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William Widjaja (Indonesia), Devi Rahnjen Wijayadne (Indonesia)

GENERATIVE AI-SUPPORTED
LEARNING AND WORKPLACE
CREATIVITY IN ELECTRONIC
RETAIL

Abstract

This study examines the relationships among generative Al tool usage for Workplace
Learning, Learning Agility, and Workplace Creativity among electronic retail employ-
ees in Indonesia. Learning Agility was modeled as a second-order construct compris-
ing developing leadership or growth, seeking feedback, and developing systematically.
Data were collected through a cross-sectional survey of 286 employees who actively
used generative Al platforms for learning and work-related support. The hypotheses
were tested using covariance-based structural equation modeling and bias-corrected
bootstrap analysis. The results show that generative Al tool usage was positively associ-
ated with Learning Agility (p = 0.738, p < 0.001), while Learning Agility was positively
associated with Workplace Creativity (f = 0.484, p < 0.001). Generative Al tool usage
also maintained a positive direct relationship with Workplace Creativity (B = 0.408, p
<0.001). The indirect relationship through Learning Agility was statistically significant,
with a bias-corrected 95% confidence interval ranging from 0.179 to 0.509. These find-
ings indicate complementary partial mediation, suggesting that Generative AI Use is
related to Workplace Creativity both directly and through employees” adaptive learn-
ing capacity. The study applies Social Cognitive Theory to generative Al-supported
workplace learning by distinguishing Al-enabled learning resources from employees’
behavioral engagement with those resources. The findings suggest that Generative
AT Use is associated with Workplace Creativity both directly and indirectly through
Learning Agility. Practically, electronic retail managers should combine AI adoption
with employee development practices that encourage feedback seeking, reflection, ex-
perimentation, and systematic learning.

Keywords Generative Al Use, Learning Agility, Social Cognitive
Theory, Workplace Creativity
JEL Classification M53, M12, 033, D83, L81

INTRODUCTION

Electronic retail has become a demanding service environment be-
cause customers expect fast, accurate, and personalized responses
when comparing products, technical features, and purchase options.
Employee creativity is therefore not limited to abstract ideas. It is re-
flected in the ability to translate product knowledge into relevant ex-
planations, adapt service approaches to different customers, and offer
practical solutions during daily interactions. Retail research shows
that employee performance is linked to customer service quality,
problem-solving ability, adaptability, and creative contribution to or-
ganizational problems (Widjaja et al., 2024). The growth of consumer
technology spending in Indonesia further increases the importance of
creative service behavior, as retail firms must differentiate customer
experience while responding to changing products and expectations.

At the same time, generative Al adoption has created new learning

conditions for employees. Al-based tools can provide explanations, al-
ternative ideas, examples, and immediate feedback that may help em-

http://dx.doi.org/10.21511/kpm.10(3).2026.11



Knowledge and Performance Management, Volume 10, Issue 3, 2026

ployees address work-related problems. However, access to generative AI does not automatically lead
to meaningful learning or creative behavior. Employees may use AI only for quick answers without
reflecting on information, testing alternatives, or applying learning to new work situations. This creates
an important research problem: the relationship between Generative AI Use (GAIU) and Workplace
Creativity remains insufficiently explained, especially regarding the learning mechanism that connects
Al-supported knowledge with creative work behavior.

Indonesia’s electronic retail sector is a relevant setting for examining the relationship among Generative
AT Use, Adaptive Learning, and Workplace Creativity. The sector operates in a large digital consumer
market, where customers compare specifications, features, prices, warranties, and after-sales services
before buying. Indonesian consumers spent IDR 256 trillion on FMCG and consumer technology prod-
ucts in Q3 2024, with consumer technology contributing 19% of total spending, or about IDR 48.6 tril-
lion (NielsenIQ, 2024). Indonesia’s e-commerce sector reached USD 65 billion in gross merchandise val-
ue in 2024 (Google, 2024). Internet penetration also remains high, with more than 221 million internet
users in 2024 according to APJII and 212 million users at the start of 2025 according to DataReportal
(APJII, 2024; Kemp, 2025). These figures suggest that Indonesian consumers increasingly search for
product information, compare alternatives, and interact with brands across channels.

This digital consumer environment changes the work of electronic retail employees. Frontline employ-
ees are no longer responsible only for displaying products or completing transactions. They are expected
to explain specifications, translate technical features into customer-relevant benefits, compare brands,
respond to objections, and recommend products that match customer needs and budgets. In electronic
retail, creativity is closely related to service improvisation, adaptive communication, and practical prob-
lem solving. This is consistent with retail research showing that frontline employees shape customer
experience, satisfaction, and loyalty (Widjaja et al., 2024). AI and in-store technologies may improve
operations and personalization, but their success still depends on human interaction and employees’
ability to use technology in context (Gielens, 2024).

The digitalization of customer service further increases the need for employees who can learn quick-
ly and respond creatively. Retailers increasingly use digital tools, Al-based recommendation systems,
chatbots, product information systems, and omnichannel platforms to support customer engagement.
In Indonesia, Microsoft and LinkedIn reported that 92% of knowledge workers used generative Al at
work in 2024, exceeding the global average of 75% and the Asia-Pacific average of 83% (Microsoft, 2024).
Although not limited to retail employees, this figure shows that generative AI is becoming a common
work-support tool. For electronic retail employees, such tools may provide product explanations, ser-
vice scripts, response scenarios, and daily learning support.

However, access to Al does not automatically create better learning or creative service behavior. AI can
provide information, examples, and recommendations, but employees still need to assess whether AI-
generated suggestions are accurate, relevant, and suitable for specific customer situations. Inaccurate
product explanations may affect customer trust, purchase decisions, and after-sales satisfaction.
Therefore, the practical value of generative Al depends not only on technology availability, but also
on employees’ ability to process information, seek feedback, adapt explanations, and transfer learn-
ing across customer cases. This makes learning agility relevant for understanding how generative AI-
supported learning is associated with workplace creativity.

Despite Indonesia’s digital economy growth and workplace AT use, limited empirical attention has ex-
amined how Generative Al Use relates to creative behavior among electronic retail employees. Existing
studies discuss Al adoption in retail, digital customer engagement, and Al-supported creativity more
broadly, but the learning mechanism linking AI-supported workplace learning with employee creativ-
ity remains underexplored. This study addresses that gap by examining whether Generative AI Use for
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workplace learning is associated with Workplace Creativity through Learning Agility among electronic
retail employees in Indonesia. Given the cross-sectional design, the proposed relationships are exam-
ined as associations rather than evidence of a causal sequence.

