Proceedings of the 59th Hawaii International Conference on System Sciences | 2026

How Chatbots’ Conversation SKkills Influence Users’ Satisfaction: Evidence
from a Serial Mediation Model and Brain Activity

Jia Jin"

Key Laboratory of Brain-Machine Intelligence for
Information Behavior (Ministry of Education and
Shanghai), Shanghai International Studies University,
Shanghai, China
Jinjia.163@163.com

Abstract

Although chatbots are increasingly adopted,
users often report lower satisfaction compared to
humans, partly due to their lack of social and
emotional intelligence. This study examines how
chatbots’ conversation content (generic vs. tailored)
and style (non-varied vs. varied) jointly influence
users’ satisfaction and through what psychological
mechanisms. Across two studies, tailored responses
enhanced satisfaction more than generic ones,
especially when delivered in a varied style. Serial
mediation analyses revealed that tailored responses
improved satisfaction by increasing perceived warmth
or competence, which in turn elevated social presence.
EEG evidence showed tailored-varied responses
elicited stronger neural engagement, reflecting
subconscious affective and motivational processing.
These results demonstrate chatbots’ conversational
skills shape both users’ conscious evaluations and
subconscious responses. This research advances
understanding of human-chatbot interaction by
identifying a moderated serial mediation mechanism
and offers design guidance: chatbots should adopt
socially intelligent strategies that foster warmth,

competence, and presence to optimize user
satisfaction.
Keywords:  Chatbots;  Conversation  content;

Conversation style; Users’ satisfaction; EEG.
1. Introduction

As chatbots are increasingly deployed in
consumer-facing roles, concerns have emerged
regarding the quality of their communication. While
chatbots offer operational efficiency, users often
describe these interactions as impersonal or robotic,
which diminishes satisfaction and limits adoption.
Industry reports show that only 62.4% of users are
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satisfied with their most recent chatbot interaction,
citing irrelevant or mechanical responses as key
sources of dissatisfaction (Freshworks, 2024). Such
poor experiences not only reduce engagement but also
lead to tangible business costs, including lower
customer retention and diminished brand equity.
Improving user satisfaction has thus become a central
concern for both researchers and practitioners (Huang
& Rust, 2021).

Existing research has explored various strategies
to enhance chatbot experience, such as visual
enhancements, identity disclosure, interactivity, and
affective cues like humor (Go & Sundar, 2019; Luo et
al., 2019; Schanke et al., 2022). However, these
approaches often overlook the critical role of linguistic
interaction, specifically the content of chatbot
messages and the style of delivery, which shapes how
users interpret and emotionally respond to chatbot
communication. Initial studies suggest that these
linguistic elements influence users’ perceptions of
social presence and engagement (Schuetzler et al.,
2020), but the underlying psychological mechanisms
remain fragmented and underexplored.

This study addresses this gap by examining how
two core linguistic dimensions, conversation content
(generic vs. tailored) and conversation style (non-
varied vs. varied), jointly shape user’ satisfaction. We
propose that tailored responses enhance satisfaction by
improving users’ perceptions of warmth, competence,
and social presence. These constructs reflect core
dimensions of social cognition: warmth and
competence are fundamental to evaluating social
agents (Fiske et al., 2007), while social presence
captures perceived interpersonal connection in
mediated interaction (Biocca et al., 2003). We further
propose that conversation style moderates these
effects by amplifying or attenuating the social cues
embedded in tailored responses.
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To examine both conscious and subconscious
mechanisms, we employ a multi-method design that
combines a behavioral experiment with an EEG study.
The behavioral experiment captures users’ subjective
evaluations, while EEG data reveal real-time neural
engagement  associated with  affective and
motivational processing. This dual-method approach
enables validation of a moderated serial mediation
model across both self-reported and neural levels of
experience, offering a more complete understanding of
how conversation strategies shape satisfaction.

