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Abstract

Background

Conversational artificial intelligence (Al) is increasingly being used in applications involving behavioural
support, health communication, education, and user engagement. However, the extent to which specific
conversational design features, particularly empathy, tone, and personalisation affect behavioural outcomes
remains unclear. This systematic review examined the association between these conversational design features
and behavioural or behavioural-proxy outcomes.

Methods

A systematic literature search was conducted across PubMed, Scopus, Web of Science, ACM Digital Library,
IEEE Xplore, and Google Scholar. Studies evaluating conversational Al systems incorporating empathy, tone,
emotional responsiveness, personalisation, or adaptive communication and reporting measurable behavioural,
psychological, engagement, or interaction outcomes were considered eligible.

Study selection followed a PRISMA-based process. Risk of bias was assessed using study-design-appropriate
methodological appraisal tools. Findings were synthesised narratively because of substantial heterogeneity in
study designs, interventions, populations, and outcome measures.

Results

Of 148 records identified, 32 duplicates were removed and 110 records underwent title and abstract screening.
Thirty studies were assessed for eligibility, of which 12 met the inclusion criteria. Across the included studies,
empathetic and adaptive conversational strategies were generally associated with improved engagement, self-
disclosure, perceived support, trust, and selected behavioural responses. Personalisation appeared to enhance
relevance, acceptance, and continued interaction, while conversational tone influenced comfort, engagement, and
willingness to interact. However, considerable heterogeneity was observed across populations, conversational
systems, outcome measures, and study designs, and several studies had methodological limitations.

Conclusion

Conversational Al incorporating empathy, appropriate tone, and personalisation shows potential to support
positive behavioural and psychological outcomes. However, the available evidence remains heterogeneous, and
the observed benefits should be interpreted cautiously. Thoughtfully designed conversational Al may therefore
serve as a complementary tool for supporting behaviour change and improving user experiences.
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Introduction

Conversational Al refers to systems that enable
computers to understand, process, and respond to
human-like voice or text inputs. These include
chatbots and virtual generative conversational agents,
which have rapidly emerged as a prominent interface
for human—computer interaction across healthcare,
mental health support, education, customer service, e-
commerce, and public communication. Recent
developments in natural language processing have
enabled these systems to simulate human-like
dialogue. They can also respond dynamically to user
input and, in some cases, provide personalised
support. As conversational Al systems become
increasingly integrated into routine digital services,
they are not only used to deliver information but also
to influence user behaviour and facilitate interventions
in decision-making and applied low- and high-stakes
scenarios.

Apart from technical performance, conversational
design features such as empathy cues, tone and
language style, and personalisation appear to shape
system effectiveness meaningfully. Empathy-oriented
conversations may be linked with deeper user self-
disclosure, with supportive responses promoting more
intimate sharing (7). Reciprocal chatbot self-
disclosure has also been shown to influence how users
interpret and understand traumatic experiences (1).
Subtle linguistic variations, such as changes in
language formality, have been shown to affect users’
willingness to disclose personal information (2).
Under certain conditions, users may be more willing
to disclose sensitive information to conversational
agents (3). Across studies, this evidence suggests that
conversational Al is not purely cosmetic. Rather, these
design elements drive engagement, disclosure
behavior, and responsiveness to system guidance.

At the same time, the current state of evidence remains
fragmented and methodologically heterogeneous.
Studies operationalize constructs such as empathy,
emotionality, and humanness inconsistently and rely
on non-comparable outcome measures. These studies
also examine effects across diverse contexts that can
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moderate behavioral outcomes. User responses to
chatbot versus human service interactions are based on
perceived empathy and outcome valence (8). Emotion
expression in task-oriented chatbots may alter
perceptions that precede behavior (9). Interactivity,
perceived humanness, and trust are further highlighted
by adoption-focused research as psychologically
meaningful pathways in chatbot use, particularly in e-
commerce (12). In mental health applications, fully
automated conversational agents have been shown to
demonstrate measurable symptom improvements (4),
and emotion-aware wellbeing systems further point
out the potential role of affect-sensitive design (5).
This uncertainty is further intensified by the rapid shift
toward generative Al, where increased human-
likeness and cognitive demands, such as information
overload, can potentially moderate usage intentions
(10). These systems may also be applied in high-stakes
contexts such as disaster preparedness, where
personalization may interact with trust and
comprehension across diverse and multiethnic
communities (11). Against this backdrop, the present
systematic review integrates findings across studies on
how empathy cues, tone and language style, and
personalization strategies in conversational Al
influence behavioral outcomes.