1. LITERATURE REVIEW

AND HYPOTHESES
DEVELOPMENT

Social Cognitive Theory provides the theo-
retical foundation for explaining how employ-
ees’ engagement with generative Al-supported
learning resources is associated with Learning
Agility and Workplace Creativity. SCT propos-
es that human functioning develops through
reciprocal interactions among environmen-
tal conditions, personal factors, and behavior
(Wood & Bandura, 1989). In the present context,
generative Al tools provide a technology-en-
abled environment containing information, ex-
amples, feedback, and alternative problem-solv-
ing approaches. Employees’ use of these tools
represents their behavioral engagement with
the available environment rather than the en-
vironment itself. Learning Agility reflects a per-
sonal adaptive factor related to how employees
interpret, evaluate, and transfer acquired infor-
mation, while Workplace Creativity represents a
work-related behavioral outcome. The proposed
model therefore examines one theoretically rel-
evant sequence within the broader SCT frame-
work rather than testing the complete reciprocal
system.

In this study, Generative AI Use refers not to for-
mal intelligent tutoring systems, but to employ-
ees’ use of generative Al tools, AI chatbots, and
Al-supported platforms for workplace learning
and job-related support. The tools and the in-
formational affordances they provide form part
of the digital learning environment. By contrast,
the focal construct captures employees’ behav-
ioral engagement with this environment, re-
flected in how frequently, broadly, and deeply
they use generative Al resources. Through such
engagement, employees may access alternative
explanations, compare possible responses, re-
quest feedback, and explore different approach-
es to work problems. In SCT terms, the technol-
ogy provides environmental resources, while its
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actual use represents behavior through which
employees interact with and draw upon those
resources. This distinction aligns the theoreti-
cal interpretation of the construct with its op-
erational measurement.

Learning Agility represents a personal factor with-
in the SCT framework because it reflects an indi-
vidual’s capacity to learn reflectively and adap-
tively from experience. In this study, Learning
Agility is treated as a personal adaptive capacity
associated with how employees engage with, eval-
uate, and learn from Al-generated information.
Because the study uses cross-sectional data, the
model estimates the statistical relationships speci-
fied in the hypotheses without establishing their
temporal or causal ordering. It includes the ability
to seek feedback, revise existing approaches, re-
spond to unfamiliar situations, and transfer learn-
ing across different work contexts. Prior research
has emphasized that Learning Agility is closely re-
lated to reflection, feedback seeking, adaptability,
and self-regulated learning (Bouland-van Dam et
al., 2022; DeRue et al., 2012; Vinesian et al., 2023).
In the context of generative Al-supported learn-
ing, Learning Agility becomes important because
employees need to evaluate Al-generated sugges-
tions, select relevant information, and adapt it to
specific work situations. Therefore, Generative Al
Use may be associated with higher learning agil-
ity when employees use Al tools not only for quick
answers, but also for exploration, comparison, re-
flection, and learning transfer.

Generative Al tools may provide employees with
additional cognitive resources during daily work.
Employees who engage more intensively with
these tools may have greater opportunities to ob-
tain explanations, compare alternative solutions,
and reconsider their approaches to work-related
problems. Such activities are theoretically consis-
tent with feedback-based and reflective learning
because employees can explore ideas without rely-
ing solely on formal training. This interpretation
aligns with research linking Learning Agility with
experience, feedback, reflection, and adjustment
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(DeRue et al., 2012; Rigolizzo & Zhu, 2020; Wolor
et al., 2025). In electronic retail, these learning op-
portunities are particularly relevant because em-
ployees frequently encounter updated product in-
formation, changing technical specifications, and
diverse customer situations. Nevertheless, the pro-
posed association does not imply that Generative
AT Use necessarily increases Learning Agility.

Generative Al-supported learning may also be re-
lated to Workplace Creativity because it provides
employees with a broader range of ideas, examples,
and perspectives. Workplace Creativity refers to
the generation and application of new and use-
ful ideas in the work setting. In electronic retail,
creativity may appear when employees explain
product features in simpler ways, adapt product
recommendations to customer needs, develop al-
ternative service responses, or suggest improve-
ments in service processes. Previous studies sug-
gest that AI can support creativity by expanding
access to knowledge, facilitating idea generation,
and assisting employees in exploring alternative
solutions (Grilli & Pedota, 2024; Hajj et al., 2025;
Jia et al., 2024; Lee & Chung, 2024). However, the
relationship between AI use and creativity should
be interpreted cautiously because Al-generated
ideas do not automatically become useful work-
place behavior.

The creative value associated with Generative AI
Use may vary according to employees’ ability to
evaluate and contextualize Al-generated input.
Al tools may provide suggestions, examples, and
alternative responses, but employees still need
to judge whether these outputs are accurate, rel-
evant, and suitable for specific workplace situa-
tions. This is especially important in electronic
retail, where employees must translate technical
product knowledge into customer-relevant ex-
planations and practical recommendations. Prior
studies have shown that creativity in service and
digital work settings requires not only access to
ideas, but also adaptive capability, experimenta-
tion, and contextual judgment (Byron et al., 2023;
Cai et al., 2020; Fischer et al., 2019; Slatten, 2014;
Vredenburg et al., 2024). Therefore, Generative
Al Use may provide access to creative resources,
while the usefulness of those resources may be as-
sociated with how employees evaluate and apply
Al-supported knowledge.

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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Learning Agility is therefore expected to be posi-
tively related to Workplace Creativity. Employees
with higher Learning Agility are more likely to
learn from experience, seek feedback, and ad-
just their work approaches when facing chang-
ing conditions. These behaviors support cogni-
tive flexibility and divergent thinking, which
are important foundations for creative behavior
(Bouland-van Dam et al., 2022; Jo & Hong, 2022).
Learning-agile employees are also more capable
of identifying weaknesses in existing solutions
and experimenting with alternative approach-
es. Such reflective and experimental behavior is
closely related to workplace creativity because
creative ideas usually develop through trial, feed-
back, refinement, and application (Boerma et al.,
2025; Bojinov & Gupta, 2022; Dhanpat, 2025;
Mathafena & Grobler, 2020).