This research offers three key contributions. First,
it advances theory by identifying a moderated serial
mediation pathway linking chatbot conversation
strategies to satisfaction through warmth, competence,
and social presence. Second, it introduces a dual-
method framework that integrates behavioral and
neural data, offering methodological insights for
future studies on digital interaction. Third, it provides
practical guidance for chatbot design, demonstrating
that combining tailored content with varied delivery
enhances users’ social impressions and emotional
engagement. These findings inform the development
of chatbot systems that are not only functionally
efficient but also socially intelligent and
psychologically satisfying.

2. Literature review and hypothesis

This study explores how chatbots’ conversational
skills, specifically conversational content and
conversation style, influence users’ satisfaction
through cognitive, emotional, and neurophysiological
mechanisms. Drawing on theories from human-
computer interaction, social cognition, and affective
neuroscience, we propose and justify a set of testable
hypotheses grounded in both behavioral and neural
responses to human-chatbot interaction.

2.1. Chatbot Communication in Human-
Chatbot Interaction

Chatbots are increasingly used to simulated
natural conversations in service contexts. Beyond
mere tools, users often treat them as social actors,
applying interpersonal heuristics such as warmth and
competence (Nass & Moon, 2000). According to the
CASA framework, which suggests that individuals
apply social rules to computers when they display
human-like cues, users anthropomorphize chatbots
and interpret verbal features as indicators of emotional
and cognitive states (Crolic et al., 2022). Thus, subtle
linguistic cues in chatbots’ communication, such as

tone, vocabulary and phrasing, play a central role in
shaping users’ affective and evaluative responses.

2.2 Chatbots’ conversational skills: content
and style

Two key dimensions of chatbots’ conversational
skills are conversation content and conversation style.
Conversation content refers to the substance or
informational purpose of chatbots’ response. A
fundamental distinction within this dimension is
between generic responses, which are vague,
templated, or non-specific, and tailored responses,
which are contextually relevant and personalized to
the users’ input (Crolic et al., 2022). According to
expectancy-confirmation theory, satisfaction arises
when system responses align with or exceed users’
expectations. Tailored responses are more likely to
fulfill this expectation, as they demonstrate
attentiveness, personalization, and effort. Therefore,
we propose the following hypothesis:

H1: Tailored responses will result in higher users’
satisfaction than generic responses.

Conversation style refers to the linguistic form or
phrasing used by the chatbots. A non-varied style,
which repeats identical or nearly identical phrasing,
may make the chatbot seem scripted, unresponsive, or
lacking in emotional intelligence. In contrast, a varied
style employs diverse vocabulary, sentence structure,
or tone across multiple interactions. This variation can
make the chatbots appear more human-like and
engaging (Adam et al, 2020). We argue that
conversation style moderates the effect of
conversation content. A varied style enhances the
impact of tailored responses because its expressive
richness makes personalization more salient and
authentic. In contrast, when tailored responses are
delivered in a non-varied style, the advantage of
personalization is less evident. Therefore, we propose
the following hypothesis:

H2: Conversation style moderated the effect of
conversation content on users’ satisfaction, such that
the positive impact of tailored responses is stronger
when the chatbots use a varied rather than a non-varied
style.

2.3. Social perception: Warmth and
Competence

Users form judgements of warmth (friendliness,
empathy) and competence (intelligence, capability)
based on chatbots’ responses (Fiske et al., 2007).
Generic responses may suggest inattentiveness,
reducing warmth and competence perceptions. In
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contrast, tailored responses signal cognitive effort and
social responsiveness. We propose the following
hypotheses:

H3a: Tailored responses will lead to higher
perceived warmth than generic responses, which in
turn will be positively associated with users’
satisfaction.

H3b: Tailored responses will lead to higher
perceived competence than generic responses, which
in turn will be positively associated with users’
satisfaction.

