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Abstract—The research aims to investigate the role
of chatbot quality in influencing user satisfaction and
continuance usage intention within the Indonesian bank-
ing industry. The research is among the first to apply
Expectation Confirmation Theory (ECT) to chatbot us-
age in the Indonesian banking industry and offers a
novel integration of chatbot quality dimensions within
the framework. A quantitative explanatory method is
adopted, and a purposive sampling method is used to
collect 347 valid responses via an online structured
questionnaire. Data analysis is conducted using Par-
tial Least Squares-Structural Equation Modeling (PLS-
SEM) with a focus on reflective-formative evaluation,
bootstrapping for hypothesis testing, PLS-Predict for
out-of-sample predictive performance, and Importance-
Performance Analysis (IPMA) for managerial insights.
The results show that chatbot quality significantly en-
hances both perceived usefulness and confirmation to
subsequently reinforce user satisfaction and continuance
usage intention. Satisfaction is identified as the strongest
predictor of continuance usage. Meanwhile, chatbot dis-
closure does not have a significant impact on perceived
quality, and it reflects the gap between transparency
efforts and user perception. The observations underline
the importance of designing chatbots that are responsive,
context-aware, and linguistically adaptive specifically in
the diverse communication landscape of Indonesia. The
research contributes to the growing body of knowledge
on AI-driven customer service technologies in emerging
markets by offering practical implications for chatbot
implementation in the financial sector. The identification
of critical determinants of chatbot success also leads to
the provision of insights for banks to enhance digital
engagement, foster trust, and ensure long-term usage
through optimized conversational experiences.

Index Terms—Chatbot Quality, User Satisfaction, Con-
tinuance Usage Intention, Banking, Perceived Usefulness,
Indonesia, AI Customer Service
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I. INTRODUCTION

THE continuous change in the banking landscape
shows the critical role of AI chatbots in enhancing

customer experience and optimizing operations. The
concept that starts as basic rule-based systems has
developed into advanced chatbots and virtual assistants
capable of delivering highly personalized customer in-
teractions. A previous study has reported that AI chat-
bots significantly improve satisfaction and streamlines
customer interactions [1]. Several other studies have
also emphasized the influence on customer loyalty [2,
3], enhancement of service quality, and assistance in
fostering relationships [4]. Moreover, chatbots reduce
costs significantly by automating tasks [5] through con-
versational ability, query understanding, and seamless
integration for efficiency [6].

The implementation of chatbots with 24/7 avail-
ability capability provides several opportunities for
self-service innovations. However, there is a need to
understand the foundational success metrics, such as
customer satisfaction and reuse intentions. It is impor-
tant because the complexity of the Indonesian language
which is associated with the informal nuances poses
significant challenges to chatbot development [7]. The
trend shows the need for effective chatbots to process
natural language variations while respecting cultural
sensitivity and adapting to diverse communication
styles [8]. These challenges require chatbot systems
to be technically sound as well as culturally and
linguistically adaptive.

The quality of chatbots which depend on customer
satisfaction includes perceived usefulness, responsive-
ness, and service quality [9]. Personalized and human-
ized features also enhance the user experience [10].
However, some limitations are identified in under-
standing queries that require human intervention [11].
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The satisfaction aspect also correlates with customer
loyalty with word-of-mouth reported to be a significant
influential factor [4].

Previous studies have explored the characteristics of
chatbots affecting customer retention and satisfaction
levels such as disclosure [12, 13]. Others have also
reported correlations between assurance, interactivity,
reliability, responsiveness, and satisfaction [14]. More-
over, anthropocentric chatbots improve customer trust
and satisfaction through human-like interactions [15].

Several contributions are associated with these stud-
ies, but the Expectation Confirmation Theory (ECT)
is rarely applied in the context of chatbot use in the
Indonesian banking sector. The ECT is particularly
relevant due to the ability to explain post-adoption
behaviors by connecting initial expectations, perceived
performance, and satisfaction. The theory proposes
that users form expectations before using the system.
The ability of the experience to meet or exceed the
expectations leads to confirmation which strengthens
perceived usefulness and satisfaction and subsequently
influences continuance usage intention.