The indirect role of Learning Agility is central to
the present study. Generative Al tools may pro-
vide employees with ideas, explanations, feed-
back, and alternative approaches to work-related
problems. However, access to these resources
does not necessarily correspond with creative
work behavior. The proposed model therefore
examines whether Generative Al Use has a sta-
tistically significant indirect association with
Workplace Creativity through Learning Agility.
In this specification, employees reporting more
intensive Generative AI Use are expected to re-
port higher Learning Agility, which is in turn ex-
pected to be associated with greater Workplace
Creativity. This pattern is theoretically consis-
tent with research emphasizing self-regulated
learning and metacognitive engagement in Al-
supported learning environments (Ouyang, 2025;
Tomisu et al., 2025). Nevertheless, the proposed
indirect relationship should not be interpreted as
proof of a causal transformation process.

Taken together, previous research suggests that
generative Al tools provide informational and
learning resources within the digital work en-
vironment, whereas employees differ in how ac-
tively they engage with those resources. The focal
Generative Al Use construct captures this behav-
ioral engagement through the frequency, breadth,
and depth of workplace-related use. Within the
SCT framework, Al-enabled resources belong to
the environmental context, Generative AI Use
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Source: Authors’ work (2026).
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Figure 1. Conceptual model

reflects employees’ interaction with that context,
Learning Agility represents a personal adaptive
factor, and Workplace Creativity represents a
subsequent work-related behavior. Accordingly,
the model proposes that greater engagement
with generative Al resources is associated with
Workplace Creativity both directly and indirect-
ly through Learning Agility. This specification
represents a directional application of SCT and
does not claim to test the full reciprocal relation-
ship among environment, personal factors, and
behavior.

This theoretical reasoning is particularly rel-
evant to Indonesia’s electronic retail sector.
Employees in this sector frequently respond to
changing product information, customer pref-
erences, and service expectations under time
pressure. Generative Al tools may provide in-
formation and alternative responses that em-
ployees can consider during customer interac-
tions. At the same time, employees with stronger
Learning Agility may be more inclined to evalu-
ate, adapt, and transfer Al-supported informa-
tion across different work situations. The pres-
ent model therefore examines Learning Agility
as an indirect statistical pathway between
Generative AI Use and Workplace Creativity,
rather than as a necessary condition that caus-
ally determines whether AI use produces cre-
ative behavior.

Therefore, the present study addresses the re-
search gap by examining the statistical relation-
ships among Generative AI Use, Learning Agility,
and Workplace Creativity among electronic retail
employees in Indonesia. Specifically, this study
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investigates whether Generative AI Use is asso-
ciated with Workplace Creativity and whether a
statistically significant indirect association exists
through Learning Agility. Based on the literature
review and SCT-based reasoning, the following
hypotheses are proposed:

HI: Generative Al use is positively associated
with Learning Agility.

H2: Learning Agility is positively associated with
Workplace Creativity.

H3: Generative Al use is positively associated
with Workplace Creativity.

H4: Generative Al use for workplace learn-
ing has a positive indirect association with
Workplace Creativity through Learning
Agility.

The proposed model positions Generative

Al Use for workplace learning as the predic-
tor, Workplace Creativity as the outcome, and
Learning Agility as the mediating construct.
Within the broader SCT framework, generative
AT tools and their learning affordances form part
of the digital work environment. The measured
Generative Al Use construct represents employ-
ees’ behavioral engagement with those environ-
mental resources, while Learning Agility repre-
sents a personal adaptive capacity and Workplace
Creativity represents a work-related behavioral
outcome. The model therefore examines whether
engagement with generative Al resources is as-
sociated with Workplace Creativity directly and
indirectly through Learning Agility.

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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2. METHODOLOGY

2.1. Research design

This study employed a quantitative cross-sec-
tional survey design to examine the relationships
among Generative Al Use, Learning Agility, and
Workplace Creativity. A survey design was consid-
ered appropriate because the study aimed to mea-
sure employees’ perceptions and behavioral ten-
dencies related to Al-supported learning and cre-
ativity in the workplace. The research model was
tested using covariance-based structural equation
modeling (CB-SEM), which allows simultaneous
assessment of the measurement model and the
structural relationships among latent constructs.

2.2. Population and sample

The population of this study consisted of employ-
ees working in Indonesia’s electronic retail sector.
Respondents were selected using purposive sam-
pling because the study required participants who
had direct experience using generative AI plat-
forms for learning or work support. The inclusion
criteria were:

a) currently working in electronic retail;

b) having direct involvement in store operations,
sales, customer service, product explanation,
or related retail activities; and

¢) having used generative Al tools such as Al

chatbots or Al-based learning platforms to
support work-related learning or problem
solving.

A sample size of 200-500 is commonly regarded
as a reasonable benchmark for estimating mod-
erately complex CB-SEM models, particularly

Table 1. Variable measurement

when indicators have acceptable reliability, factor
loadings are sufficiently strong, and the data do
not exhibit severe distributional problems (Kline,
2023). Nevertheless, sample-size requirements are
not universal because they depend on model com-
plexity, the number of estimated parameters, fac-
tor loadings, path coefficients, missing data, and
the estimation method employed (Jackson, 2003;
Wolf et al., 2013).

2.3. Measurement

Data were collected using a structured question-
naire adapted from previously validated instru-
ments. All items were measured using a five-point
Likert scale ranging from 1 = strongly disagree to
5 = strongly agree. Table 1 shows that Generative
ATl Use (GAIU) was measured using eight items
reflecting frequency, feature breadth, and depth
of AI use, adapted from Burton-Jones and Straub
(2006), Doll and Torkzadeh (1998), and Venkatesh
et al. (2012). Learning Agility (LA) was measured
using eighteen items covering growth orientation,
feedback seeking, and systematic development,
adapted from Bouland-van Dam et al. (2022).
Workplace Creativity (WC) was measured using
thirteen items representing creative work behav-
ior, adapted from Zhou and George (2001). The
items were adjusted to the context of electronic
retail and Al-supported workplace learning while
preserving the conceptual meaning of the original
scales.

The measurement model distinguishes between
first-order and second-order constructs based
on the conceptual structure of each variable.
Learning Agility was specified as a reflective sec-
ond-order construct because it represents a broad
adaptive learning capability manifested through
three related but conceptually distinguishable
first-order dimensions: Developing Leadership/

Source: Authors’ work (2026).