2.4 Social presence

Social Presence reflects the perceived social
realism and responsiveness of a chatbot (Short et al.,
1976). Tailored responses enhances social presence by
simulating interpersonal involvement, especially
when it signals mutual awareness and emotional
alignment (Qiu & Benbasat, 2009). Therefore, we
propose the following hypothesis:

H4: Tailored responses will lead to higher
perceived social presence than generic responses,
which in turn will be positively associated with users’
satisfaction.

2.5 The serial-mediating role of warmth,
competence and social presence

Warmth and competence may operate as initial
social inferences, which feed into higher-order
perceptions of social presence. Users interpret tailored
responses as signs of both emotional intent and
cognitive skills, which jointly support a sense of co-
presence and psychological engagement. Therefore,
we propose the following hypothesis:

H5a: Perceived warmth and social presence will
sequentially mediate the effect of tailored (vs. generic)
responses on users’ satisfaction.

H5b: Perceived competence and social presence
will sequentially mediate the effect of tailored (vs.
generic) responses on users’ satisfaction.

2.6 Moderated Serial Mediation: The Role of
Conversation Style

Conversation style may shape how tailored
responses are perceived and processed. Varied
responses can enhance message richness, increasing
inferences of warmth and competence, which in turn
amplify perceived presence and satisfaction. In
contrast, non-varied responses may weaken these
effects by appearing scripted or impersonal (Feine et
al., 2019; Schuetzler et al., 2020).

Hé6a: Conversation style moderates the indirect
effect of chatbots’ conversation content on users’
satisfaction through perceived warmth and social
presence, such that the serial mediation effect is
stronger when the chatbots use a varied (vs. non-
varied) response style.

Ho6b: Conversation style moderates the indirect
effect of chatbots’ conversation content on users’
satisfaction through perceived competence and social
presence, such that the serial mediation effect is
stronger when the chatbots use a varied (vs. non-
varied) response style.

2.7 EEG and alpha band

While self-report capture users’ evaluations, they
may miss implicit affective responses. EEG provides
real-time neural data on emotional and motivational
engagement. In this study, we argue that two key
features of chatbots’ conversational  skills,
conversation content and conversation style. Under
tailored responses, varied responses serve as socially
rewarding stimuli. Tailored responses demonstrate
attentiveness and contextual relevance, which
simulate interpersonal concern and enhance
perceptions of warmth and competence. Under
tailored responses, varied responses add expressive
richness and reduce mechanical repetition, thereby
increasing the naturalness and dynamism of the
interaction (Crolic et al., 2022). Together, these
features reflect human-like qualities such as emotional
intelligence and conversational sensitivity, which are
known to activate reward-related neural pathways and
trigger approach-oriented affective states.

In contrast, generic responses are often vague and
impersonal. Under generic responses, non-varied
responses that are repetitive and monotonous phrasing,
may reduce users’ psychological engagement and lead
to a sense of detachment. This is reflected in reduced
alpha power, consistent with previous findings on
disengagement and cognitive under-stimulation.

Importantly, while behavioral data (e.g.,
satisfaction ratings) capture the evaluative outcome,
EEG provides a window into the underlying affective
mechanism. Thus, neural signatures such as alpha
band power allow us to test whether the observed
effects of conversation content and style are driven by
implicit affective and motivational processes.
Therefore, we propose the following hypothesis:

H7: Tailored and varied responses will elicit
greater alpha band power than generic and non-varied
responses.

Page 4507



3. Overviews of studies

Two studies were conducted to substantiate this
research framework and proposed hypotheses. Study 1
examined the main effect of chatbots’ conversation
content, comparing tailored responses to generic
responses, on users’ satisfaction, and assessing the
moderating role of conversation style (non-varied
responses vs. varied responses). Study 2 further
examine the underlying psychological and neural
mechanisms that underlie the influence of chatbots’
conversation content on users’ satisfaction. We
developed the research model (Figure 1) based on our

hypothesis.
Warmth &
Competence Social Presence
.Pm I
Conversation
Conversation
Style

Figure 1. Conceptual framework.