Some studies show that quality factors, such as
usability, warmth, and competence significantly affect
satisfaction [16]. AI chatbots also outperform humans
in functional quality by fostering stronger relationships
and retention [16]. In Indonesia, chatbot quality pos-
itively impacts perceived usefulness, satisfaction, and
loyalty [17].

A positive relationship has been established between
chatbot disclosure and perceived quality in several
studies [13, 16, 18–21]. The disclosure of the iden-
tity of chatbots before a conversation allows users to
form clear expectations regarding the interaction to
increase confidence by reducing uncertainty [19, 22].
Meanwhile, the failure to disclose can confuse user
interactions [20]. The provision of information about
the participation of chatbots in advance allows users
to be better prepared to engage in problem-solving
interactions [13, 18].

Chatbot disclosure also has an important mediating
role between technology anxiety and chatbot
quality [11, 20, 23]. It is because transparent
disclosure during implementation reduces skepticism
and assists in minimizing misperceptions about
the technology [11]. The process also enhances
interaction quality by fostering user understanding of
how to identify accurate and high-quality responses
from chatbots [19, 20]. These dynamics lead to the
formulation of the following hypothesis:

H1: Disclosure has a positive influence on chatbot
quality.

The quality of chatbots is positively associated with
the perceived usefulness because attributes, such as
reputation, interactivity, and reliability, significantly
shape users’ perceptions about the information pro-
vided [4, 24–26]. The users’ trust in the accuracy
of the responses provided by chatbots influences the
possibility of perceiving the technology as a tool
for enhancing productivity [27]. Interactivity is also
identified to be particularly more influential compared
to the other relevant factors. It is because engaging and
dynamic conversations with chatbots motivate users to
complete specific tasks effectively [8, 25].

Reliability is another critical aspect of chatbot
quality that drives perceived usefulness. The ability
of chatbots to understand and meet users’ needs
develops confidence in their capacity to provide
accurate information and solutions [4]. For example,
the delivery of precise and contextually appropriate
questions can significantly enhance the effectiveness
in addressing user concerns [28]. These qualities
collectively reinforce the perception of chatbots as
valuable tools for solving problems and lead to the
development of the following hypothesis:

H2: Chatbot quality has a positive influence on
perceived usefulness.

Previous studies have reported a positive relationship
between chatbot quality, and the level of confirmation
provided [6, 7, 28, 29]. High-quality chatbots meet
user expectations and deliver valuable experiences [7].
Some factors such as credibility [13], interactivity [28],
reliability [30], and engaging conversations [29] also
validated the ability of chatbots to offer superior
customer service compared to human-based support.
It leads to the formulation of the following hypothesis:

H3: Chatbot quality has a positive influence on
confirmation.

A positive relationship has been consistently
reported between perceived usefulness and
satisfaction [4, 24, 28, 31]. A previous study
has showed that positive interaction and connection
to expectations influence user satisfaction [28].
Customers also report higher satisfaction when
chatbots address inquiries and complaints [6].
Furthermore, customers find communication with
customer service chatbots valuable and enjoyable
when tasks are completed [31]. Efficient service
delivery also enhances user satisfaction with chatbots
through the provision of anticipated benefits and the
ability to meet customer expectations [4]. It leads to
the development of the following hypothesis:
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Fig. 1. Conceptual model.

H4: Perceived usefulness has a positive influence
on satisfaction.

Previous studies have reported a positive relation-
ship between confirmation and satisfaction [4, 7, 21,
28, 32]. The customer satisfaction increases when
chatbots provide superior experiences and fulfilled
expectations [32]. Communication quality is also re-
ported to be very important in influencing customer
satisfaction with electronic service agents [28]. Users
are delighted when customer support chatbots address
issues promptly and efficiently [4].

AI in customer support enhances the service-level
agreement in resolving customer issues [1]. However,
chatbots are required to provide accurate responses
and appropriate solutions and interact effectively
for automation to be effective [6]. The adoption of
chatbots is perceived as a logical decision and a
method to enhance satisfaction. These observations
lead to the formulation of the following hypothesis:

H5: Confirmation has a positive influence on
satisfaction.