Variable Indicators Item Source
) Frequency, feature breadth, and Burton-Jones and Straub (2006), Doll and
GenerstveAlUse(OAW)  depthofwe B Torkzadeh (1998), Venkatesh et al. (2012)
Developing leadership, seeking
Learning Agility (LA) feedback, and developing 18 Bouland-van Dam et al. (2022)
[ e S S IRl e
Workplace Creativity (WC) Un|d|menst|)ZT11IV(;;<:anve work 13 Zhou and George (2001)
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Growth, Seeking Feedback, and Developing
Systematically. The 18-item scale developed by
Bouland-van Dam et al. (2022) was designed to
capture these interconnected aspects of Learning
Agility. Modeling Learning Agility at the second-
order level preserves the specific meaning of each
dimension while allowing the structural model
to examine employees’ overall adaptive learn-
ing capacity. This specification is consistent with
multidimensional construct theory, which recom-
mends a higher-order representation when several
distinct dimensions reflect a broader theoretical
concept (Edwards, 2001; Law et al., 1998).

Generative Al Use was modeled as a first-order con-
struct. In this study, the term refers operationally to
the use of generative Al tools for workplace learn-
ing and job-related support rather than to formal
intelligent tutoring systems. The construct does
not measure the availability, technical quality, or
organizational provision of generative Al as envi-
ronmental conditions. Instead, it measures employ-
ees’ enacted use of these resources. Accordingly, its
theoretical role is defined as behavioral engagement
with an Al-enabled learning environment rather
than as the environmental factor itself. Frequency,
feature breadth, and depth of use were treated as
content domains used to develop the eight indi-
cators, rather than as separate latent dimensions.
Burton-Jones and Straub (2006) argued that sys-
tem usage should be conceptualized according to
the nature and extent of users’ interactions with a
system in a specific nomological context. Similarly,
Doll and Torkzadeh (1998) demonstrated that sys-
tem use can be captured through multiple activi-
ties reflecting how extensively technology is em-
ployed in organizational work, while Venkatesh et
al. (2012) positioned technology-use behavior as an
overall behavioral construct. Accordingly, the indi-
cators were specified as reflective manifestations of
the overall intensity of Generative Al Use for work-
place learning, expressed through frequency, fea-
ture breadth, and depth of interaction. A first-order
reflective specification is appropriate when indica-
tors are viewed as observable consequences of the
same latent construct and are expected to covary
(Jarvis et al., 2003).

Workplace creativity was also modeled as a first-

order reflective construct. Zhou and George (2001)
conceptualized employee creativity as an inte-
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grated work behavior involving the generation,
expression, and application of ideas that are both
novel and useful. Although the 13 items describe
different manifestations of creative behavior, such
as identifying opportunities, proposing new ap-
proaches, and developing practical solutions, they
do not represent independent dimensions. Instead,
they reflect a common underlying tendency to be-
have creatively at work. Therefore, treating work-
place creativity as a single first-order latent vari-
able is theoretically consistent with the original
scale and with reflective measurement principles,
under which variation in the latent construct is ex-
pected to produce corresponding variation across
its observed indicators (Jarvis et al., 2003; Zhou &
George, 2001).

Overall, the measurement specification bal-
ances conceptual breadth and model parsimony.
Learning Agility is represented as a second-order
construct because its three dimensions capture
distinguishable components of a broader adaptive
learning capability. In contrast, Generative AI Use
and Workplace Creativity are treated as first-order
constructs because their indicators are intended to
represent unified patterns of technology-use behav-
ior and creative work behavior, respectively. The
appropriateness of these specifications was sub-
sequently evaluated through confirmatory factor
analysis, standardized factor loadings, internal con-
sistency reliability, and Average Variance Extracted.

2.4. Data collection procedure

The questionnaire was distributed online to em-
ployees who met the screening criteria. Before
completing the questionnaire, respondents were
informed about the purpose of the study, the vol-
untary nature of participation, and the anonym-
ity of their responses. No personally identifiable
information was collected. Respondents provided
informed consent electronically before proceed-
ing to the survey. The collected data were used
only for academic purposes and analyzed in ag-
gregate form.

2.5. Data analysis
Data analysis comprised four stages. First, com-

mon method bias was assessed using Harman’s
single-factor test because all variables came from

http://dx.doi.org/10.21511/kpm.10(3).2026.11



one self-report questionnaire. All items were en-
tered into an unrotated principal component anal-
ysis. Common method bias was considered un-
likely to be serious when the first factor explained
less than 50% of total variance. This test was in-
terpreted alongside controls, including anonymity,
voluntary participation, neutral wording, and sep-
aration of predictor, mediator, and outcome items.

Second, the measurement model was evaluated
through standardized factor loading, Cronbach’s
Alpha, and Average Variance Extracted. Indicators
were considered valid when standardized loadings
exceeded 0.70. Internal consistency was acceptable
when Cronbach’s Alpha was at least 0.70, while
convergent validity was supported when AVE ex-
ceeded 0.50. Generative AI Use and Workplace
Creativity were modeled as first-order constructs.
Learning Agility was modeled as a second-order
construct consisting of Developing Leadership/
Growth, Seeking Feedback, and Developing
Systematically.

Third, overall model fit was assessed using Chi-
square, degrees of freedom, probability value,
CMIN/DF, GFI, AGFI, RMSEA, TLI, and CFIL
Chi-square was interpreted cautiously because it
is sensitive to sample size and model complexity. A
CMIN/DF below 3.00 indicated acceptable fit. GFI
and AGFI of at least 0.90 were preferred. RMSEA
values below 0.08 indicated acceptable fit and val-
ues below 0.05 indicated close fit. TLI and CFI val-
ues above 0.90 were considered acceptable.

Data analysis was conducted using IBM SPSS
Statistics version 26 and IBM SPSS AMOS ver-
sion 22. IBM SPSS Statistics 26 was used to as-
sess potential common method bias through
Harman’s single-factor test, in which all mea-
surement items were entered simultaneously
into an unrotated principal component analysis.
The remaining analyses, including confirmatory
factor analysis, measurement model evaluation,
overall model-fit assessment, structural path
testing, and mediation analysis, were performed
using SPSS AMOS 22. Model parameters were
estimated using the maximum likelihood esti-
mation method. The significance of the indirect
relationship between Generative AI Use and
Workplace Creativity through Learning Agility
was assessed using bias-corrected bootstrap-

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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ping with 5,000 resamples and a 95% confidence
interval. An indirect relationship was consid-
ered statistically significant when the bootstrap
confidence interval did not include zero. The
structural coefficients reported in the hypoth-
eses-testing tables are standardized estimates,
together with their standard errors, critical ra-
tios, and p-values. Standardized estimates were
used to evaluate factor loadings and to compare
the relative strength of relationships among
constructs.

