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1 Introduction

The outbreak of COVID-19 posed an unprecedented
global disruption that fundamentally compromised
students' well-being and educational continuity,
compelling institutions worldwide to accelerate the
transition toward online learning as a sustainable
alternative to conventional face-to-face instruction.
In response, educational institutions and content
providers have substantially redirected resources
toward the development and expansion of e-learning
infrastructures, drawing upon recent advancements
in internet technologies to ensure uninterrupted
access to quality education, [1], [2]. Online learning,
a derivative of self-directed learning, has replaced
the project-based notion of independent formats,
fostering highly interactive and collaborative
educational environments, [3]. Studies have shown
that self-directed learning increases students'
confidence in independent learning, [4], [5].
Previously, research on the effects of science and
technology on learning behavior primarily focused
on cognitive theory, [6], [7], [8], and attitude
theories, [9], [10]. The present study integrated
these two research orientations to clarify how
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modern technology affects behavioral cognition and
attitudes about online self-directed learning.

Previous studies have frequently employed the
Technology Acceptance Model (TAM) to explore
users' behavioral intentions, [7], [11]. The task-
technology fit (TTF) theory has gained prominence,
and scholars are increasingly integrating the TTF
model (TTFM) and TAM to delve into behaviors
and tendencies related to internet use, [12], [13],
[14], [15]. Thus, the present study aims to integrate
the TAM and TTFM to examine the factors
influencing behavioral intentions to use FinTech-
based online resources for self-directed online
learning. The potential impact of our findings on the
future of online learning is significant, and we hope
that our research will contribute to the continued
evolution and improvement of this field.

2 Methodology Section

2.1 Self-directed Learning
Self-directed  learning (SDL)
considerable attention as a

has  garnered
transformative
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pedagogical approach that repositions learners as
active agents in their own educational development,
cultivating a strong sense of autonomy,
independence, and personal accountability. Beyond

promoting self-governance, SDL systematically
nurtures a  constellation  of  higher-order
competencies — including critical thinking,

problem-solving, self-assessment, and adaptability
— that are increasingly recognized as indispensable
across both academic and professional domains, [2],
[14], [16]. SDL is defined not by specific tools or
platforms but by its emphasis on learner agency.
SDL is characterized not by the medium through
which learning occurs, but by the degree of agency
exercised by the learner. Fundamentally, it
encompasses a cyclical process in which individuals
independently plan their learning objectives, execute
the corresponding activities, and critically evaluate
their own progress — all with limited reliance on
external instruction, [17], [18]. Within SDL-oriented
environments, educators undergo a fundamental role
transformation transitioning from primary
knowledge transmitters to supportive facilitators
who assist learners in articulating meaningful goals,
locating appropriate resources, and engaging in
critical reflection on their own progress. Empirical
evidence consistently indicates that the adoption of
personalized learning objectives, differentiated
learning pathways, and structured reflective
practices is positively associated with elevated
levels of learner engagement, satisfaction, and
academic achievement, [19].

Technology has quietly reshaped how SDL
works in practice. With virtual classrooms, mobile
learning apps, MOOCs, and learning management
systems now widely available, students can access a
broad range of content whenever and however they
need it. This accessibility has steadily pushed SDL
into digital territory, leading researchers to identify
a distinct phenomenon they call self-directed online
learning (SDOL). Studies exploring this area
consistently find that learners who engage in SDOL
tend to perform better and report more meaningful
learning experiences, whether in school or at work,
[1], [2], [20], [21]. In this study, SDL is
operationalized as students' proactive engagement
with FinTech-related online learning resources.