A positive relationship is consistently reported
between satisfaction and intention to use [4, 7, 24].
Customer satisfaction with the response and problem-
solving abilities forms the basis for plans to
reuse customer service chatbots across different
sectors including banking [4]. The reuse of
chatbots is motivated by confidence in receiving
helpful and satisfying responses [24]. Furthermore,
the current trend moves towards human-assisted
customer support characterized by direct assistance,
relevant information, problem-solving abilities, and
personalized messages [7]. It leads to the formulation
of the following hypothesis:

H6: Satisfaction has a positive influence on
continuance use intention.

Some banking studies incorporating constructs, such
as trust and security, are considered specifically rele-
vant in sensitive digital finance environments. How-
ever, the research focuses on the perceived quality of
chatbots and their role in shaping satisfaction and con-
tinued use. The aims are to investigate (1) how chatbot
quality influences perceived usefulness and confirma-
tion, (2) how the cognitive responses shape satisfaction,
and (3) how satisfaction leads to continuance usage
intention. The research also examines the contribution
of chatbot disclosure to perceived quality to address
transparency as a trust-enabling factor. The research
aims to measure the determinants of intention to use
chatbots particularly in the banking sector in Indonesia.
The objectives are also to identify the quality of chat-
bots, the impact on user satisfaction, and the intention
to continue using the technology. The objectives lead
to the adoption of a quantitative design through the
explanatory method known as the causal process which
assesses the cause-and-effect relationships between one
or more independent variables [33].

The research addresses gaps by combining the ECT
with chatbot quality dimensions to examine satisfac-
tion and continuance usage intention. The focus is
on Indonesian banking with the exploration of how
chatbot quality, which includes assurance, reliability,
interactivity, responsiveness, and understanding, affects
customer satisfaction and continuance usage intention.
The aim is to provide practical insights into improving
the adoption and service quality of chatbots in banking.
Figure 1 presents the conceptual model of the determi-
nant factors related to the continuance usage intention
for chatbots. The suggested conceptual model also
classifies quality as a reflective-formative second-order
construct while the remaining factors are categorized
as a first-order construct.
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II. RESEARCH METHOD

The cross-sectional survey method is applied to
collect data through an online questionnaire. The de-
sign allowed the capturing of user perceptions and
behavioral intentions at a single point in time to
enable the testing of causal relationships in the model.
Then, the purposive sampling method is adopted to
select respondents based on specific criteria determined
in line with the study objectives and problem state-
ment [34]. The selection of 347 respondents is based on
certain inclusion criteria: (1) usage of chatbot services
provided by banks in Indonesia for a minimum of one
time in the last 6 months, (2) being 18 years or older,
and (3) willing to complete the full questionnaire.

Primary data are used. It focuses on collecting
information directly and analyzing to address the study
problem [35]. The instrument is also in the form of
a questionnaire designed in line with the research
objectives. Moreover, a Likert scale, which ranges from
1 to 5 to reflect “strongly disagree” and “strongly
agree” respectively, is adopted.

The questionnaire is developed by adapting the mea-
surement items from previous studies. Chatbot quality
is conceptualized as a second-order formative construct
with five first-order reflective dimensions in the form of
assurance, interactivity, reliability, responsiveness, and
understandability. The other variables are perceived
usefulness [28], confirmation [7], satisfaction [4], and
continuance usage intention [7]. There are 32 items in
the questionnaire, as shown in Table A1 in Appendix
to represent all the variables.

A pre-test is conducted with 43 respondents before
the hypotheses are tested. The aim is to assess the
reliability and validity of the questionnaire as a study
instrument. The results show that all items in the
questionnaire are clear to the respondents and exhibits
good reliability and validity. Hence, the questionnaire
is suitable for use with the primary sample.

Next, Partial Least Squares-Structural Equation
Modeling (PLS-SEM) is adopted for data analysis
using SmartPLS software. The step-by-step analytical
procedure follows the guidelines provided in a previous
study [36]. Moreover, the reflective-formative method
is used to develop the conceptual model [36]. The
first step of the procedure is to assess the reflective
measurement model with a focus on the reliability,
internal consistency reliability, convergent validity, and
discriminant validity of each indicator. The second
step is to evaluate the second-order formative con-
struct using outer weight, outer loadings, and Variance
Inflation Factor (VIF) [36]. The third step is to test
the structural model measurement using bootstrapping
with 5,000 sub-samples. The fourth step is to assess the

predictive performance of the model using PLS-Predict
analysis [37]. Finally, an Importance-Performance Map
Analysis (IPMA) is performed to identify constructs
that exhibit low performance but remain essential for
target structures [38]. This multi-stage analysis ensures
a comprehensive assessment of both measurement and
structural models to enhance the transparency and rigor
of the statistical procedures adopted.