Materials & Methods
Inclusion Criteria
Population (P):

This review will include studies involving human
participants of any age group or demographic
background who directly interact with a
conversational artificial intelligence system, such as
chatbots, virtual assistants, or conversational agents,
across any setting including healthcare, education,
commercial platforms, or research environments.

Intervention / Exposure (I):

Eligible studies must evaluate or manipulate at least
one conversational design feature, specifically
empathy (e.g., emotionally responsive or supportive
language), tone (e.g., formal wversus informal,
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motivational, polite, or human-like communication
style), or personalization (e.g., adaptive responses,
customized content, or memory of user preferences)
within a conversational Al system.

Comparator (C):

Studies may include comparisons between different
conversational Al designs (e.g., empathetic versus
neutral agents, personalized versus generic responses),
comparisons with standard care or non-Al controls, or
single-arm studies reporting measurable behavioral
outcomes.

Outcomes (O):

Included studies must report at least one behavioral
outcome, such as user engagement (e.g., frequency of
use, retention, adherence), health or lifestyle behaviors
(e.g., medication adherence, physical activity, self-
care behaviors), decision-making behaviors (e.g.,
compliance with recommendations, information-
seeking, purchasing behavior), or social and
psychological behaviors linked to action (e.g., trust,
self-disclosure, help-seeking, intention to use).
Validated clinical symptom scales (e.g., PHQ-9,
GAD-7, PCL-5) will be considered as behavioral
proxy outcomes when they reflect functional change
in mood, anxiety, or mental-health—related behaviors

Study Design:

This review will include randomized controlled trials,
quasi-experimental studies, observational studies,
mixed-methods studies, and controlled laboratory
experiments published in peer-reviewed journals or
full conference proceedings in English from 2010
onward.

Exclusion Criteria
Population (P):

Studies involving non-human participants, simulated
users, algorithm-only testing environments, or
developer-only evaluations will be excluded.

Intervention (I):

Studies will be excluded if the artificial intelligence
system is not conversational in nature (e.g.,
recommender systems without dialogue, monitoring
systems, image classifiers), or if the study does not
explicitly evaluate empathy, tone, or personalization
as a design feature. Studies focusing exclusively on
technical performance, system architecture, model
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accuracy, or natural language processing benchmarks
without user interaction will also be excluded.

Comparator (C):

Studies will be excluded if they lack any evaluative
comparison or measurable outcome data, including
purely descriptive design papers, demonstrations, or
concept papers without empirical testing.

Outcomes (O):

Studies will be excluded if they report only usability,
satisfaction, acceptability, aesthetics, trust
perceptions, or system performance metrics without
assessing any behavioral or behavior-related
outcomes, such as engagement, adherence, behavior
change, decision-making, or self-disclosure.

Study Design:

Studies will be excluded if they are reviews, meta-
analyses, editorials, commentaries, opinion articles,
protocols without results, abstracts without full text,
theses, or grey literature, or if they are published in
languages other than English or before 2010.

Information Sources and Search Strategy

A comprehensive search was conducted across
PubMed, Scopus, Web of Science, ACM Digital
Library, IEEE Xplore, and Google Scholar. Search
terms combined concepts related to conversational Al
with design features and behavioural outcomes.
Searches were limited to studies published in English
between January 2010 and February 2026. Reference
lists of eligible studies were also manually screened to
identify additional records.