3. RESULTS

3.1. Respondent demographic profile

Table 2 presents the demographic and professional
characteristics of 286 respondents. Male employ-
ees represented 65.0% of the sample, while female
employees accounted for 35.0%. The respondents
were predominantly young, with 54.9% aged be-
tween 20 and 26 years and 35.0% aged between 27
and 32 years. Only 10.1% were older than 32 years.
Regarding educational background, 60.1% had
completed senior high school, 30.1% held a diplo-
ma, and 9.8% held a Bachelor’s degree.

Most respondents worked in frontline positions.
Sales employees represented 75.2% of the sample,
while cashiers and supervisors or managers each
accounted for 10.1%. Back-office employees repre-
sented the remaining 4.5%. In terms of work ex-
perience, 39.9% had worked for less than one year
and 35.0% had between one and three years of ex-
perience. Therefore, 74.9% of the respondents had
no more than three years of work experience.

The respondents also reported relatively frequent
use of Al at work. Half of the sample used Al
daily, while 35.0% used it several times per week.
A further 10.0% used AI weekly, and only 5.0%
used it less than once per week. Geographically,
80.1% of respondents worked in Jakarta, 15.0%
in Tangerang, and 4.9% in Depok. Regarding the
main Al tool used, 75.2% reported using Gemini/
Google Cloud AT, 19.9% used ChatGPT, and 4.9%
used other platforms. Overall, the sample primar-
ily represented young, early-career frontline em-
ployees who used Al frequently in their workplace
activities.
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Table 2. Respondent characteristics

Source: Authors’ work (2026).

Characteristics Category Frequency Percentage
i Male 186 65.00%
Female 100 LE00%
20-26 years 157 54.90%
Aee 27:32 years 100 3500%
> 32 years 29 10.10%
senior high school V2 o 8020
Education Diploma 86
Bachelor’s degree 28
Sales 215
. Cashier 29
Position
Super\(‘lsor/man“auger 29
Back office 13
<1year 114
) 1-3 years 100
Work experience -
3-5 years 43
>5years 29
Daily ) 143
Several times per week 100
Al usage at work -
Weekly 29
Less than weekly 14
Jakarta 229
Location Tangerang 43
Depok 14
ChatGPT 57
Main Al tool Gemin'i‘/GoogIe'Q‘Ioud Al 215
i Others 14

3.2. Common method bias

Common method bias was assessed using
Harman’s single-factor test because all study vari-
ables were collected from the same respondents
through a single questionnaire at one point in time.
All 39 measurement items were entered simulta-
neously into an unrotated principal component
analysis. The results showed that the first extract-
ed component had an eigenvalue of 17.536 and ex-
plained 44.965% of the total variance. Because this
proportion was below the conventional threshold
of 50%, no single factor accounted for the majority
of the variance in the observed indicators (Fuller
et al,, 2016). This finding suggests that common
method variance was unlikely to dominate the re-
lationships among Generative AI Use, Learning
Agility, and Workplace Creativity.

3.3. Measurement model

Table 3 presents the results of the validity and
reliability assessment for the first-order and sec-
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ond-order constructs. All standardized factor
loadings exceeded the recommended minimum
value of 0.70, indicating satisfactory indicator re-
liability and convergent validity. For Generative
AT Use, the loading factors ranged from 0.711 to
0.780, with GAIU1 showing the highest loading
and GAIUS the lowest. Although GAIUS had the
smallest loading, its value remained above the ac-
ceptable threshold, meaning that all eight indica-
tors adequately represented the GAIU construct.
Workplace Creativity also demonstrated satisfac-
tory indicator reliability, with standardized load-
ings ranging from 0.713 to 0.807. WC10 had the
strongest contribution to the construct, whereas
WC1 showed the lowest loading. Since all WC in-
dicators exceeded 0.70, no indicator needed to be
removed based on factor loading.

Learning Agility was modeled as a second-order
construct consisting of Developing Leadership/
Growth, Seeking Feedback, and Developing
Systematically. The three first-order dimensions
loaded strongly on the higher-order Learning

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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Table 3. Convergent validity and reliability test

i Measurement |

Construct
order

¢ Dimension/indicator

Source: Authors’ work (2026).

Standardized

factor loading AVE

Cronbach’s Alpha

Generative Al Use

(GAIU) First order

Growth (DL)
Seeking Feedback (SF)
‘ Developin

g Systematically
(

D3)

First-order
dimension of LA

Developing
Leadership (DL)

First-order
dimension of LA

Seeking Feedback
(SF)

905

566

First-order
dimension of LA

Developing
Systematically (DS)

Workplace Creativity

(WO) First order

Agility construct, with standardized coefficients
of 0.861 for DL, 0.908 for SF, and 0.822 for DS.
Seeking Feedback was therefore the strongest di-
mension in representing Learning Agility, fol-
lowed by Developing Leadership and Developing
Systematically. Nevertheless, all three coefficients
were substantially above 0.70, providing empiri-

http://dx.doi.org/10.21511/kpm.10(3).2026.11

cal support for the second-order specification of
Learning Agility. At the first-order level, the in-
dicators of DL had loading factors ranging from
0.766 to 0.800, SF from 0.775 to 0.822, and DS
from 0.743 to 0.821. These results confirm that
the items consistently represented their respective
dimensions.
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The reliability results also indicate satisfactory
internal consistency. Cronbach’s Alpha values
were 0.905 for GAIU, 0.860 for the second-order
Learning Agility construct, 0.920 for DL, 0.867
for SF, 0.886 for DS, and 0.946 for WC. All val-
ues exceeded the recommended threshold of 0.70,
demonstrating that the indicators within each
construct were internally consistent. The relatively
high reliability of WC indicates excellent consis-
tency among its indicators, while remaining below
the level commonly associated with excessive item
redundancy.

Convergent validity was further supported by
the Average Variance Extracted values. The AVE
values were 0.566 for GAIU, 0.747 for second-or-
der LA, 0.620 for DL, 0.631 for SF, 0.596 for DS,
and 0.570 for WC. Since all AVE values exceeded
0.50, each construct explained more than half of
the variance in its indicators. The AVE of 0.747
for Learning Agility also confirms that the three
dimensions share a substantial amount of vari-
ance in representing the higher-order construct.
Overall, the results demonstrate that the measure-
ment model satisfies the requirements for indica-
tor reliability, internal consistency, and convergent
validity. Therefore, the constructs are considered
valid and reliable for subsequent structural model
testing.

