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Abstract

With the growing use of generative Al in language education, Al chatbots have become key tools in
university English learning. Drawing on the Technology Acceptance Model(TAM) and the Interaction
Hypothesis in second language acquisition to propose an integrated framework. The framework examines
how comprehensible input, negotiation of meaning, pushed output, and feedback influence learners’
perceived ease of use, perceived usefulness, and behavioral intention to use Al chatbots. A total of 527
valid responses were collected through a questionnaire survey. Structural equation modeling was employed
for data analysis. The results show that all core paths of TAM are supported. Perceived ease of use
significantly enhances both perceived usefulness and behavioral intention. Comprehensible input, pushed
output, and feedback significantly affect perceived usefulness. Feedback also significantly increases
perceived ease of use. Although negotiation of meaning shows no significant direct effect, it demonstrates
a meaningful indirect effect through perceived usefulness. Mediation analyses further reveal that all four
interaction-related factors influence behavioral intention, with feedback exhibiting a notable chain mediation
effect. This study provides theoretical insights into the acceptance mechanisms of Al-based language
learning tools. It also offers practical implications for improving learner experience through interface
design.

Key words : Al chatbots, Technology acceptance model(TAM), Interaction Hypothesis, Structural equation modeling
(SEM), Second language acquisition(SLA)

L. Introduction ChatGPT have become important learning tools for
university students in various learning-related tasks

In recent years, Al technologies driven by large (Zhai, 2022). Compared with traditional language

language models have rapidly entered higher  jeaming resources, AI chatbots offer multiple

education contexts. Al chatbots represented by advantages  including  instant  feedback  and
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interactive support (Huang et al., 2022), giving
them strong potential in EFL (English as a Foreign
(Kohnke et al, 2023). As

generative Al evolves, students’ use of such tools

Language) contexts

has steadily increased (Tala et al., 2024). Similar

trends have been reported in Korean higher
education, where studies note growing use of
Al-based learning tools (Park, 2024). However,

most previous studies have focused on system

features or learner-related factors rather than

interaction processes emphasized in SLA. To
address this gap, the present study integrates
interaction-based  constructs into a technology

acceptance framework.

Al chatbots have been applied to tasks such as
vocabulary learning and writing support (Huang et
al., 2023), which many students believe enhances
the flexibility and efficiency of language practice.
Consequently, numerous studies have investigated
learners” adoption of ChatGPT and other Al tools
from a  technology  acceptance  perspective,
particularly examining perceived usefulness (PU),
perceived ease of use (PEOU), and behavioral
intention (BI) (Zou & Huang, 2023).

However, from a language-learning perspective,
of Al chatbots

functional features. Language learning is inherently

the value goes beyond their
interaction-dependent, and second language acquisition
theories emphasize the importance of comprehensible
input (Krashen, 1982, 1985), pushed output (Swain,
1985,

negotiation of meaning and feedback (Long, 1996).

1995), and interactional processes such as

Accordingly, in Al-mediated learning environments,
input  (CI),
negotiation of meaning (NM), pushed output (PO),

mechanisms such as comprehensible
and feedback (FB) continue to play essential roles,
directly shaping learners’ judgments of the learning

value of such technologies.

Although both technology acceptance and SLA

research offer substantial findings, studies that
systematically integrate SLA interaction mechanisms
into TAM remain limited, and existing ChatGPT
acceptance research still focuses largely on tool
interaction

features or learner traits rather than

experiences. Prior studies also emphasize the
centrality of interaction, with Godwin-Jones (2022)
noting that understanding Al-mediated interaction is
essential for system design, and Kohnke et al.
(2023) highlighting that acceptance depends heavily
on the quality of interaction during authentic tasks,
highlighting  the framework that

attributes  and

need for a
incorporates  both  technological
linguistic interaction features.

foundation,  this

Building on this study

incorporates four constructs from the Interaction
Hypothesis (CI, NM, PO, FB) into the TAM as
external variables. The model posits that PEOU
affects PU and both

interaction-related

predict BI, while
PU (and
PEOU in the case of FB), thereby shaping BI.