2.2 Behavioral Theory

What makes people decide to act — or not — has
puzzled researchers in social psychology and
information systems for decades. One of the earliest
and most widely cited attempts to answer this
question is the Theory of Reasoned Action (TRA),
proposed by [22] At its core, TRA argues that
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before someone acts, two things shape their
intention: whether they personally see the behavior
as worthwhile, and whether the people they care
about would approve of it. In other words, both
personal judgment and social expectation play a
hand in pushing someone toward — or away from
— a given action. Recognizing the limitations of
TRA in accounting for non-volitional behaviors,
[23] extended the model by developing the Theory
of Planned Behavior (TPB). TPB builds on this by
adding a third element — how much control a
person feels they actually have over the behavior. If
something seems too difficult or out of reach, even
the best intentions may not be enough to follow
through, [24]. This extension enables TPB to better
account for external constraints and facilitating
conditions that may influence behavioral execution,
thus enhancing its predictive utility, [25], [26], [27].

Drawing from these behavioral theories, [7]
introduced the Technology Acceptance Model
(TAM) to shed light on why people choose to use —
or avoid — information technology. The model
centers on two beliefs: whether a person thinks a
technology will actually make their work easier, and
whether they find it simple enough to use without
much effort. Over the years, researchers across a
wide range of fields have put TAM to the test and
repeatedly found it holds up well in explaining
technology adoption behavior, [28], [29], [30], [31],
[32].

While TPB and TAM each started out as separate
frameworks, researchers have since made a
compelling case for combining them — arguing that
what one model misses, the other tends to cover

[16], [33], [34], [35], [36]. Combining the two
models gives researchers a more complete picture
— one that accounts for how people think, what
others expect of them, and how much control they
feel they have, all at once. A good example of this
overlap is how easily a technology can be used,
which some scholars treat as a direct reflection of
how much control a person perceives over their own
behaviour [34]. While subjective norms have been
linked to perceived usefulness, either as a
moderating variable [34] or as a direct predictor.

Nevertheless, TAM's explanatory scope remains
constrained; empirical evidence suggests that the
model accounts for approximately 40% of the
variance in system usage, leaving a considerable
portion of user behavior unexplained, [37]. In
response to the shortcomings observed when TAM
and TPB are applied in isolation, researchers have
advocated for incorporating the Task-Technology
Fit (TTF) model originally proposed by as a means
of strengthening the overall explanatory framework,

Volume 23, 2026



WSEAS TRANSACTIONS on BUSINESS and ECONOMICS
DOI: 10.37394/23207.2026.23.57

[15]. Central to TTF is the notion that a technology's
value is contingent upon how well its capabilities
align with the demands of the tasks it is meant to
support.

Whereas TAM focuses on individual perceptions
of a system's utility and usability, TTF shifts
attention to whether the technology is genuinely
suited to the tasks at hand. By combining these
perspectives, the integrated model allows both
researchers and practitioners to move beyond the
question of adoption intent and examine whether a
given technology can realistically support users'
objectives and day-to-day workflows, [14].

2.3 Task-technology Fit Model

This integrated perspective holds particular
relevance in technology-mediated learning contexts,
where it is not sufficient for learners to simply view
a system favorably — the technology must also
prove capable of addressing their specific academic
demands and learning objectives. The TTF model
challenges the assumption that technology adoption
is driven purely by user attitudes, arguing instead
that what matters most is the degree to which a
system's capabilities correspond to the functional
demands of the tasks users are required to carry out.
When this correspondence is strong, users are better
positioned to complete tasks efficiently and
productively. When it is weak, however, the
mismatch tends to generate user frustration,
diminished performance, and a failure to fully
utilize the system's potential, [15].

At its core, TTF centers on the correspondence
between what a technology offers and what a task
actually requires. This alignment is shaped by
multiple factors, including the nature and
complexity of the tasks involved, the functional
capabilities of the technology, and the proficiency of
the users themselves. Beyond these individual-level
considerations, organizational conditions — such as
institutional backing and the accessibility of
necessary resources — also play a meaningful role
in determining how effectively technology can
support task execution, [38], [39], [40], [41]. When
a technology is deliberately structured to correspond
with users' actual work or learning demands, it
lowers cognitive load, creates space for
experimentation, and fosters the emergence of
innovative approaches to problem-solving, [15].
TTF is shaped by three broad categories of
antecedents: characteristics of the task (such as
complexity, structure, and interdependence),
characteristics of the technology (such as usability,
functionality, and reliability), and characteristics of
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the individual user (such as skill level, motivation,
and prior experience).