III. RESULTS AND DISCUSSION

This section presents the results from the data analy-
sis conducted. The presentation is in a structured man-
ner. It has a descriptive summary of the respondents
followed by the evaluation of the measurement model,
hypothesis testing, predictive performance analysis,
and importance-performance mapping.

A. Descriptive Analysis

Table I shows the descriptive analysis of the 347
respondents. The results show 55.33% female and
44.67% male with most identified being 22–30 years
old (38.33%) and holding an undergraduate degree
(58.21%). A higher percentage of the respondents are
employees (42.36%). Then, 76.37% reside in Java, and
Bank Central Asia (BCA) is the most frequently used
bank (35.16%). These demographics confirm that the
sample represents tech-savvy users. They are familiar
with the features of chatbots and considered appropri-
ate for the context of digital banking.

B. Reflective Measurement Model – Lower Order Con-
struct

Table II presents the convergent validity and reli-
ability test results for the first-order constructs. The
Confirmatory Factor Analysis (CFA) is conducted us-
ing convergent and discriminant validity as well as
reliability tests. Convergent validity is assessed through
loading factor and Average Variance Extracted (AVE)
tests. The criterion is that the instrument is valid when
Loading Factor (LF) ≥ 0.70 and AVE ≥ 0.50 [39].
Meanwhile, a reliability test is conducted using Cron-
bach’s Alpha (CA) and Composite Reliability (CR)
with a threshold of ≥ 0.70 showing the instrument
is reliable [39]. The results show that all items have
loading factors above 0.70, AVE values over 0.50, as
well as CR and Cronbach’s alpha values beyond 0.70
to reflect good internal consistency and convergent
validity.

Table III shows discriminant validity using the
Heterotrait-Monotrait (HTMT) test. The instrument is
valid when HTMT is < 0.90 [39]. All the values
are lower than the 0.90 threshold. Hence, the results
confirm that the constructs are empirically distinct.
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TABLE I
CHARACTERISTICS OF RESPONDENTS.

n %

Gender
Male 155 44.67
Female 192 55.33

Age
18-24 10 2.88
22-30 133 38.33
31-40 110 31.70
41-50 55 15.85
51-60 31 8.93
>50 8 2.31

Domicile
Java 265 76.37
Outside Java 82 23.63

Education Level
High School 39 11.24
Vocational Degree 10 2.88
Undergraduate Degree 202 58.21
Master’s degree 80 23.05
Doctoral Degree 11 3.17
Others 5 1.44

Profession
Housewife 90 25.94
Academics 7 2.02
Employee 147 42.36
Student 5 1.44
Entrepreneur 36 10.37
Freelance 62 17.87

Frequently used Bank
Bank Central Asia (BCA) 122 35.16
Bank Danamon 55 15.85
Bank Mandiri 100 28.82
Bank Negara Indonesia (BNI) 70 20.17

Note: n: number of samples (347) and %: percentage.

C. Measurement and Structural Model Analysis –
Higher Order Construct

The assessment of the validity and reliability of
lower-order constructs is followed by the calculation
of the latent variable scores for assurance, interactivity,
reliability, responsiveness, and understandability. It is
important to examine the measurement and structural
model analysis. The Variance Inflation Factor (VIF),
outer weight, t-statistics, p-value, and outer loading are
also determined to explain the importance of relevant
dimensions of chatbot quality. The purpose of the VIF
test is to assess the multicollinearity among the chatbot
quality dimensions. A value of 5 or above shows
the possibility of collinearity problems [39]. Table IV
shows the formative measurement model analysis and
the VIF value for all dimensions ranges from 1.761
to 2.331. The results reflect the absence of significant
multicollinearity in the model.

D. Hypothesis Test Result

Table V shows the hypothesis test results and the co-
efficient of determination values. The structural model
is also evaluated through a bootstrapping procedure

TABLE II
RESULTS OF CONVERGENT VALIDITY AND RELIABILITY TESTS.