Using SEM, the study examines how linguistic

variables  influence

interaction mechanisms and technology acceptance
processes jointly determine learners’ adoption of Al
chatbots in language learning.

Guided by the theoretical framework described
above, this study seeks to address three core
questions: (1) What is the structural relationship
among PEOU, PU, and BI when university students
use Al chatbots for language learning? (2) How do
the four interaction mechanisms from the Interaction
Hypothesis influence learners’” PU and PEOU? (3)
What mediating roles do PU and PEOU play
between Interaction Hypothesis factors and BI? By
addressing these questions, the study aims to offer
a clearer foundation for the design and application

of Al chatbots in language learning.
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II . Research Methods

1. Research Model

This study aims to construct a university student

acceptance model for Al chatbots in language
learning by integrating the TAM model with key
interaction  mechanisms  from the Interaction
Hypothesis. The proposed research model not only
focuses on the classical relationships among PEOU,
PU, and BI, but also
interaction-related elements - CI, NM, PO, FB. The

specific structure of the model is presented in [Fig.
1].

incorporates  four
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[Fig. 1] Research Model.

Feedback

2. Research Instruments

This study employed a questionnaire as the
primary
consisted of seven latent variables: CI, NM, PO,
FB, PEOU, PU, and BI. The CI, NM, PO, and FB
items were drawn from instruments commonly used
in SLA field (Isbell & Lee, 2022; Nakatani, 2006;
2020; Wiboolyasarin et al., 2020),
while the TAM variables were adapted from the
classic (1989) and
Venkatesh and Davis (2000). To ensure clarity and
of Al chatbots

minor

research instrument. The questionnaire

Lopez-Paez,

scales developed by Davis

content validity in the context

mediated  language learning, wording

modifications were made to several items.

All questionnaire items were measured on a

five-point  Likert scale (1=strongly  disagree,
S=strongly agree), and reliability analyses were
subsequently conducted to examine the internal

variables. All

a coefficients exceeded .70, meeting

consistency of the latent
Cronbach’s

the commonly accepted threshold and indicating

seven

good internal consistency, as shown in <Table 1>.
These results demonstrate that the scales employed
in this study exhibit satisfactory reliability within

the sample.

<Table 1> Reliability Test Results

Latent Variables Items Cronbach’s «

CI 3 0.790

NM 4 0.818

PO 4 0.842

FB 5 0.829
PEOU 3 0.798

PU 3 0.817

BI 3 0.788

3. Data Collection

Data were collected online via the Wenjuanxing
platform using a convenience sampling approach,
targeting full-time undergraduate students at a
Chinese university. Participants provided informed
consent before completing the questionnaire. A total
of 579 responses were obtained, and 527 wvalid
cases were retained after data cleaning (91.0% valid
rate). The sample included students from various
majors and grade levels, offering reasonable
representativeness for examining university students’
use of Al chatbots in language learning. The data
adhered to ethical

collection process academic

standards, ensuring participant privacy and data

security. Detailed demographic information is

presented in <Table 2>.
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<Table 2> Basic Information of Subjects

963, TLI= .956, RMSEA= .037, and SRMR= .035

demonstrate a good overall model fit, with all

Category Frequency Ratio o )
indices meeting recommended standards.
Male 299 56.7%
Gender Female 28 433% <Table 3> Model Fit of Measurement Model
Ist year 102 19.4% Index x?/df SRMR TLI CFI RMSEA
2nd year 116 22.0% Value 1.731 .035 956 963 .037
Grade
3rd year 136 25.8% Criterion <3 <.05 = 90 = 90 < .05
4th year 173 32.8%
STEM Ficld 13 61.3% Building on this, the study further assessed
1€las D7
. lidity, as presented in <Table 4>. The
Major - convergent va s
umanities & 204 38.7%

Social Sciences

4. Data Analysis

Data analysis proceeded in two stages. First,
SPSS was used to assess reliability, and CFA in
AMOS was conducted to evaluate convergent and
discriminant  validity,

model fit

using

Based on the

commonly applied

indices. validated
measurement model, SEM was then employed to
test the hypothesized relationships in the extended
TAM framework, including the effects of CI, NM,
PO, and FB on PU and PEOU, as well as the
predictive roles of PU and PEOU on BI Path
coefficients and their significance levels were used
to determine support for the proposed mechanisms

of learners’ acceptance of Al chatbots.