Within the context of online self-directed
learning, TTF reflects the extent to which digital
tools — encompassing platforms, content resources,
and interactive features are capable of
meaningfully supporting learners in pursuing their
educational ~ objectives. = Where a  strong
correspondence exists between learning task
demands and technological capabilities, learners
tend to demonstrate higher levels of engagement,
greater satisfaction with the learning experience,
and more favorable academic outcomes, [42].

A critical antecedent of TTF in learning
environments is the concept of flow experience,
introduced by [43]. Flow denotes a psychological
state in which individuals become deeply absorbed
in an activity, experiencing a heightened sense of
control, sustained attention, curiosity, and intrinsic
motivation. Within online learning environments,
the attainment of this state has been consistently
associated with improved comprehension, stronger
knowledge retention, and greater persistence in the
face of challenges, [11], [44], [45].

Computer self-efficacy was derived from [46],
[47] Social Cognitive Theory. It refers to individuals
beliefs in their capabilities to perform computer-
related tasks. [48] adapted this concept to the
information systems (IS) domain, defining it as
confidence in one's ability to apply computer skills
in diverse settings. Importantly, computer self-
efficacy represents a learner's perceived capability
rather than their objectively measured skill level .
Those who hold strong beliefs in their own
technological competence are more inclined to
approach online platforms with confidence, actively
explore available functionalities, and sustain effort
when difficulties arise. In contrast, learners with
weaker self-efficacy beliefs are prone to heightened
anxiety, diminished participation, and less favorable
learning outcomes, [49], [50], [51].

Although TAM has proven to be a valuable
model and explains approximately 40% of online
usage, questions persist regarding behavioral
intentions toward online learning resources [50],
particularly due to variables associated with social
change processes. In this study, flow experience,
computer self-efficacy, and task-technology
characteristics are identified as key antecedents of
TTF in the online self-directed learning context.

When learners perceive strong alignment
between their educational tasks and the
functionalities of FinTech-based digital learning
tools, they experience smoother, more engaging,
and productive learning processes.
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3 Research Methodology

3.1 Conceptual Model and Hypotheses
Figure 1 presents the the conceptual framework of
TTFM employed in this study of college business
administration students and their motivation for
using FinTech as an online resource for self-directed
learning. According to the model, behavioral
intentions to adopt online FinTech resources depend
on the enlightening integration of TTF-specific
factors (task characteristics, individual flow
experience, and computer self-efficacy) and TAM-
specific factors (computer self-efficacy, PU, and
PEU). Intention refers to the extent to which the
user intends to use online FinTech resources in the
future.

Task Hb
Technology

Fit

Behavioral
Intention

Flow
Experience

Perceived \M8
Usefulness

Perceived
Ease of Use

Computer
Self
Efficacy

Fig. 1: Research model
Source: created by the authors

TAM focuses on the user’s IT capabilities as
opposed to the ability of IT to facilitate the user’s
self-learning. Thus, the TAM lacks the task attribute
facet and how IT fits the task, so it cannot
accurately represent IT evaluation results, [15]. If a
research model can explicitly incorporate task
characteristics, it can improve its interpretation of IT
use, [14]. Thus, we integrated the two theories of
TTF and the TAM to explain the variables
responsible for the willingness of individuals to use
an online self-directed learning system.

Task-technology fit model

According to this model, TTF involves three
antecedents: task characteristics, personal flow
experience, and computer self-efficacy. First, task
characteristics refer to the characteristics that
encourage users to rely on IS to perform tasks, such
as fees, website evaluation, website update speed,
and convenience, [52], [53], [54]. Previous studies
have found that task characteristics (the socio-
technical system, communications, web-based
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cooperative  learning, problem-solving, etc.)
positively affect TTF, [55], [56], [57]. Therefore,
the following hypothesis is proposed:

H1: Task characteristics positively affect TTF for
a self-directed learning student.