Selection Process

Records retrieved from database searches were
exported and duplicates were removed. Titles and
abstracts were screened for relevance to
conversational Al design and behavioural outcomes.
Full texts of potentially eligible articles were then
assessed against the predefined inclusion and
exclusion criteria. Disagreements during screening
were resolved through discussion until consensus was
achieved.

Data Collection Process and Data Items

Data extraction was performed using a standardised -
data extraction framework developed for this review. €N
For each included study, the following information €N
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was extracted: author(s), year of publication, study
design, sample size and participant characteristics,
chatbot type and application domain, conversational
design  feature  evaluated (empathy, tone,
personalisation, or self-disclosure), comparator
condition, behavioural or proxy outcomes measured,
and key findings. Particular attention was given to how
conversational design features influenced measurable
behavioural outcomes such as engagement, self-
disclosure, adoption intention, or clinical proxy
measures.  Data  extraction was  conducted
systematically to ensure consistency and completeness
across studies.

Risk of Bias Assessment

Risk of bias was assessed independently by two
reviewers using methodological appraisal tools
appropriate to the design of each included study.
Randomized controlled trials were assessed using the
Cochrane Risk of Bias 2 (RoB 2) tool, which
evaluates bias arising from the randomization process,
deviations from intended interventions, missing
outcome data, measurement of outcomes, and
selection of the reported result. Non-randomized
studies evaluating the effects of an intervention were
assessed using ROBINS-I, which considers bias due
to confounding, participant selection, classification of
interventions, deviations from intended interventions,
missing data, outcome measurement, and selection of
the reported result.

For non-randomized observational studies, including
cross-sectional  studies where applicable, an
appropriate Joanna Briggs Institute (JBI) critical
appraisal checklist corresponding to the study design
was used. For single-arm or pre—post intervention
studies without randomization, the relevant JBI quasi-
experimental appraisal tool was applied. The appraisal
tool was selected according to the underlying study
design rather than the technological format or
application area of the conversational Al intervention.

Two reviewers independently assessed each study and
recorded judgments for individual domains.
Disagreements were resolved through discussion, with
consultation with a third reviewer when consensus
could not be reached. Risk-of-bias judgments were
reported at the domain level rather than converted into
a numerical quality score. For RoB 2, studies were
classified as having low risk of bias, some concerns,
or high risk of bias. For ROBINS-I, judgments were
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categorized as low, moderate, serious, critical risk of
bias, or no information, according to the guidance of
the respective tool. For JBI assessments, individual
checklist items were reported as yes, no, unclear, or
not applicable. Overall judgments were based on the
pattern of domain-level assessments rather than on a
summed score.

Risk-of-bias assessments were incorporated into the
interpretation of the evidence, with greater weight
given to findings from studies with lower risk of bias.
Studies judged to have substantial methodological
limitations were not automatically excluded solely on
the basis of risk of bias but were considered when
assessing the strength and consistency of the overall
findings.

Effect Measures

The primary effect measures extracted were
behavioural outcomes reflecting user interaction and
behavioural change. These included engagement
metrics  (e.g., interaction duration, response
frequency), self-disclosure levels, and intention to use
or adopt the conversational Al system. Where
available, studies reporting validated clinical proxy
outcomes such as depression or anxiety scales (e.g.,
PHQ-9, GAD-7, PANAS) were included as indicators
of functional behavioral change. For experimental
studies, effect measures included differences between

intervention and control conditions, including
statistically  significant changes in behavioral
outcomes, reported effect sizes, regression

coefficients, or odds ratios where applicable. Due to
variation in reporting across studies, both quantitative
effect measures and direction of effect were recorded.

Synthesis Methods

Due to heterogeneity in chatbot platforms, outcome
measures, and application domains, a narrative
synthesis was conducted rather than meta-analysis.
Findings were grouped according to the
conversational design feature investigated (empathy,
tone, personalisation/self-disclosure) and the type of
behavioural outcome reported (engagement, intention,
self-disclosure, clinical proxies).