III. Research Results

1. Measurement Model

To examine the reliability and validity of the
CFA
conducted. The results which are shown in <Table
3> indicate that x?2/df=1.731, which is below the
threshold of 3. Additionally, the values of CFI=

latent constructs, the analysis was first

standardized factor loadings for all measurement
items ranged from .669 to .828 and were all
statistically significant (p < .001), indicating that
each item effectively reflected its corresponding
latent construct. The CR values ranged from .788
to .842, all exceeding the recommended threshold
of .70 (Hair et al., 2009). Regarding convergent
validity, the AVE values for six of the seven latent
variables fell between .530 and .603, surpassing the
recommended cutoff of .50. Although the AVE
value for FB was slightly below this threshold, this
may be due to the multidimensional nature of

interaction behaviors and the limited number of

<Table 4> Convergent Validity Results

Latent Variable )y ?%/df SRMR TLI CFI
CIl1 .828

CI CI2 735 .565 7194
CI3 .684
NM1 776
NM2 759

NM .530 818
NM3 .682
NM4 .691
POl 762
PO2 749

PO 571 .842
PO3 766
PO4 745
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FB1 .669
FB2 .676

FB FB3 .676 496 .831
FB4 784
FB5 11
PEOU1 791

PEOU PEOU2 743 .570 .799
PEOU3 .730
PU1 127

PU PU2 .832 .603 .819
PU3 776
BI1 742

BI BI2 745 554 788
BI3 746

items used to measure this construct. Importantly,
its CR value reached .831 and all factor loadings
exceeded .660,

measurement quality remains within an acceptable

suggesting that the overall
range. Therefore, the measurement model in this

study demonstrates  satisfactory reliability and
convergent validity.

Discriminant validity was evaluated using the
Fornell & Larcker (1981) criterion. As shown in
<Table 5>, the square root of the AVE for each
variable was greater than its correlations with other
constructs, indicating that the model demonstrates

satisfactory discriminant validity.

2. Structural Model Fit

To evaluate the adequacy of the extended

structural model proposed in this study, the

structural assessed
AMOS.

closely

equation model was using
When the primary fit indices meet or
thresholds, the

considered to

approach  recommended

model is generally demonstrate
acceptable fit to the data (Hu & Bentler, 1999). As
shown in <Table 6>, the overall model fit is
satisfactory, with all indices reaching recommended
standards or falling within acceptable ranges. In
terms of absolute fit indices, the model yielded
2/df= 1.938, which is below the threshold of 3,
indicating a good level of fit between the model
and the data. The SRMR value of .059 suggests
small residuals and good overall fit.

incremental fit indices, both TLI= .944 and CFI=

Regarding

951 exceed the commonly accepted standard of
.90, indicating strong relative fit compared with the
Additionally, the RMSEA
below .05, further

approximate fit of the

independence model.
of .042,

demonstrates a

value which is
good

structural model.

<Table 6> Model Fit Indices

Index  x*df SRMR TLI CFI RMSEA
<Table 5> Discriminant Validity Analysis Value 1938 059 944 951 042
Variable CI NM PO FB PEOU PU BI Criterion <3 <.08 = 90 = 90 < .05
CI 752

NM 109 .728

PO 170 144 756

FB 166 152 220 .705

PEOU 352 283 .231 .259 .755

PU 440 267 361 360 .638 .777

BI 13 138 115 129 425 444 744

Note: The diagonal square root of AVE;
off-diagonal values are inter-construct correlations.

shows the

3. Path Analysis Results

[Fig. 2]

coefficients of the model, including the effects of

presents the standardized path
the four interaction-hypothesis variables on PEOU
and PU, as well as the predictive relationships of
PEOU and PU on BI within the core TAM
pathways.
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<Table 7> Results of Path Analysis