Second, flow experience has been studied and
identified as a possible measure of online user
experience, [58], [59], [60]. Previous research has
revealed a positive relationship between flow
experience and TTF [59], [61]. This leads to the
second hypothesis:

H2: Individual flow experience positively affects

TTF for a self-directed learning student.
Third, [47] explored whether an individual has a
strong motivation for performing a particular task or
action depending on the assessment of personal self-
efficacy, as those with high self-efficacy tend to set
higher goals. Some research has indicated that after
engaging in a particular learning activity, a student
will self-assess according to previously set goals,
[62]. These processes directly affect the individual's
self-efficacy and, in turn, the next encounter
regarding the targets set for similar work. Previous
studies of computer learning have demonstrated that
self-efficacy has a direct effect on a learner's task
characteristics and PEU, [7], [48], [63], [64], [65].
On this basis, the following hypotheses are
proposed:

H3: Computer self-efficacy positively affects
TTF for a self-directed learning student.

H4: Computer self-efficacy positively affects
PEU for a self-directed learning student.

Technology acceptance model
[63] found that if the task characteristics and system
characteristics are highly compatible, the user will
find the system easy to use. [14] found that the
suitability of TTF has a significant effect on the
PEU. [15] found that PU is subjective for the user
regarding specific IT to enhance performance and
future benefits. For example, when performing a
task activity, a user chooses an IT tool and assesses
its usefulness in supporting the task. Previous
studies have identified important antecedents of
behavioral intention toward learning websites[37],
[65], [66], [67], [68], [69], [70]. To this end, the
following hypotheses are proposed:

HS5: A student’s perceived TTF positively affects
the website’s PEU for self-directed learning.

H6: A student’s perceived TTF positively affects
the PU of the website for self-directed learning.

H7: A student’s PU positively affects the
website’s PEU for self-directed learning.
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HS8: A student’s PU positively affects the
student’s behavioral intention of using the website
for self-directed learning.

H9: A student’s PEU positively affects the
student’s behavioral intention regarding the use of
the website for self-directed learning.

3.2 Research Methodology
To explore students’ behavioral intentions to
retrieve FinTech resources from an online website
program using self-directed learning, a survey was
conducted during the second term of 2022, in which
data were gathered from college business
administration students representing 15 universities
in Taiwan using a self-reported questionnaire. In
total, 500 usable complete responses were obtained.
As an incentive for participating, all students who
completed the entire survey were offered a gift. The
mean age of the respondents was 19.15 years (SD =
.79): 215 (43%) were male and 285 (57%) were
female. The mean difference between the top-
scoring one-third (i.e., the top 166) and bottom-
scoring one-third (bottom 166) of all respondents
was assessed to test for non-response bias: no
significant statistical differences were obtained with
regard to the variables addressed in this research.
The respective p-values were .32 for task
characteristics, .51 for flow experience, .37 for
computer self-efficacy, .39 for TTF, .61 for PU, .56
for PEU, and .52 for behavioral intention. To further
validate the robustness of the sample, independent
sample t-tests, one-way ANOVA, and chi-square
tests were conducted. The t-test was employed to
examine gender differences in perceived usefulness
(PU), perceived ease of use (PEU), and behavioral
intention (BI). The ANOVA tested whether there
were significant variations in behavioral intention
across different academic years, while the chi-
square test assessed the relationship between prior
online learning experience and behavioral intention.
To further validate the robustness of the sample
and examine differences between groups, we
conducted additional analyses. Independent samples
t-tests showed no significant gender differences in
PU and PEU (e.g., PU: t = 0.98, p > .05; PEU: t =
1.24, p > .05), although the BI was slightly higher
for girls than for boys (t = 2.13, p < .05). Similarly,
one-way variance analysis also found no significant
difference in BI between grade groups (F = 1.57, p >
.05). However, chi-square tests indicated a
significant association between prior online learning
experience and BI (3> = 12.46, p < .01). We have
included these results in our analysis to present a
more comprehensive statistical profile of the
sample.
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3.3 Research Model