Table 4. Discriminant validity of first-order
constructs

Source: Authors’ work (2026).

GAIU . DL | SF | DS

: WC
10716
0616
0691

Construct

Discriminant validity was assessed using the het-
erotrait-monotrait ratio of correlations and the
Fornell-Larcker criterion. To present the findings
concisely, the square roots of AVE are reported on
the diagonal, inter construct correlations are pre-
sented below the diagonal, and HTMT ratios are
shown above the diagonal. Table 4 shows that at
the first-order level, HTMT values ranged from
0.598 to 0.788, remaining below the conservative
threshold of 0.85. The highest HTMT value was
observed between Developing Leadership/Growth
and Seeking Feedback. This relatively strong as-
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sociation was theoretically reasonable because
both are related dimensions of the higher-order
Learning Agility construct.

Table 5. Discriminant validity of second-order
constructs

Source: Authors’ work (2026).

Construct GAIU | LA wcC
GAIU 0.752 : 0.735 : 0.716
W o ose o
WC 0.717 0.737 0.755

The Fornell-Larcker results also supported first-
order discriminant validity because the square
root of the AVE for each construct exceeded its
correlations with the other constructs. Although
the correlation between Developing Leadership/
Growth and Seeking Feedback was relatively high
at 0.782, it remained below their respective square
roots of AVE of 0.788 and 0.794.

Table 5 shows that at the second-order level, the
HTMT values were 0.735 between Generative
Al Use and Learning Agility, 0.716 between
Generative AI Use and Workplace Creativity, and
0.735 between Learning Agility and Workplace
Creativity. Bias-corrected bootstrapping with
5,000 resamples further indicated that none of
the 95% confidence intervals included 1.00. The
Fornell-Larcker criterion was also satisfied be-
cause the square roots of AVE for Generative Al
Use, Learning Agility, and Workplace Creativity
exceeded all corresponding inter construct cor-
relations. Overall, both assessment methods sup-
ported the discriminant validity of the first-order
dimensions and the second-order constructs.

3.4. Goodness-of-fit

Table 6 indicates that the proposed model dem-
onstrates an overall acceptable to good fit with
the empirical data. The Chi-square value was
1,032.893 with 696 degrees of freedom and a sta-
tistically significant probability value of less than
0.001. Although a non-significant Chi-square is
conventionally preferred, this statistic is highly
sensitive to sample size and model complexity.
Therefore, the Chi-square result should not be
interpreted independently but should be evalu-
ated together with other fit indices. The normed
Chi-square value, represented by CMIN/DF, was

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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Source: Authors’ work (2026).

Index Value Cut-off Evaluation Source

. ) Significant, interpreted with
Chi-square (x?) 1,032.893 | Smaller value is preferred J other indri)ces
Degree:z:s of freeélicj)m (df) 696 Descriptive infor:rjriw‘;'a”ﬁ‘(;r:] Adequate
Probability value ) <0.001 >0.05 Not fulfilled
Normed Chi-square (CMIN/DF) 1.484 <300 Good fit Hair et al. (2019),
Goodness-of-Fit Index (GFI) 0.852 2090 Marginal fit Hu and Bentler
Adjusted Goodness-of-Fit Index (AGFI) 0.834 2090 Marginal fit (1999)
izgtr;\jle;;‘hsj;‘?@igz; of 0.041 <0.08 Good fit
Tucker:-:Lewis In(ﬁéx (TLI) 0.952 >0.90 Good fit
Comparative Fit Index (CFl) 0.955 >0.90 Good fit

1.484, which is below the recommended threshold
of 3.00. This result indicates that the discrepancy
between the observed covariance matrix and the
model-implied covariance matrix remains within
an acceptable range.

The Root Mean Square Error of Approximation
value was 0.041, which is below the commonly rec-
ommended threshold of 0.08 and also below the
more stringent criterion of 0.05. This finding indi-
cates a close approximate fit and suggests that the
model has a relatively low level of specification er-
ror. The incremental fit indices also demonstrated
satisfactory results. The Tucker-Lewis Index was
0.952 and the Comparative Fit Index was 0.955,
both exceeding the recommended threshold of
0.90 and the stricter benchmark of 0.95. These val-
ues show that the proposed model provides a sub-
stantially better representation of the data than
the baseline independence model.

However, the Goodness-of-Fit Index of 0.852
and the Adjusted Goodness-of-Fit Index of 0.834
remained below the conventional threshold of
0.90. These indices therefore indicate marginal
fit and suggest that the model does not achieve
uniformly strong fit across all evaluation crite-
ria. Nevertheless, GFI and AGFI are sensitive to
sample size, the number of indicators, and model

Table 7. Direct relationships

complexity. Considering the satisfactory CMIN/
DF, low RMSEA, and strong TLI and CFI values,
the model can be classified as having an accept-
able to good overall fit.

Table 7 shows that Generative AI Use was positively
and significantly associated with Learning Agility,
with a standardized coefficient of 0.738, a critical
ratio of 9.625, and a p-value below 0.001. Thus, H]I
was supported. This result indicates that employ-
ees reporting more intensive use of generative Al
for workplace learning also tended to report higher
levels of learning agility. The relatively large critical
ratio suggests that this relationship was estimated
with considerable statistical precision.

Learning Agility was also positively and signifi-
cantly associated with Workplace Creativity. The
coeflicient was 0.484, with a critical ratio of 5.531
and a p-value below 0.001, supporting H2. This
finding suggests that employees who were more
capable of learning from experience, seeking feed-
back, and systematically adapting their develop-
ment were also more likely to demonstrate cre-
ative behavior in the workplace.

The direct relationship between Generative AI Use

and Workplace Creativity was positive and statis-
tically significant, with a coefficient of 0.408, a

Source: Authors’ work (2026).

Hypothesis Stru_ctura_l Starjdardlzed Standard error Critical ratio p-value Decision
i relationship estimate (B) :
H1 {GAIU > LA 0.738 0.077 9.625 <0.001 Supported
M2 AASWC o 04s4 . 008 5531 1 <0001 . Supported
H3 i GAIU > WC 0.408 0.083 4.907 <0.001 Supported

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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Table 8. Direct relationship

Source: Authors’ work (2026).