Item MEAN LF AVE CA CR

DI1 2.916 0.883
0.817 0.891 1.056DI2 2.859 0.865

DI3 2.957 0.960
AS1 3.179 0.928

0.831 0.898 0.898AS2 3.314 0.885
AS3 3.003 0.921
IN1 3.317 0.925

0.881 0.932 0.934IN2 3.277 0.941
IN3 3.458 0.949
RL1 3.130 0.911

0.918 0.955 0.964RL2 3.061 0.981
RL3 3.049 0.980
RS1 3.510 0.932

0.908 0.949 0.952RS2 3.360 0.967
RS3 3.444 0.960
UN1 3.542 0.914

0.883 0.934 0.949UN2 3.499 0.951
UN3 3.478 0.953
PU2 3.697 0.910

0.732 0.813 0.807PU4 3.409 0.737
PU5 3.718 0.909
COI 3.300 0.941

0.816 0.885 0.901CO2 3.386 0.949
CO3 3.176 0.813
SA1 3.199 0.892

0.810 0.883 0.883SA2 3.242 0.898
SA3 3.556 0.910
CI1 3.787 0.904

0.800 0.877 0.895CI2 3.715 0.903
CI3 3.072 0.877

Note: CI= Continuance Usage Intention, SA= Satis-
faction, CO= Confirmation, PU= Perceived Usefulness,
UN= Understandability, RS= Responsiveness, RL= Re-
liability, IN = Interactivity, AS= Assurance, DI= Dis-
closure, LF= Loading Factor, AVE= Average Variance
Extracted, CA= Cronbach’s Alpha, and CR= Composite
Reliability.

conducted with 5,000 subsamples, bias-corrected and
accelerated (Bca bootstrap), one-tailed, and 5% signif-
icance level [39]. The significance of each relationship
is assessed based on the t-statistic, p-value, and 95%
confidence interval. H1 is rejected. Meanwhile, H2–H5

are accepted.
Several key results are identified, including a posi-

tively significant relationship between chatbot quality
and perceived usefulness (β = 0.695; t-stat = 22.142).
This result shows that the chatbot quality has a substan-
tial positive impact on perceived usefulness. Similarly,
chatbot quality also significantly affects confirmation
(β = 0.762, t-stat = 29.949). The trend suggests that
high chatbot quality fosters better confirmation.

The positive influence of perceived usefulness on
satisfaction is supported (β = 0.201; t-stat = 3.369).
Customers who perceive a service as applicable have
a better tendency to be satisfied. Confirmation also
significantly enhances satisfaction (β = 0.558, t-stat
= 8.500) which emphasizes the importance of a
customer-focused method in determining satisfaction.

The results further show the significant positive
effect of satisfaction on continuance usage intention (β
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TABLE III
RESULT OF DISCRIMINANT VALIDITY - LOWER ORDER CONSTRUCT.

AS CO CI DI IN PU RL RS SA UN

AS
CO 0.719
CI 0.430 0.603
DI 0.099 0.083 0.073
IN 0.586 0.673 0.599 0.061
PU 0.629 0.833 0.716 0.137 0.743
RL 0.674 0.649 0.524 0.074 0.498 0.461
RS 0.573 0.709 0.699 0.066 0.733 0.561 0.604
SA 0.661 0.792 0.850 0.048 0.574 0.677 0.755 0.683
UN 0.655 0.601 0.337 0.141 0.526 0.582 0.511 0.559 0.455

Note: CI= Continuance Usage Intention, SA= Satisfaction, CO= Confirmation, PU= Perceived Usefulness, UN=
Understandability, RS= Responsiveness, RL= Reliability, IN= Interactivity, AS= Assurance, and DI= Disclosure.

TABLE IV
FORMATIVE MEASUREMENT MODEL OF CHATBOT QUALITY.

Dimension Outer Weight T-Statistic P-Values Outer Loading Variance Inflation Factor (VIF)

Assurance 0.317 5.387 0.000 0.831 2.155
Interactivity 0.430 5.732 0.000 0.863 2.081
Reliability 0.130 2.183 0.015 0.715 1.899
Responsiveness 0.144 1.818 0.035 0.794 2.331
Understandability 0.210 3.210 0.001 0.752 1.761

TABLE V
HYPOTHESIS TEST RESULTS.