Based on the literature and the context of this study,
a research framework was developed in an attempt
to identify the factors responsible for affecting the
behavioral intention of self-directed learning in an
online environment. The surveys were provided in
traditional Chinese: all items included in the survey
were compiled in English and then translated into
Mandarin by translation/back-translation, [71]. The
back-translation procedure was administered to
ensure the equivalence of the scales. The instrument
was validated using both a pre-test and a pilot test.
The pre-test included 10 respondents who were
experts in the field of online learning; they were
asked to comment on the length of the instrument,
the format, and the wording of the scales. Finally,
after a pilot test involving 30 respondents, the
survey was circulated among the population of
online learning students.

For this study, the measure included six items,
and Cronbach's alpha was .94. Flow experience is
defined as the holistic experience that people feel
when they act with total involvement, [43]. We built
on the work of [59], [61] to determine respondents'
flow experience as it related to their desire to
retrieve FinTech resources from an online website
program using self-directed learning. For this study,
the measure included three items: Cronbach's alpha
was .81. Computer self-efficacy is defined as an
individual’s perceptions about salient social
referents that favor or oppose engaging in a
particular behavior, [48]. For this study, computer
self-efficacy was evaluated by questioning
respondents about the extent to which they wanted
to retrieve FinTech resources from an online
website program using self-directed learning. For
this study, the measure consisted of five items, and
Cronbach's alpha was 0.94. Task-technology fit
(TTF) measures one’s belief that IT contributes to
performance. Thus, users are more willing to accept
this technology if it has a good fit with the tasks it
supports. We adapted scales from [56], in which
respondents were asked about the extent to which
they wanted to retrieve FinTech resources from an
online website program using self-directed learning.
For this study, the measure included four items, and
Cronbach's alpha was 0.88. According to [72], [73],
an individual's perceived usefulness (PU) of
behavior is equivalent to their overall assessment of
the online website for self-directed learning. For this
study, the measure consisted of four items, and
Cronbach's alpha was 0.90.

Building on [7], [73], an individual’s perceived
ease-of-use (PEU) regarding behavior is equivalent
to their overall assessment of the online website and
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the extent to which they want to retrieve FinTech
resources from the site using self-directed learning.
For this study, the measure included four items, and
Cronbach's alpha was .84. Behavioral intentions
based on [24] measure rated an individual's
intentions by asking them about the extent to which
they wanted to retrieve FinTech resources from an
online website program using self-directed learning.
For this study, the measure included three items, and
Cronbach's alpha was .94.

4 Results and Analysis

This study used maximum likelihood estimation
procedures to estimate, [74]. Following the
guidelines proposed by [75], which suggest that the
absolute value of skewness should be greater than
three and the absolute value of kurtosis should be
greater than 10, all the items in this research met the
standard. Using (AMOS) 16.0 software, we
analyzed (1) measurement assessment, (2)
evaluation of the structural model fit, (3) hypothesis
test of the research model, and (4) direct, indirect,
and total effects.

4.1 Measurement Assessment

According to [76], items belonging to a specific
construct should converge and share a high
proportion of variance. Three major indicators of
convergent validity are factor loading, average
variance extracted (AVE), and construct reliability
(CR), [77]. According to the statistics of
confirmatory factor analysis (CFA), all of the
construct factor loadings were greater than .70 for
all items in all constructs. All of the construct values
of AVE were also greater than .52, and all of the
construct values of CR were greater than .80, as
shown in Table 1 provided in the Appendix for
clarity. Therefore, we can conclude that all
constructs in the research model had acceptable
convergence, [76], [77].