Path B SE. CR. p Result
CI—>PU  .243%*%* 042 5.057 < .001 Supported
NM—PU .085 038 1.897 .058 SuprZ;ed
PO—PU  .191*%** 037 4.095 < .001 Supported
FB—PU  .149%¥* 047 3.022 .003 Supported
FB—PEOU .276*** 062 5.044 < .001 Supported
PEOU—PU .490*** 047 8.733 < .001 Supported

PU—BI  272*%%* 084 4.045 < .001 Supported
PEOU—BI .252*** 072 3.716 < .001 Supported

Note : *p <.05, **p <.01,***p< .001

The results show that all hypothesized paths in
the model were successfully estimated, with the
corresponding coefficients and significance levels
reported in <Table 7>. In predicting PU, the path
coefficient for CI was A= .243 (p < .001), for PO
was B= .191 (p < .001), and for FB was J3=
.149 (p= .003), all of which reached statistical
significance. The path coefficient for NM was (=

significance threshold. In predicting PEOU, the path
276 (p < .001),
indicating a significant effect. Within the primary
TAM pathways, PEOU significantly predicted PU
(B= .490, p < .001); PU significantly predicted BI
(B= 272, p < .001); and PEOU also significantly
predicted BI (5= .252, p < .001).

coefficient for FB was fB=

4. Mediation Analysis

Following Hayes (2017), this

bootstrap procedure with 5,000 resamples to test

study used a

indirect effects, evaluating significance

bias-corrected 95%

through

confidence intervals. Indirect
effects were considered significant when the interval
excluded zero. As shown in <Table 8>, all indirect
paths were significant.

The four external variables exerted significant
through
perceived usefulness, including CI (8= .073, p <
.001), NM (= .025, p < .05), PO (B= .051, p <

.001), and FB (3= .048, p < .01). These results

indirect effects on behavioral intention

1010

085 (p= .058), which did not reach the
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[Fig. 2] Results of the Structural Equation Modeling
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<Table 8> Mediation Analysis Results

95% CI
SE  Lower Upper
CI>PU— Bl 073 024 033 128 .00l
NM—PU—

BI
PO—PU— BI .051 .018 021 .095 .001

Path IN Bootstrap

.025 .015 003 .063 .025

FB—PU— BI .048 .023 013 107  .005

FB—PEOU—

PU— BI .044 .015 .020 .084 .001
indicate that the external variables influence
learners” behavioral intention by shaping their

perceptions of the usefulness of Al technology,

thereby confirming the theoretical mechanism
proposed by TAM model.

In addition, the chained mediation pathway from
feedback to behavioral intention through perceived
ease of use and PU yielded a significant indirect
effect (= .044, p < .001). This indicates that FB
not only directly enhances learners’ perceptions of
the usefulness of the technology, but also improves
their PEOU, which in turn further strengthens PU

and ultimately promotes BI.

IV. Conclusion

Drawing on the TAM model and the Interaction
field of SLA, this study

integrated framework

Hypothesis from the
developed an to examine
students’ acceptance of Al chatbots. Using SEM
based on 527 valid responses, the study identified
through  which

factors influence cognitive perceptions and BI.

the pathways interaction-related

First, the findings provide strong support for the
core relationships proposed by the TAM model.
Both PU and PEOU significantly predicted learners’
BI, and PEOU exerted a

significant  positive

influence on PU. This result is consistent with a
body of TAM
(Venkatesh & Davis, 2000) and aligns with the
extended model proposed by Venkatesh and Bala

substantial empirical research

(2008), which emphasizes that ease of use is an
important antecedent of PU. Within the context of
Al technologies, the present findings suggest that
when learners perceive Al systems as easier to
interact with, they are more likely to recognize
their practical value and develop stronger intentions
to adopt them.

Moreover, CI, PO, and FB all

enhanced learners’ PU of Al chatbots, underscoring

significantly

the critical role of interaction quality in technology
adoption. The effect of CI shows that when a
system presents information in clearer and more
processable ways, learners more readily recognize
its functional value, consistent with Long’s (1996)
notion of comprehensible input in interaction. The
significant effect of PO indicates that chatbots
promoting active language production are perceived
as providing stronger learning support, aligning with
findings that participatory generation increases user
satisfaction (Lee et al., 2022). In addition, FB not
only enhances learners’ judgments of usefulness but
also strengthens PEOU, demonstrating its dual role
in reducing interaction uncertainty and improving
operational  fluency, consistent with research
showing that explanatory feedback fosters trust in
Al systems (Carvalho, 2017). Taken together, these
findings highlight that interaction quality is a core
foundation  shaping  learners’  perceptions  of
usefulness and ease of use in Al-mediated language
learning.