Users®
Satisfaction

4. Study 1: behavioral experiment

The purpose of study 1 was to test how chatbots’
conversation content (generic responses vs. tailored
responses) and conversation style (non-varied
responses vs. varied responses) jointly influence users’
satisfaction. This study addressed the fundamental
question of how linguistic strategies in chatbot design
shape user evaluations in service contexts. A 2
(conversation content: generic vs. tailored responses)
x 2 (conversation style: non-varied vs. varied
responses)  between-subjects  experiment  was
conducted using a realistic online shopping scenario,
where participants interacted with chatbots for product
recommendations. Scripted dialogues were used to
ensure consistency and control across four conditions:
Generic/Non-varied, Generic/Varied, Tailored/Non-
varied, Tailored/ Varied.

4.1. Pretest

A pretest with 120 participants validated the
experiment manipulations. For conversation content,
participants rated the perceived degree to which the
chatbots understood their questions on a 7-point scale.
A significant difference was found between the
generic response (Mgeneric response = 3.70) and the

tailored response (Mtallored response — 580)> t (118) = -
8.770, p <0.001.

The manipulation of conversation style showed
that participants in the varied-response condition
(Myaried response = 5.15) perceived greater linguistic
variability than those in the non-varied response
condition (Myon-varied response = 2.67), t (118) =-8.69, p <
0.001, supporting the validity of the style manipulation.

Examples of the chatbot conversations used in the
pretest are provided in Figure 2.

Figure 2a. Experiment stimuli in study 1. Generic/Non-
varied response. Chatbot response are left justified,
consumer responses are right justified.

Figure 2b. Experiment stimuli in study 1.
Tailored/Varied response. Chatbot response are left
justified, consumer responses are right justified.

4.2. Participants

A total of 357 participants (131 males and 226
females) were recruited through Credamo, a Chinese
online survey platform similar to MTurk. 36.4% were
18-25 years old, 26.6% were 26 to 30 years, 17.4%
were 31 to 35 years and 19.6% were over 35 years).
Participants had extensive experience with online
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shopping: 98.6% had shopped online for over two
years, and 97.2% had made at least one purchase in the
last month. Regarding chatbot familiarity, 8.7%
reported always interacting with chatbots, 57.4% often,
and 33.9% occasionally. They were randomly
assigned to one of the four experimental conditions
and received compensation for their time.

4.3. Experiment design and procedure

To simulate a realistic online shopping
experience, we created a decision-making scenario
involving a common household product. Following
past research, a high-speed blender was selected as the
target item, given its familiarity and frequent online
purchase among Chinese consumers (Ruan & Mezei,
2022). Participants were asked to image that they were
using the Taobao app, which is the largest e-commerce
platform in China, to purchase a blender but had not
yet conducted any product comparisons. They were
instructed to consult a chatbot for product
recommendations, without prior product comparisons.
The scenario ensured ecological validity by using
familiar platforms and tasks.

The experimental dialogues between participants
and the chatbot were constructed based on real
customer service exchanges collected from Taobao
and adapted according to prior chatbot research
(Schuetzler et al., 2020). Tailored responses explicitly
reflected the user’s intent and context (e.g., “Since you
mentioned smoothies for workouts...”), while generic
responses provided templated and vague information
(e.g., “This is a good blender”). Varied responses
included natural linguistic variation across turns,
whereas non-varied responses used nearly identical
wording. The four combinations were embedded into
mobile-interface screenshots to simulate an authentic
digital experience.

Participants ~ viewed  the  human-chatbot
interactions, completed satisfaction measures, and
responded to demographic questions. Materials were
translated and back-translated to ensure conceptual
equivalence.