According to [77], discriminant validity is
established when the square root of the average
variance extracted (AVE) for each construct exceeds
the correlations between that construct and all other
constructs. As shown in Table 1 provided in the
Appendix for clarity. The diagonal elements of the
matrix represent the square roots of the AVE. In all
cases, the diagonal values surpass the corresponding
off-diagonal values, indicating that each construct
shares more variance with its measurement items
than with items associated with other constructs.

Discriminant validity was evaluated using two
complementary approaches. First, based on the
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Fornell-Larcker criterion, the square root of each
construct’s AVE (diagonal elements) was greater
than its correlations with other constructs (oft-
diagonal elements), suggesting that each construct
shares more variance with its own indicators than
with other constructs. Second, HTMT ratios were
computed as an additional check; all HTMT values
were below the conservative threshold of 0.85
(range = 0.42-0.78), further confirming that the
constructs are empirically distinct.

4.2 Evaluation of the Structure Model Fit
CFA using AMOS 16.0 was conducted to validate
the measurement model. The fit indices for the
model were as follows: y2 = 974.23; df = 367; norm
¥2 = 2.66 (<3); goodness-of-fit index, GFI = .89
(>.80); adjusted GFI, AGFI = .87 (>.80);
comparative fit index, CFI = .91 (>.90); and root
mean square error approximation, RMSEA = .06
(<.08). Based on these values, most researchers
would consider this model to be reasonable and
representative of the data, [75], [76].

4.3 Hypothesis test of the Research Model
Figure 2 presents the properties of the causal paths
(standardized path coefficients). The research model
explains a substantial amount of the variance in task
characteristics, flow experience, and computer self-
efficacy toward TTF (R2 = .40), computer self-
efficacy and TTF toward PEU (R2 = .44), TTF and
PEU toward PU (R2 = .39), and PU and PEU
toward behavioral intention (R2 = .48).

Behavioral
Intention
R=48

Perceived
Usefulness

Flow
Experience

Perceived
Ease of Use
=4

Computer
Self-Efficacy

Fig. 2: The path coefficients of the research model
Source: created by the authors

Table 2 provided in the Appendix for clarity
shows that the paths from task characteristics to
TTF, flow experience to TTF, computer self-
efficacy to TTF, computer self-efficacy to PEU,
TTF to PU, PEU to PU, PU to behavioral intention,

Volume 23, 2026



WSEAS TRANSACTIONS on BUSINESS and ECONOMICS
DOI: 10.37394/23207.2026.23.57

and PEU to behavioral intention are all significant,
as indicated by a value of p < .05. These results
indicate that all research hypotheses were supported.

4.4 Direct, Indirect, and Total Effects

[78] found that direct, indirect, and total effects are
important in the interaction among latent variables
for online learning environments. Using SEM, we
obtained the direct, indirect, and total effects, as
shown in Table 3, provided in the Appendix for
clarity. The direct effect is associated with the
following three antecedents: task characteristics
(.16), flow experience (.26), and computer self-
efficacy (.40). These three TTF components have
been found to have a cooperative (i.e., positive)
relationship with PEU/PU and behavioral intention
in an online environment. The results also revealed
that TTF had a more direct effect on PU (.54) than
on PEU (.43). Furthermore, PU (.64) had a more
substantial effect on behavioral intention than PEU
(:43).

Figure 2 presents two mediation paths: (1) three
antecedents via TTF (mediator) toward PU and (2)
three antecedents via TTF (mediator) toward PEU.
As shown in Table 3 provided in the Appendix for
clarity, in the first path, we found that computer
self-efficacy toward PU had the most significant
indirect effect (.34); the second was flow experience
(.14), followed by task characteristics (.11). In the
second path, computer self-efficacy toward PEU
had the most significant indirect effect (.17),
followed by flow experience (.11), and task
characteristics (.09).