Hypothesis Original Sample STDEV T-Statistic P-Value

DI → CQ 0.088 0.075 1.175 0.120
CQ → PU 0.695 0.031 22.142 0.000
CQ → CO 0.762 0.025 29.949 0.000
PU → SA 0.201 0.060 3.369 0.000
CO → SA 0.558 0.066 8.500 0.000
SA → CI 0.765 0.024 32.437 0.000

Note: STDEV= Standard Deviation, DI= Disclosure, CQ= Chatbot
Quality, PU= Perceived Usefulness, CO= Confirmation, SA= Satis-
faction, and CI= Continuance Usage Intention.
R2 of CI= 0.585, SA= 0.509, CO= 0.580, PU= 0.484, and CQ= 0.008.

TABLE VI
PARTIAL LEAST SQUARES (PLS) PREDICTION RESULTS.

Q2 Predict PLS-SEM RMSE LM RMSE ∆PLS-LM

CI1 0.003 0.978 0.964 0.014
CI2 0.000 0.983 0.978 0.004
CI3 -0.005 1.174 1.181 -0.007

Note: PLS-SEM= Partial Least Squares Structural Equation Modeling,
RMSE= Root Mean Square Error, LM= Linear Model, and CI=
Continuance Usage Intention.

= 0.765, t-stat = 32.437). This result is a sign that sat-
isfied customers have more possibilities of possessing
a higher intention to continue using chatbots. However,
the relationship between disclosure and chatbot quality
is not significant (β = 0.088, t-stat = 1.175). This result
suggests that disclosure does not significantly affect
chatbot quality. The results emphasize the importance
of chatbot quality, perceived usefulness, confirmation,
and satisfaction in influencing continuance usage in-

tention while disclosure is found to be less impactful
in the model.

Next, the coefficient of determination (R2) values
shows that the quality of exogenous variables deter-
mine the endogenous variable by being between 0
and 1. The satisfaction is able to explain 58.5% of
continuance usage intention. Moreover, perceived use-
fulness and confirmation explain 50.9% of satisfaction.
Chatbot quality also explains 58% of confirmation and
48.4% of perceived usefulness.

E. Partial Least Squares (PLS) Prediction Test

PLS prediction test is conducted to assess the out-
of-sample prediction strength of the model [40]. It
is also used to evaluate predictive performance and
compare alternative models [41]. The analysis includes
the comparison of the PLS and Linear Model (LM)
values. The model is considered to have high predic-
tive power when all the indicators for ∆PLS-LM are
negative [39]. The results in Table VI show that only
one indicator had a negative value. The result leads
to the inference that the model has weak predictive
performance but acceptable out-of-sample predictive
power.

F. Importance-Performance Map Analysis (IPMA)

The IPMA is a tool to analyze and visualize the im-
portance and performance of indicators within a PLS-
SEM model. It assists in identifying areas requiring im-
provement. Figure 2 shows the relative significance and
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Fig. 2. Importance-Performance Map Analysis (IPMA) of Continuance Usage Intention results.

performance levels of several factors including chatbot
quality, confirmation, disclosure, perceived usefulness,
and satisfaction. However, the performance is not in
line with the level of importance. This discrepancy
suggests that chatbot quality is very important in the
overall system or service, but the performance requires
enhancement to meet the desired benchmarks. The im-
provement can significantly enhance user satisfaction
and the overall efficacy of the service.

The results show that disclosure does not affect
chatbot quality significantly and lead to the rejection
of the related hypothesis. This result is in contrast
to the previous studies [13, 16, 18–20]. They have
emphasized the role of disclosure in enhancing user
trust and perceived transparency. The discrepancy can
be explained by the utilitarian nature of chatbot usage
in the Indonesian banking context where users priori-
tize task completion, speed, and relevance of responses
over system transparency. The users in high-efficiency
service environments, such as banking, often exhibit a
“function-first” mind which leads to less sensitivity to
the disclosure of the identity of chatbots. This insight

emphasizes a contextual nuance that differs from e-
commerce of customer service chatbots in less formal
settings where social presence and human-likeness are
more valued.