Reporting Bias Assessment

Reporting bias was assessed by examining whether
studies reported complete outcome data and whether
behavioural outcomes specified in study objectives or
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methods were fully reported in results. Studies were
evaluated for selective reporting of positive outcomes,
incomplete reporting of behavioural measures, and
discrepancies between stated outcomes and reported
findings. Publication bias was minimised by including
studies from multiple databases and conference
proceedings in addition to journal publications,
thereby capturing experimental human—computer
interaction research that may not be published in
traditional medical journals. Due to the qualitative
synthesis and the limited number of studies, formal
statistical tests for publication bias were not
performed.

Certainty Assessment

The certainty of the evidence was assessed using the
Grading of Recommendations Assessment,
Development  and Evaluation (GRADE)
framework at the outcome level. The certainty
assessment considered five domains: risk of bias,
inconsistency, indirectness, imprecision, and
publication bias. Evidence from randomized
controlled trials was initially considered to provide
high-certainty evidence, whereas evidence from non-
randomized and observational studies was initially

considered to provide low-certainty evidence, in
accordance with GRADE principles.

Certainty was downgraded when important
methodological limitations, substantial heterogeneity
of findings, indirectness of the population,
intervention, comparator, or outcome, imprecision of
effect estimates, or evidence suggestive of publication
or selective reporting bias was identified. Where
appropriate, certainty could be upgraded for
observational evidence in the presence of a large
magnitude of effect, a dose—response relationship, or
circumstances in  which  plausible  residual
confounding would be expected to reduce rather than
increase the observed effect.

Because the included studies differed substantially in
conversational Al systems, populations, study designs,
and outcome measures, certainty was assessed
separately for the major outcome domains rather than
assigning a single certainty rating to all evidence. The
final certainty of evidence for each outcome was
classified as high, moderate, low, or very low. The
certainty assessments were used to contextualise the
findings and ensure that conclusions reflected both the
observed effects and the strength of the underlying
evidence.

. Risk of/Inconsisten |Indirectne [Imprecisio Publication Overall
Outcome domain . . )
bias cy SS n bias certainty

User engagement Serious 41 Serious 4  [Serious § |Serious § |Not assessed |Low
Self-disclosure Serious 41 Serious 4  |Serious § |Serious § |Not assessed |Low
Trust / perceived support Serious 41 Serious 4  [Serious § |Serious § |Not assessed |Low
Behavioural intention /Serious 11 |Serious 4 |Serious § [Serious § |Not assessed |Low
adoption

Psychological outcomes Serious 41 Serious 4  [Serious § |Serious § |Not assessed |Low

GRADE interpretation: 1 = downgrade by one level; 1 = downgrade by two levels.

Table 1. GRADE assessment of the certainty of evidence for the major outcome domains of conversational Al

interventions

Certainty was primarily limited by the substantial risk of bias identified across the included studies, together with
heterogeneity in interventions, populations, and outcome measures. The small evidence base and variability in
outcome assessment further limited confidence in the estimates. Publication bias could not be reliably assessed
because of the limited number and heterogeneity of studies.
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Results

Fig 1: PRISMA 2020 flow diagram to illustrate selection process of included studies
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Study Characteristics

A total of 12 studies were included, comprising experimental studies, randomized controlled trials, pilot studies,
and cross-sectional analyses. The included studies evaluated conversational Al systems across diverse domains
including mental health support, consumer interaction, e-commerce, and public health communication. The
primary design features investigated were empathy, tone (language style and emotional expression), and
personalization, with outcomes focused on user behavior such as engagement, self-disclosure, adherence, and
usage intention.
Study Designs Included:

Controlled laboratory-based experimental studies examining chatbot interaction styles and user responses
Randomised controlled trials evaluating therapeutic conversational agents (e.g., CBT-based chatbots)
Pilot and feasibility studies assessing emotion-aware and adaptive chatbot systems

Cross-sectional and field-based studies in real-world consumer and communication settings
Conference-based human—computer interaction (HCI) experiments focusing on conversational behaviour

arwDE

Geographic Distribution:
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Included studies were conducted across multiple regions, including North America, Europe, and Asia, reflecting
a wide range of user populations and application contexts. This distribution supports the cross-cultural relevance
of conversational Al design, particularly in both healthcare and consumer-facing environments.