The next set of paths included the following: (1)
three antecedents via TTF concerning PU towards
behavioral intention and (2) three antecedents via
TTF concerning PEU towards behavioral intention.
As shown in Table 3 provided in the Appendix for
clarity, two paths revealed that computer self-
efficacy, via the first path (TTF/PU), had the most
significant indirect effect (.27), followed by flow
experience (.16) and task characteristics (.14).

Finally, we identified the following two paths:
(1) TTF via PU (mediator) toward behavioral
intention and (2) TTF via PEU (mediator) toward
behavioral intention. The former indirect effect was
0.35, the latter indirect effect was 0.27, and the total
indirect effect was 0.62. The total effect is the sum
of the direct and indirect effects. As shown in Table
3 provided in the Appendix for clarity, we identified
six latent variables and 18 dependent latent
variables. First, the total effect results revealed that
four antecedents — task-technology fit (.16), PU
(.11), PEU (.50), and behavioral intention (.14) of
task characteristics have a cooperative relationship
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with task characteristics and
TTF/PU/PEU/behavioral  intention in  online
environments. Additionally, we found that about PU
and PEU of the TAM model toward behavioral
intention, PU (.64) had a slightly more substantial
total effect than PEU (.63). Finally, for all latent
variables (Table 3 provided in the Appendix for
clarity), we found that TTF (.60), PU (.64), and PEU
(.63) had an enhanced total effect toward behavioral
intention.

5 Discussions and Conclusion

This research integrated the TAM and TTFM to
determine the causal relationships in self-directed
learning in online environments. We obtained the
following research results using a structural
equation model and empirical verification.

5.1 Major Finding

First, our research model has three antecedents for
TTF: task characteristics, personal flow experience,
and computer self-efficacy. In the present study,
their direct effects were .16, .26, and .40,
respectively. Computer self-efficacy had the most
significant impact among them, indicating its role as
a critical observation variable. These findings are
consistent with research indicating a positive
correlation between computer self-efficacy and
virtual learning environments, [31]. Second, TTF
(43) and computer self-efficacy (.22) positively
affected PEU, and the direct effect of TTF was
better than that of computer self-efficacy. Third,
TTF (.54) and PEU (.43) positively affected PU, and
the direct effect of TTF exceeded that of PEU.
Lastly, PU (.64) and PEU (.43) had a positive effect
on behavioral intention, with PU having a more
substantial effect.

The data analysis also indicated that PU and PEU
mediated the relationship between TTF and
behavioral intention through their effects on
behavioral intention. Further, by comparing the
mediating effects between TTF via PU to behavioral
intention and TTF via PEU to behavioral intention,
we found that the indirect impact of the former (.35)
was more significant than the indirect effect of the
latter (.27). Thus, TTF via PU toward behavioral
intention had a more significant effect than that via
PEU in online learning environments.

5.2 Implications

Previous studies using TAM solely explained
approximately 40% of variance in behavioral
intention toward online learning, [37]. The present

Volume 23, 2026



WSEAS TRANSACTIONS on BUSINESS and ECONOMICS

DOI: 10.37394/23207.2026.23.57

research, which integrates the TAM and TTFM,
demonstrated improved explanatory  power.
Furthermore, having better coordination among task
characteristics, flow experience, and computer self-
efficacy improves students' willingness to use online
learning  systems.  Thus,  cross-disciplinary
knowledge is essential in motivating students to
pursue  self-learning  activities in  online
environments [19], this knowledge should be
integrated into the academic curriculum.

5.3 Conclusion

The present study offers worthwhile contributions to
help clarify students' behavioral intentions in self-
directed learning environments. Our findings
indicate that TTF and computer self-efficacy have a
positive effect on PEU and PU. Moreover, PU and
PEU played a mediating role in the relationship
between TTF and behavioral intention. Our results
emphasize the need to guide students in such a way
that they better understand the importance of cross-
disciplinary knowledge attained through self-
learning in online environments; introducing this to
the academic curriculum as an important topic is
expected to facilitate IT skill implementation by
students.