Chatbot quality has a significant positive effect on
perceived usefulness. It is a reflection that higher chat-
bot quality enhances perceived usefulness in line with
the observations of previous studies [4, 24–26]. The
trend also supports the theoretical proposition of ECT
that system attributes to the cognitive evaluations and
perceived task efficiency of users. The key dimensions,
such as interactivity, responsiveness, and understand-
ability, are very important in shaping the perception
of usefulness by users. The observation shows that the
technical robustness of chatbot services becomes a core
determinant of perceived value in banking contexts
where information accuracy is very important.

Chatbot quality significantly and positively influ-
ences confirmation. The trend shows that better chatbot
quality increases user confirmation levels in line with
the previous research [6, 7, 28, 29, 42–44]. This result
affirms the ECT mechanism where confirmation is as-
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sociated with the connection between user expectations
and actual system performance. Chatbot quality in the
model developed includes the assurance and reliability
that assist in fulfilling expectations and lead to stronger
confirmation responses. The phenomenon reinforces
the idea that delivering a consistent and trustworthy
chatbot experience is critical for retaining users in
high-trust digital environments such as banking.

The results further show that perceived usefulness
has a significant positive effect on satisfaction. It
is a sign that greater perceived usefulness leads to
the increased satisfaction in line with the previous
study [4, 24, 28, 45]. The trend reinforces the the-
oretical foundation of ECT that users have a higher
tendency to experience satisfaction when the system is
considered helpful particularly in terms of enhancing
productivity or efficiency. The focus on banking, where
speed and reliability are essential, reflects the possibil-
ity of chatbots to fulfill task-oriented needs effectively.
Therefore, the relationship between functional utility
and user expectations is identified as a critical driver of
satisfaction. This result directly supports the objective
of understanding how system evaluation contributes to
continued use.

Confirmation is another factor with a significant
effect on satisfaction. It shows that a higher level of
confirmation enhances user confirmation as supported
through the studies [4, 7, 28, 32]. The result is also
in line with the emphasis of ECT that users derive
satisfaction when the initial expectations are met or
exceeded. The users perceive the banking chatbots to
perform as expected in terms of responsiveness, accu-
racy, and interaction quality. This result suggests that
consistent and expectation-connected service delivery
is essential for building satisfaction. The confirmation
of expectations through high-quality chatbot perfor-
mance can allow financial institutions to foster a more
favorable user experience.

Satisfaction significantly influences continuance us-
age intention. Higher satisfaction levels lead to a
stronger intention to continue using chatbot services
in line with the previous research [4, 7, 24]. The
result further validates the post-adoption path of ECT
where satisfaction acts as a key mediator between prior
evaluations and future behavioral intentions. The trend
shows that users have a higher tendency to perceive
long-term value and sustain the usage of chatbots in the
Indonesian banking context when reliable and practical
support is delivered by the technology.

The observations collectively show the robustness
of ECT in explaining continuance usage intention
in the context of AI-based chatbots. Theoretically,
this research advances ECT by integrating reflective-
formative constructs of chatbot quality and contributes

to the growing literature on post-adoption technology
behavior. The rejected hypothesis of disclosure and
chatbot quality suggests that trust-related constructs
possibly do not operate continuously and uniformly
across service domains.

The results provide practical, actionable insights for
banks. For example, the adoption and long-term en-
gagements with chatbots can be improved by ensuring
banks prioritize performance-related dimensions, such
as responsiveness, interactivity, and understandability,
over non-functional features in the form of disclosure.
It shows the need to allocate development resources
toward enhancing conversation accuracy, contextual
comprehension, and issue resolution speed.