4.4. Measures

Users’ satisfaction was measured using a
validated 3-item scale on a 7-point Likert scale (1 =
strongly disagree to 7 = strongly agree) (Chung et al.,
2020). Sample items included: “In the above
conversation, the chatbot did what I expected”, “I’'m
satisfied with the chatbot” and “I’m satisfied with the
experience of talking with the chatbot”. The scale
demonstrated strong internal consistency (Cronbach’s

alpha = 0.949). Participants rated satisfaction with the
chatbots’ responses and the overall interaction.

4.5. Results

Manipulation check: The manipulation check for
conversation content and conversation style are both
significant at p < 0.001.

Main effects of conversation content: A one-way
ANOVA showed that participants exposed to tailored
responses (Mtailored responses 5.61 8) reported
significantly higher satisfaction than those receiving
generic responses (Mgeneric response = 3.998) (F (1,355) =
12.972, p < 0.001). These results supported HI.

Moderation Analysis: A two-way ANOVA
revealed a significant interaction effect between
conversation content and conversation style, F (1,88)
=7.508, p=0.007. Simple effects analysis showed that
under the tailored response condition, varied responses
(Myaried response = 5.929, S.E. = 0.088) led to significantly
higher satisfaction than non-varied responses (Myon-
vareid response = 5.296, S.E. = 0.134), F (1,88) = 15.053, p
< 0.001. However, no significant difference emerged
between conversation styles under generic responses,
F(1,88)=0.982, p=0.324. The results supported H2.
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Varied response
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Figure 3. Users’ satisfaction of generic response and
tailored response.

4.6. Discussion

This study confirmed that chatbots’ conversation
content significantly influences users’ satisfaction and
that conversation style moderated this effect. Users
reported greater satisfaction when receiving tailored
responses, particularly when those responses were
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expressed in a conversation style of varied responses.
These findings emphasize the importance of both what
and how chatbots communicate. However, the reliance
on self-reported measures in this study may not fully
capture underlying emotional responses, which
prompted the use of EEG in study 2 to further explore
neural mechanism.

5. Study 2: EEG experiment

The purpose of study 2 was to further investigate
how chatbots’ conversation content and style
influence users’ satisfaction by examining the
underlying psychological and neural mechanisms.
While study 1 provided self-reported behavioral
evidence, study 2 employed EEG to capture users’
implicit cognitive and affective responses. A 2
(conversation content: generic vs. tailored responses)
x 2 (conversation style: non-varied vs. varied
responses) within-subjects design was adopted.
Participants ~ viewed  realistic  chatbot-human
interactions about product recommendations in a
simulated shopping context while EEG data were
recorded.

5.1. Participants and design

37 university students (Mg = 21.84, 20males)
from a public university in eastern China participated.
All participants had prior experience with chatbots in
online shopping and met inclusion criteria (e.g., right-
handed, normal or corrected vision, no neurological
history). Participants were exposed to all four
experimental conditions in randomized order, and the
study was conducted in accordance with ethical
guidelines.

5.2. Materials and procedure

Stimuli were based on 20 common product
categories (e.g., desk lamp, headset, mouse), each
paired with four chatbot dialogues reflecting the
experimental  conditions.  Tailored responses
referenced user goals (e.g., “This lamp is ideal for
studying late at night.”), while generic responses
remained vague (e.g., “All options are good.”). Varied
responses changed vocabulary and sentence structure,
and non-varied responses repeated phrasing.

Each participants viewed 160 trials (20 product x
4 conditions x 2 repetitions). Stimuli were displayed
using E-Prime 3.0. Each trial included: (1) fixation
cross (600-800ms), (2)blank screen (600-800ms), (3)
chatbot-user conversation (8000ms), (4)blank screen
(800-1200ms), and (5) satisfaction rating prompt.

Participants rated satisfaction on a 7-point Likert scale
(1 =not at all satisfied; 7 = very satisfied).

Following the EEG task, participants completed
a post-task questionnaire measuring satisfaction,
perceived warmth and competence (Roy & Naidoo,
2021), social presence (Lei et al., 2021), positive and
negative emotion(Spector & Fox, 2002). All scales
showed strong internal consistency (Cronbach’s o >
0.95).