BC 95% Cl lower
bound

Hypothesis/indirect
relationship

BC 95% Cl upper
bound

p-value Decision

H4: GAIU - LA - WC 0.179

0.509

0.002 Supported

critical ratio of 4.907, and a p-value below 0.001.
Therefore, H3 was supported. Generative AI Use
retained a positive and statistically significant di-
rect relationship with Workplace Creativity after
Learning Agility was included in the structural
model.

Table 8 shows that the indirect relationship be-
tween GAIU and Workplace Creativity through
Learning Agility was statistically significant. The
bias-corrected 95% confidence interval ranged
from 0.179 to 0.509, and the p-value was 0.002.
Because the confidence interval did not include
zero, H4 was supported. This result provides
bootstrap-based evidence of a statistically signifi-
cant indirect association between Generative Al
Use and Workplace Creativity through Learning
Agility. Given the cross-sectional design, the find-
ing represents a pattern consistent with media-
tion rather than evidence of a definitive causal
mechanism.

The findings are consistent with complementary
partial mediation because both the direct rela-
tionship between GAIU and Workplace Creativity
and the indirect relationship through Learning
Agility were positive and statistically significant.
Generative Al Use was therefore statistically relat-
ed to Workplace Creativity through two pathways:
a direct relationship with creative work behavior
and an indirect association through Learning
Agility. This interpretation describes the pattern
observed in the structural model without estab-
lishing temporal or causal ordering among the
constructs.

Substantively, the findings suggest that Generative
AT Use may be associated with employees’ access
to cognitive resources for idea exploration and
problem solving. Learning agility represents an
additional statistical pathway linking Generative
ATl Use with Workplace Creativity, as employees
reporting greater Learning Agility may also be
more inclined to reflect on, adapt, and transfer
Al-supported knowledge across work situations.
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Because the study uses cross-sectional data, these
findings should be interpreted as direct and indi-
rect statistical associations rather than as evidence
that Generative AI Use or Learning Agility caus-
ally produces Workplace Creativity.

4. DISCUSSION

The positive and statistically significant associa-
tion between Generative AI Use and Learning
Agility indicates that employees who reported
more intensive use of generative Al for workplace
learning also tended to report stronger adaptive
learning capabilities. This finding is particular-
ly relevant in electronic retail, where employees
regularly encounter product updates, technical
comparisons, changing customer preferences, and
situational service demands. Generative Al tools
may provide accessible explanations, alternative
responses, and product-related scenarios that em-
ployees can use as learning resources during their
daily work. The observed relationship is consistent
with Rigolizzo and Zhu (2020), who emphasized
the importance of reflection and awareness in
workplace learning.

The finding is also consistent with the view that
Learning Agility involves repeated engage-
ment with experience, feedback, and adjustment.
Employees who use generative AI more exten-
sively may have greater opportunities to compare
alternative explanations, question their initial un-
derstanding, and consider different responses to
workplace problems. Such activities correspond
with the adaptive and experimental characteris-
tics of Learning Agility described by DeRue et al.
(2012) and Wolor et al. (2025). In electronic retail,
this association is particularly meaningful be-
cause employees often need to transfer knowledge
acquired from one customer interaction to an-
other. The result also aligns with Bobrowicz and
Thibaut (2023), who highlighted the importance
of flexible problem solving when individuals en-
counter changing or unfamiliar situations.

http://dx.doi.org/10.21511/kpm.10(3).2026.11



From the perspective of Social Cognitive Theory,
the association between Generative AI Use and
Learning Agility can be interpreted as a relation-
ship between employees’ engagement with a tech-
nology-enabled learning environment and their
personal adaptive capacity. Generative AI tools
provide environmental resources in the form of
explanations, examples, feedback, and possible
solutions, whereas the measured usage construct
reflects how actively employees engage with these
resources. Employees reporting broader and deep-
er use also reported stronger tendencies to seek
feedback, reflect on experience, and develop sys-
tematically. However, the cross-sectional design
does not establish whether Generative AI Use pre-
cedes the development of Learning Agility, wheth-
er learning-agile employees are more likely to use
Al intensively, or whether both processes occur
reciprocally.

The positive and statistically significant direct asso-
ciation between Generative AI Use and Workplace
Creativity indicates that employees who reported
more intensive use of generative Al for workplace
learning also tended to report higher levels of cre-
ative work behavior, even after Learning Agility
was included in the model. In electronic retail, gen-
erative Al tools may expand employees” access to
product information, alternative explanations, cus-
tomer-response scenarios, and possible solutions to
service problems. These resources may be associ-
ated with employees’ ability to generate useful ideas,
adapt product recommendations, and consider dif-
ferent ways of responding to customer needs.

This finding is consistent with Jia et al. (2024), who
demonstrated that artificial intelligence can aug-
ment employee creativity when workers actively
integrate Al-generated information into their
tasks. It also aligns with Lee and Chung (2024),
who found that interaction with generative Al
can be associated with creative performance by
expanding the range of ideas considered during
problem solving. The present result suggests that
Generative Al Use is relevant not only as a source
of information but also as a resource that employ-
ees may draw upon when developing alternative
approaches to work-related situations.

Nevertheless, the significant association should
not be interpreted as evidence that generative

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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AT automatically produces creative behavior. Al-
generated content still requires human evaluation,
contextual judgment, and adjustment before it can
be applied in customer-facing work. In electronic
retail, an explanation that appears technically cor-
rect may not necessarily suit a customer’s level of
understanding, budget, or immediate needs. The
findings are therefore consistent with Vredenburg
et al. (2024), who emphasized the importance of
employee improvisation and contextual adapta-
tion in creating value during service encounters.
Generative Al Use may provide greater access
to creative resources, but the usefulness of those
resources remains associated with how employ-
ees interpret and apply them in specific work
situations.

The positive and statistically significant associa-
tion between Learning Agility and Workplace
Creativity indicates that employees who reported
stronger tendencies to learn from experience, seek
feedback, and adapt systematically also tended to
report higher levels of creative behavior. This rela-
tionship is particularly relevant in electronic retail
because creativity often appears through practical
service behaviors, such as explaining technical fea-
tures more clearly, adjusting recommendations to
customer preferences, or proposing alternative so-
lutions when standard approaches are ineffective.

Learning-agile employees may be more willing to
question existing routines, consider feedback, and
revise their approaches when workplace condi-
tions change. These tendencies correspond with
the cognitive flexibility and adaptive learning
processes associated with creative and innovative
work behavior (Bouland-van Dam et al., 2022; Jo
& Hong, 2022). The result also supports the ar-
gument that experimentation and reflection are
closely related to the development of useful work-
place ideas. Bojinov and Gupta (2022) emphasized
that experimentation allows individuals to com-
pare alternatives and learn from outcomes, while
Mathafena and Grobler (2020) linked proactive
experimentation with workplace improvement.