IV. CONCLUSION

In conclusion, the research examined the effect of
chatbot quality on user satisfaction and the intention
to continue using chatbot services in the context of
the Indonesian banking industry. The ECT is used as
the guide to assess the five core dimensions of chatbot
quality (assurance, interactivity, reliability, responsive-
ness, and understandability) and their relationship to
perceived usefulness, confirmation, and overall user
satisfaction. The results show that chatbot quality
significantly improves both perceived usefulness and
confirmation which subsequently and positively influ-
ence satisfaction and continuance usage intention. User
satisfaction is identified as the most influential factor
driving continuance usage intention compared to the
other paths analyzed. It emphasizes the importance of
delivering chatbot experiences that function effectively
and meet or exceed user expectations. Confirmation
also shows a strong positive relationship with satis-
faction. The trend suggests that chatbots have a better
tendency for continuous usage when the interactions
are in line with the expectations of users. Interestingly,
chatbot disclosure is often perceived to increase user
trust by showing that the interaction is with an AI,
but it does not have a significant impact on perceived
quality. It is a sign that users can value performance
and efficiency over transparency in a goal-oriented
context such as banking. The phenomenon reflects that
functionality remains supreme in shaping perceptions
of quality.

The results emphasize the central importance of
chatbot quality in determining user experience and
technology adoption. The analysis shows that key
quality attributes, such as interactivity, reliability, and
responsiveness, influence perceived usefulness and sat-
isfaction and serve as foundational drivers of con-
tinuance usage intention. Satisfaction is identified as
the most potent mediator reflecting that positive user
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experiences require technical capabilities. The consis-
tency of these effects suggests that users evaluate the
performance of chatbots through both functional out-
comes and affective impressions. Quality is considered
very important in fostering sustained engagement of
users with chatbots specifically in high-trust service
environments such as banking.

The research contributes to the growing literature
on AI-mediated service interactions. It also provides
actionable insights for banks aiming to enhance dig-
ital service strategies. Practitioners are motivated to
focus on refining interaction design, improving natural
language comprehension, and ensuring consistency in
service delivery.

Several limitations are identified despite the contri-
butions. However, these limitations ensure opportuni-
ties for future studies. First, data are collected through
a cross-sectional survey in the Indonesian banking
sector which limits the generalizability of results across
other industries or cultural contexts. Second, the study
does not assess awareness of users about disclosure
timing, and it can influence perceptions differently.
Lastly, the use of self-reported data is capable of
introducing response bias.

Future studies should integrate trust, perceived se-
curity, and social presence as potential moderators to
explore the conditions for disclosure to become salient.
Furthermore, longitudinal or cross-industry compara-
tive studies can further validate the boundary con-
ditions of chatbot quality perception. Future studies
should incorporate behavioral or usage data to validate
the results.
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TABLE A1
QUESTIONNAIRE LIST.

Variable and Indicator Statement

Disclosure
DI1 It is important to me that the identity of the chatbot service is shown before the conversation begins.
DI2 The banking chatbot service I use hides the chatbot’s identity.
DI3 I know the identity of the chatbot even before the conversation starts.

Assurance
AS1 I trust the chatbot service.
AS2 I feel safe when using the chatbot service.
AS3 The chatbot service resolves my issue.

Interactivity
IN1 My banking service needs can be met through chatbot services.
IN2 Chatbot services understand what I need during interactions.
IN3 The services enable feedback.

Reliability
RL1 Chatbot services are reliable.
RL2 When faced with a problem, the service seems convincing.
RL3 I can rely on chatbot services to solve banking needs.

Responsiveness
RS1 The chatbot system provides services that meet my expectations.
RS2 The chatbot service responds quickly to my request.
RS3 Chatbot provides service when needed.

Understandability
UN1 I feel that the chatbot service understands my question.
UN2 I feel that the chatbot service understands my sentences.
UN3 I feel that the chatbot service understands my intentions.

Perceived Usefulness
PU1 Using a chatbot increases productivity.
PU2 Using chatbots increases the effectiveness of activities.
PU3 I find chatbots useful in daily activities.
PU4 Using chatbots helps to get work done faster.
PU5 Using chatbots increases efficiency in problem resolution.

Confirmation
CO1 My experience of using chatbot services is better than I have anticipated.
CO2 The chatbot service level agreement is better than I expect.
CO3 Most expectations when using chatbot services are anticipated.

Satisfaction
SA1 I feel satisfied because the chatbot can answer to personal needs.
SA2 I am satisfied with the solution provided by the chatbot.
SA3 I am satisfied with the implementation of the chatbot system.

Continuance Usage Intention
CI1 I prefer chatbot services over traditional services.
CI2 I hope to continue using this service in the future.
CI3 I will use chatbots more often if possible.
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