However, the direct effect of NM on PU did not
Although NM s

essential  for

reach statistical significance.

traditionally ~viewed as meaning

construction (Pica, 1994; Varonis & Gass, 1985),
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its role appears more limited in Al-mediated

likely

still lack genuine bidirectional

contexts. A reason is that current Al

dialogue systems
negotiation,  with

directive than collaborative (Lin et al., 2024). As a

interactions  remaining  more
result, Al-generated ‘“negotiation” may not provide
the contingent and co-constructed support assumed
in SLA theories, and frequent clarification moves
may even be perceived by learners as signs of
system incompetence. Despite the non-significant
direct effect, NM showed a meaningful indirect
effect on BI through PU, reflecting a suppression
effect (Zhao et al., 2010) in which its influence
emerges only when other variables are considered.
The mediation analysis showed that all five
indirect paths were statistically significant, indicating
that interaction-related factors influence BI primarily
through PU. CI, NM, PO, and FB each exerted
effects on BI via PU,

demonstrating a full mediation pattern. This result

significant  indirect
is consistent with TAM, which posits that external
variables
usefulness judgments (Venkatesh & Davis, 2000). It
and He’s (2006)
meta-analysis identifying PU as the most robust
of BI
Overall, these findings suggest that the mechanisms

affect

shape adoption mainly by influencing

also aligns with King

predictor across technological contexts.

proposed by the Interaction Hypothesis
learners’ adoption intentions insofar as they activate
cognitive evaluations of the technology’s value.

At the same time, the chained mediation from
feedback to BI through PEOU and PU was
confirmed, feedback

adoption through a multi-stage cognitive process.

indicating  that influences

This pattern extends TAM by showing that external

variables may exert cumulative rather than

single-dimensional effects, a view consistent with

UTAUT’s claim that facilitating conditions can

affect usage through multiple pathways (Venkatesh
et al.,, 2003). Practically, this suggests that effective
feedback not only enhances immediate interaction
learners’

experiences  but  also  strengthens

longer-term  perceptions of ease of wuse and
usefulness, thereby increasing their willingness to
adopt Al systems. As such, high-quality feedback
becomes a cost-effective design element in Al-based
language learning environments.

The core contribution of this study lies in

repositioning Al technology adoption from an
interaction-oriented  perspective. By  integrating
interaction  principles from second language

acquisition into technology acceptance research, the
study extends existing models and underscores the
independent role of interaction processes in shaping
learners’ adoption judgments. The findings offer a
framework for understanding how Al technologies
are interpreted and evaluated in authentic learning
theoretical basis for

contexts and provide the

developing adoption models centered on interaction
quality.

At the practical level, this study suggests that
designers should enhance system comprehensibility,
coherence, and interaction support so that learners
can make clearer value judgments through authentic
engagement with Al chatbots. In classroom settings,
structured interaction tasks and guided prompts may
further help students make effective use of chatbot
feedback. Nevertheless, several limitations should be
acknowledged. Because the sample consisted solely
of Chinese
self-reported data, the findings may reflect culturally
the NM

primarily

university students and relied on

specific perceptions. In addition, items

used in  this  study represent

communication strategies rather than fully capturing
the essence of meaning negotiation in Al-mediated
should

interaction. Future research include more
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diverse populations and adopt longitudinal or

multi-context designs, ideally supplemented with

objective indicators such as behavioral logs.
Learners could also be classified based on their Al
literacy or prior chatbot experience to examine
whether
competence groups. Moreover, exploring how task
types,

characteristics shape interaction experiences would

acceptance pathways vary across

cultural contexts, and individual

provide deeper theoretical insights into

interaction-oriented technology adoption.
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