The relationship should nevertheless be interpret-
ed as an observed statistical association rather
than as evidence that learning agility directly pro-
duces creativity. It is also plausible that employees
who frequently engage in creative work become
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more reflective, feedback oriented, and adaptive
over time. Besides, organizational conditions such
as job autonomy, supervisory support, workload,
and climate for creativity may be associated with
both constructs. The current findings therefore
support the theoretical relevance of Learning
Agility to Workplace Creativity while leaving the
temporal and reciprocal nature of this relation-
ship open for future investigation.

The mediation analysis provides an impor-
tant theoretical insight into how Generative Al
Use for workplace learning is associated with
Workplace Creativity. The results showed that
both the direct relationship between Generative
AI Use and Workplace Creativity and the indi-
rect relationship through Learning Agility were
positive and statistically significant. This pattern
is consistent with complementary partial media-
tion, indicating that Generative AI Use is related
to Workplace Creativity through more than one
pathway. Employees may benefit directly from
access to alternative ideas, explanations, and
problem-solving perspectives, while Learning
Agility provides an additional pathway through
which Al-supported information is evaluat-
ed, adapted, and transferred into useful work
practices. This interpretation is consistent with
Benbya et al. (2024), who argued that generative
AT can expand the cognitive resources available
for knowledge and creative work, and with Jia et
al. (2024), who showed that AI can augment em-
ployee creativity when workers actively integrate
Al-generated input into their tasks.

The significant direct relationship suggests that
Generative Al Use may be associated with cre-
ativity even after employees’ Learning Agility
is considered. AI tools can support idea genera-
tion, provide alternative product explanations,
and help employees explore different responses
to customer needs. Previous findings similarly
indicate that generative AI can support creative
performance by increasing access to ideas and
reducing the cognitive effort required during
early stages of problem solving (Lee & Chung,
2024). However, the significant indirect relation-
ship shows that access to Al-generated infor-
mation alone does not fully explain Workplace
Creativity. Employees also need the capacity to
reflect on feedback, question initial responses,
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experiment with alternatives, and apply learning
across different situations. This interpretation is
consistent with Ouyang (2025) and Tomisu et al.
(2025), who emphasized the importance of self-
regulated learning and metacognitive processes
in Al-supported learning environments. Ahn
(2024) also found that the value of AI-supported
learning extends beyond information access
when learners can apply acquired knowledge to
relevant tasks.

The findings therefore suggest that Learning
Agility is not the only pathway linking Generative
AT Use with Workplace Creativity, but it repre-
sents an important adaptive learning pathway.
Employees with stronger Learning Agility may be
better able to assess the accuracy and relevance
of Al-generated recommendations, modify them
to suit particular customer situations, and learn
from the outcomes of their application. This is
especially relevant in electronic retail, where em-
ployees must translate technical product infor-
mation into clear explanations and respond flex-
ibly to diverse customer preferences. The findings
are also consistent with Bouland-van Dam et al.
(2022), who conceptualized Learning Agility as
a multidimensional adaptive capacity involving
growth orientation, feedback seeking, and system-
atic development.

From the perspective of Social Cognitive Theory,
generative Al tools can be understood as part
of the digital learning environment, while
Generative Al Use reflects employees’ active en-
gagement with that environment. Learning agil-
ity represents a personal adaptive capacity associ-
ated with how employees interpret, evaluate, and
apply Al-supported information, whereas work-
place creativity reflects a work-related behavioral
outcome associated with these environmental
and personal factors. The results therefore ex-
tend the application of Social Cognitive Theory
to Al-supported workplace learning by showing
that Generative AI Use is statistically associated
with creative behavior both directly and indirectly
through Learning Agility. Nevertheless, because
the study used cross-sectional data, these relation-
ships should be interpreted as associations consis-
tent with complementary partial mediation rather
than as evidence of causal or temporally ordered
processes.

http://dx.doi.org/10.21511/kpm.10(3).2026.11
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CONCLUSION, LIMITATIONS AND IMPLICATION

This study examined the relationships among Generative AI Use for Workplace Learning, Learning Agility,
and Workplace Creativity among electronic retail employees in Indonesia. The findings showed that
Generative AI Use was positively associated with Learning Agility And Workplace Creativity. Learning
Agility was positively associated with Workplace Creativity. Bootstrap analysis indicated a significant indi-
rect relationship between Generative AI Use and Workplace Creativity through Learning Agility. Because
both the direct and indirect relationships were significant, the findings support complementary partial me-
diation. Thus, Generative AI Use was related to Workplace Creativity both directly and through employees’
adaptive learning capacity.

Theoretically, this study applies Social Cognitive Theory to generative Al-supported workplace learn-
ing by distinguishing between Al-enabled environmental resources and employees’ use of those resourc-
es. Generative Al tools provide information, feedback, and alternative problem-solving approaches within
the digital work environment, while the measured usage construct reflects employees’ behavioral engage-
ment with these resources. Learning Agility represents a personal adaptive capacity associated with how
Al-supported information is evaluated and transferred across work situations, and Workplace Creativity rep-
resents a related behavioral outcome. The findings therefore demonstrate the relevance of SCT for explain-
ing the relationships among technology-enabled learning resources, adaptive learning capacity, and creative
work behavior. However, the study examines only a directional segment of the broader SCT framework and
does not test reciprocal causation among environmental, personal, and behavioral factors.

Practically, electronic retail managers should not treat generative AI only as an instant-answer or productiv-
ity tool. Employees should be encouraged to use it for idea exploration, product comparison, scenario de-
velopment, and customer-service problem solving. Organizations should also strengthen Learning Agility
through feedback seeking, reflective questioning, experimentation, verification of Al-generated content, and
learning transfer.

Several limitations should be acknowledged. All variables were measured through self-reports collected at
one point in time, creating common method bias risk. Although Harman’s single-factor test suggested that
no single factor dominated the variance, this risk cannot be fully excluded. Besides, GFI and AGFI remained
below conventional thresholds, and the Indonesian sector-specific sample limits generalizability. Future re-
search should use longitudinal, time-lagged, or experimental designs, include supervisor or co-workers’ rat-
ings, examine contextual moderators, and test the model across industries, countries, and organizational
levels.
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APPENDIX A

Source: Authors’ work (2026).
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