infrastructure  Solutions,  9(4).
https://doi.org/10.1007/s41062-024-01394-9

Yan, W., Caihong, H., Xuefeng, Y., & Jiayu, Z. (2023). Evaluation of the nutrition literacy assessment
questionnaire for college students and identification of the influencing factors of their nutrition literacy.
BMC Public Health, 23(1). https://doi.org/10.1186/s12889-023-17062-z

Yang, S. Y., Chen, S. C, Lee, L., & Liu, Y. S. (2021). Employee Stress, Job Satisfaction, and Job
Performance: A Comparison between High-technology and Traditional Industry in Taiwan. Journal of
Asian Finance, Economics and Business, 8(3), 605-618.
https://doi.org/10.13106/jateb.2021.vol8.n03.0605

217



Nadine et al., Journal of Logistics, Informatics and Service, Vol. 12 (2025), No 4, pp 193-218

Zamani, S. Z. (2022). Small and Medium Enterprises (SMEs) facing an evolving technological era: a
systematic literature review on the adoption of technologies in SMEs. European Journal of Innovation
Management, 25(6), 735—757. https://doi.org/10.1108/EJIM-07-2021-0360

Zhang, W., Zeng, X., Liang, H., Xue, Y., & Cao, X. (2023). Understanding How Organizational Culture

Affects Innovation Performance: A Management Context Perspective. Sustainability (Switzerland),
15(8). https://doi.org/10.3390/sul15086644

218



	1. Introduction
	2. Literature Review
	2.1. Knowledge Management
	2.2. Knowledge Management Readiness
	2.3. Critical Success Factor
	2.4. Knowledge Management in Banking Sector

	3. Research Method
	3.1. Theoretical Framework
	3.2. Selection of Critical Success Factors
	3.3. Data Analysis
	3.4. Correlation Matrix
	3.5. Exploratory Factor Analysis (EFA)
	3.6. Confirmatory Factor Analysis (CFA)

	4. Results and Discussion
	5. Conclusion
	6. Limitations and Future Research
	References