600-800ms 600-800ms 8000ms 600-800ms  until response 600-800ms

Mark

5.3. EEG recording and analysis

EEG was recorded using a 32-channel system
(Brain Products GmbH, Gilching, Germany) at S00Hz
sampling rate. Electrodes were positioned according to
the 10/20 international system, focused on frontal-
central regions (F3, F4, Fz, FCl, FC2, FCz).
Impedance was kept below 10kQ. Data were
preprocessed in EEGLAB (bandpass filter 0.11-30Hz,
ICA artifact removal, baseline correction, epoching
(0-8000ms).

Time-frequency analysis was conducted using
short-time Fourier transform. The alpha band (10-
12Hz) was selected based on visual inspection of
grand average power. A 2 x 2 x 6 repeated measures
ANOVA tested effects of conversation content, style
and electrode on alpha power.

5.4. Results

5.4.1. Behavioral results. The manipulation check for
conversation content is significant, with participants in
tailored group (Muitored response = 5.878) perceived
chatbots understood them more than in generic group
(Mgeneric response = 1.753), t = -21.540, p < 0.001.
Similarly, the manipulation check for conversation
style is significant, with participants in varied group
(Myaried response = 6.556) perceived a more various way
than in non-varied group (Myon-varied response = 4.053), t =
-7.807, p < 0.001.

Repeated measure analysis of variance revealed
that conversation content has a significant effect on
users’ satisfaction (£ (1,36) = 760.792, p < 0.001) and
conversation style has a significant effect on users’
satisfaction (F (1,36) =27.581, p = 0.014). Meanwhile,
an obvious interaction effect between conversation
content and conversation style (¥ (1,36) =31.463, p <

Page 4510



0.001) was also found. Further simple effect analysis
indicated that the difference in users’ satisfaction
about generic response between varied response
(Myaried response = 1.500, S.E. = 0.103) and non-varied
response (Muon-vareid response = 1.495, S.E. = 0.098) was
not significant (¥ (1,36) =0.002, p =0.961). However,
the difference in users’ satisfaction about tailored
response between varied response (Myaried response =
6.270, S.E. = 0.127) and non-varied response (Mon-
vareid response = 9.072, S.E. = 0.191) was significant (¥
(1,36) = 35.298, p < 0.001) (see Figure 4). Thus, H1
and H2 were supported.

Perceptions of warmth, competence, social
presence and positive emotion were all higher for
tailored responses. Negative emotion was lower.
Mediation analyses confirmed that warmth,
competence and social presence partially mediated the
effect of content on satisfaction (supporting H3a, H3b
and H4).

Table 3. The regression results of sequential
mediation analysis.

Variable Coefficient SE t P
Mediators: WP SP

Outcome: WP (mediator variable)

Constant 0.468 0.383 1.224 0.223
CCT 2.563 0.242  10.592 <0.001
Outcome: SP (mediation variable)

Constant -2.273 0.302 7.535  <0.001
CCT 2.375 0.252 9411  <0.001
WP 0.466 0.065 7.186  <0.001
Outcome: US (mediation variable)

Constant -1.996 0.17 -11.71 0.224

CCT 2.282 0.153 14.87  <0.001
WP 0.16 0.036 4427  <0.001
SP 0.448 0.404 11.250 <0.001
Indirect effect of CCT on US
Bffect oot 95%Cl

CCT—

Wp— 0.228 0.058 0.131 0.357
SP—US

Mediators: CP SP
Outcome: CP (mediation variable)
Constant -2.409 0.283  -8.512 <0.001

CCT 4.047 0.179  22.615 <0.001
Outcome: SP (mediation variable)

Constant 0.398 0.24 1.656 0.100
CCT -0.549 0.264  -2.058  0.039
CP 1.018 0.057 17.725 <0.001

Outcome: US (mediation variable)

Constant -1.339 0.173  -7.734  <0.001

CCT 1.736 0.191 9.086  <0.001
CP 0.385 0.073 5279  <0.001
SP 0.279 0.059  4.700  <0.001
Indirect effect of CCT on US

Bffect o0t 95%Cl
CCT—

CP—SP 1.149 0.424 0.351 1.996
—US

Note: CCT = Conversation content; WP = Warmth
perception; CP = Competence perception, SP = Social
presence; US = Users’ satisfaction.