5.4 Limitations and Future Research

First, this study sampled only college students in
Taiwan. Future research should consider employing
online community learning websites to conduct
questionnaire  distribution, thereby removing
geographical restrictions and enhancing the external
validity of the inferences. In addition, [79] found a
significant difference between male and female
students with regard to computer self-efficacy, PU,
and PEU. Future research should explore further the
key factors affecting behavioral intention in male
and female groups using the TTFM. Moreover, this
was a cross-sectional study; a longitudinal design
would be more suitable for addressing the causal
relationships between predictive variables and
external criteria and should be considered for future
implementation. Finally, this research focused on
the establishment and demonstration of models.
Future research should integrate the frequency of
students' online learning activities and online time
and incorporate this into the model to verify
learning behavior intentions.
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APPENDIX

Table 1. Descriptive statistics of all constructs as well as their inter-correlations

VAR 1 2 3 4 5 6 7
1 TC (.85) S52%* 23** 33%* 20%* 42%* 38**
2 FE (.76) 25k 35k 31H* 50k A40%*
3 CSE (.97) 49** 36** 24%* 27**
4 TTF (.80) 49%* 38k 36%*
5 PU (.92) 31k A40%*
6 PEOU (.85) A4xx
7 BI (.80)
Mean 5.92 5.23 5.08 5.41 5.56 5.08 5.54
SD 0.97 1.06 1.11 1.04 1.06 1.09 1.07
CR 94 81 94 88 95 91 84
AVE 73 58 76 64 84 72 64
OR 1-7 1-7 1-7 1-7 1-7 1-7 1-7

Var=Variable, TC=Task characteristics, FE=Flow experience, CSE=Computer self-efficacy, TTF= Task-
technology fit, PU=Perceived usefulness, PEOU=Perceived ease-of-use, BI=Behavioral intention,
S.D.=Standard deviation, CR=Composite reliability, AVE= Average variance extracted, OR=Observed range.
Diagonal: square root of AVE from observed variables; off-diagonal: correlations between constructs * =p <
05; ¥*=p < .01; ¥**=p < .001

Source: created by the authors

Table 2. Hypotheses-testing

The relationship of the path Path coefficient Hypotheses

Task characteristics TTF 16 Hypothesis 1 received empirical support.
Flow experience TTF 26" Hypothesis 2 received empirical support.
Computer self-efficacy TTF 40" Hypothesis 3 received empirical support.
Computer self-efficacy PEOU 22" Hypothesis 4 received empirical support.
Task-technology fit PEOU 43" Hypothesis 5 received empirical support.
Task-technology fit PU 54" Hypothesis 6 received empirical support.
Perceived ease-of-use PU 31° Hypothesis 7 received empirical support.
Perceived usefulness BI 64" Hypothesis 8 received empirical support.
Perceived ease-of-use BI 43" Hypothesis 9 received empirical support.

*=p <.05; ¥*=p <.01; ¥**=p <.001
Source: created by the authors

Table 3. The direct, indirect, and total effect
Latent variable Dependent latent variable Direct effect Indirect effect Total effect
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Task characteristics

Flow experience

Computer self-efficacy

Task-technology fit

Perceived ease-of-use

Perceived usefulness
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TTF
PU
PEOU
BI
TTF
PU
PEOU
BI
TTF
PU
PEOU
BI

PU
PEOU
BI

PU

BI

BI

Source: created by the authors

741

0.16

N.A.

0.43

N.A.

0.26

N.A.
N.A.
N.A.

0.40

N.A.

0.22

N.A.

0.54
0.43

N.A.

0.31
0.43
0.64
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N.A.

0.11
0.07
0.14

N.A.

0.18
0.11
0.16

N.A.

0.34
0.17
0.27
0.13

N.A.

0.62

N.A.

.020

N.A.

0.16
0.11
0.50
0.14
0.26
0.18
0.11
0.16
0.40
0.34
0.39
0.27
0.67
0.43
0.62
0.31
0.63
0.64
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