Sequential mediation models showed two parallel
chains: conversation content — warmth — social
presence—users’ satisfaction (H5a), and conversation
content — competence — social presence — users’
satisfaction (H5b). Conversation style moderated both
pathways (PROCESS Model 83), confirming H6a and
Héb.
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Figure 5. Users’ satisfaction of generic response and
tailored response.
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Figure 6. The results of sequential mediation analysis on
the effect of conversation content on users’ satisfaction
via warmth perception and social presence.

Competence 1.018" Social
Pm“m

Conversation
Content

Satisfaction

Figure 7. The results of sequential mediation analysis on
the effect of conversation content on users’ satisfaction
via competence perception and social presence.

Conversation ), Besception Presence
Style L
13787

2261

Users’
Satisfaction

Conversation
Content

Figure 8. The results of moderated sequential mediation
analysis on the effect of conversation content on users’
satisfaction via warmth perception and social presence,
conversation style as moderator.

Table 4. The regression results of moderated
mediation analysis.

Variable Coefficient SE t p

Moderated mediation 1

Outcome: WP (mediation variable)

Constant 4.000 2.457 1.628  0.106
CCT -2.261 1.554  -1.455 0.148
CST -1.009 0.695 -1.452  0.149
gg:[l: ) 1.378 0.439 3.136  0.002
Outcome: SP (mediation variable)

Constant -2.273 0.302 -7.535 0.000
CCT 2.375 0.252 9411 0.000
WP 0.466 0.065 7.186 0.000

Outcome: US (dependent variable)

Constant -1.996 0.170 11._710 <0.001
CCT 2.282 0.153 14.87  <0.001
WP 0.160 0.036 4427  <0.001
SP 0.448 0.040 11.250 <0.001

Effect of moderated mediation: CCT—WP —SP —US

Effect BS"]f:’t 95%ClI
CST 0.288 0.139 008 0613

Moderated mediation 2

Outcome: CP (mediation variable)

Constant 3.480 1.677 2.075 0.040
CCT -1.865 1.060  -1.759  0.081
CST -1.682 0474  -3.548  0.001
g(s:"}: 1.689 0.300 5.632  <0.001
Outcome: SP (mediation variable)
Constant 0.398 0.240 1.656  0.100
CCT -0.549 0.264  -2.085  0.039
CP 1.018 0.058  17.725 <0.001
Outcome: US (dependent variable)
Constant -1.339 0.173  -7.734 <0.001
CCT 1.736 0.191 9.086  <0.001
CP 0.385 0.073 5279  <0.001
SP 0.279 0.059 4.700  <0.001
Effect of moderated mediation: CCT—CP —SP —US
Bffect 5" 95%CI
CST 0.479 0.207 0.138 0.940

Note: CCT = Conversation content; WP = Warmth
perception; CP = Competence perception;, SP = Social
presence; US = Users’ satisfaction.

5.4.2. EEG results. Alpha band analysis revealed a
significant interaction between conversation content
and style (F (1,36) =4.447, p = 0.042).

Further simple effect analysis indicated that the
difference in time-frequency power about tailored
response between varied response (Myaried response = -
0.451, S.E. = 0.096) and non-varied response (Mon-
vareid response = -0.625, S.E. = 0.139) was significant (¥
(1,36) = 4.554, p = 0.04). However, the difference in
time-frequency power about generic response between
varied response (Myaried response = -0.469, S.E. = 0.147)
and non-varied response (Myon-vareid response = -0.351,
S.E. = 0.082) was not significant (F (1,36) = 1.416, p
= 0.242). (see Figure 8 and Figure 9). Therefore, H7
was supported.

5.5. Discussion

Study 2 reinforces that tailored responses
significantly improved users’ satisfaction, especially
under conversation style of varied responses through
both behavioral and neural pathways. EEG results
indicate that these conversational strategies trigger
affective-motivational engagement at a
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neurophysiological level. The findings offer multi-
level evidence for designing chatbot communication
that is both socially and emotionally resonant.

Non-varied response

Varied response
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Figure 8. Time-frequency analysis results of high alpha
band.

Figure 9. Time-frequency results of alpha band.
6. Discussion

This research examined how chatbots’
conversation content and style jointly influence users’
satisfaction through psychological and neural
mechanisms. Across two studies, we found that
tailored responses especially when combined with a
conversation style of varied responses, significantly
enhance users’ satisfaction. Study 1 confirmed the
main effects and the moderating role of conversation
style, while study 2 revealed the underlying
mechanisms involving warmth, competence, social
presence and EEG-based alpha activity.

6.1. Theoretical implications
This research makes three key contributions to

the literature on human-chatbot interaction, social
perception theory and social presence theory.

First, it extends the literature on human-chatbot
interaction by focusing on the informational quality of
chatbot responses, not just anthropomorphic features.

Second, the study contributes to social perception
theory by demonstrating that warmth and competence
perceptions serve as mediators linking conversation
content to satisfaction via two distinct serial mediation
paths: one through warmth — social presence, and the
other through competence — social presence. This
reveals a more process-oriented understanding of how
tailored content shapes wusers’ perceptions and
emotional connections with chatbots.

Third, this research advances social presence
theory by identifying the interactive and sequential
role of social presence in human-chatbot interaction,
following initial social perception. EEG findings add
a neurocognitive perspective by revealing that these
effects are reflected in users’ brain activity.

6.2. Managerial implications

The findings of this research provide actional
insights for organizations designing chatbot-based
communication systems.

First, organizations should prioritize the use of
tailored responses over generic ones. Tailored
responses significantly improve users’ perceptions of
warmth, competence and social presence, which in
turn enhance overall satisfaction.

Second, the study highlights the critical role of
conversation style in shaping the effectiveness of
chatbots’ responses. When tailored responses are
available, adopting varied responses making chatbots
feel more responsive and intelligent. However, in
situations where only generic responses can be used,
applying non-varied responses can help reduce the
perceived insincerity and maintain an acceptable users
experience. Thus, chatbot systems should be designed
with adaptive stylistic strategies that match the content
type.

Third, the EEG results reveal that users’
emotional engagement can be influenced at a
neurocognitive level, even by subtle stylistic
differences. This underscores the value of emotionally
aware design. Developers can integrate sentiment
analysis or user state detection mechanism into chatbot
systems to dynamically adjust conversational tone and
style based on real-time user feedback or emotional
signals.

Taken together, these implications suggest that
effective human-chatbot interaction requires a
content-style alignment strategy, ensuring that what
the chatbots say and how they say it are optimally
matched to the users’ needs and expectations.

b
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6.3. Limitations and future research

Despite its contributions, this research has several
limitations that provide directions for future inquiry.

First, this study did not account for user-specific
factors such as cultural background, personality traits,
or prior experience with chatbots. Future research
should explore these moderating effects in more
diverse populations and context.

Second, while EEG was employed to provide
complementary insights into users’ implicit responses,
this research did not aim to construct a comprehensive
neurocognitive model of human-chatbot interaction.
Developing such a model would require a wider range
of neural indicators and more diverse experimental
conditions, which were beyond the scope of current
study. Future research could expand on this approach
by integrating multimodal physiological data to more
fully capture the emotional dynamics elicited by
human-chatbot interaction.
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