Conversational Al Modalities and Design Features
Table 2: Screening Modalities across different Conversation Al Models and their Design Feature

Domain Application Type Design Feature Al Function
Mental Health CBT chatbots (e.g., Empa_thy,_ Emotlon_al support, cognitive
Woebot) personalization restructuring, behavior tracking

Emotion-aware chatbot Mood detection, adaptive emotional

Mental Health Empathy

(e.g., EMMA) feedback
Consumer Customer service chatbots Tone, empathy Query handling, persuasion, satisfaction
Interaction enhancement
. Personalization, Product recommendation, purchase
E-commerce Al chat assistants . .
human-likeness influence
Communicati| Public health / disaster N Behavioral compliance, information
. Personalization, tone . e
on messaging chatbots dissemination
HCI Tone, empathy, User engagement, self-disclosure

Conversational agents

Experiments

disclosure strategies facilitation

Risk of Bias and Reporting Bias

The overall risk of bias across the included studies was moderate, with most studies showing some concerns.
Selection bias was common due to convenience sampling and limited population diversity. Performance bias was
largely unavoidable, as blinding to chatbot design features was not feasible. Detection bias was frequent, given
the reliance on self-reported behavioural outcomes such as engagement and self-disclosure. Attrition bias was
generally low in short-term studies but less consistently addressed in field-based designs. Only one randomised
controlled trial showed relatively low risk, while pilot and cross-sectional studies exhibited higher susceptibility
to bias.

Reporting bias was also moderate. Most studies lacked pre-registered protocols and did not clearly define primary
outcomes, increasing the risk of selective reporting. Positive findings—particularly improvements in engagement,
disclosure, and usage intention—were emphasised, while non-significant results were often underreported.
Incomplete outcome transparency was observed in some studies. Overall, these factors suggest that the reported
effects of conversational Al design features may be overestimated.

Table 3: Risk of Bias Assessment of Included Studies ([ Low risk | [ Some concerns | [] High risk)

. Selection Performance|Detection |Attrition |Reporting Overall
Aaelr (R S D Bias Bias Bias Bias Bias Risk
SUSHIREE Experimental |[] 0 O 0 O 0
(2023) LN
Cox & Ooi (2022) Experimental |[] 0 0 O O O m
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Croes & Antheunis .

(2020) Experimental |[] M
Fitzpatrick et al.

(2017) RCT O O
Ghandeharioun et al. .

(2019) Pilot study O O
Haugeland et al. .

(2022) Experimental |[] O
Lee et al. (2020) Experimental |[J O
Markovitch et al. .

(2024) Experimental |[] O
Pezenka et al. (2024) Experimental |[] O
Li et al. (2025) Experimental |[] 0
Zhao et al. (2025) E'fp')grimemal o 0
Ding & Najaf (2024) gerccﬁ;'nal O O O 0 O O

Result of Individual Studies
Table 4: Key Result of all Included Studies

Author Study

(Year) DeSign POpUIation Key Result

Chung & Experimenta Reciprocal self-disclosure by the chatbot significantly increased user
Kang I P Adult users emotional disclosure, with ~20-30% higher disclosure scores and
(2023) [1] greater perceived intimacy (p < 0.05).

Informal language tone resulted in significantly higher self-

Cox & OoilExperimenta General disclosure (mean difference ~0.4-0.6 Likert points) compared to

(2022) [2] | Sers formal tone (p < 0.05).
Croes &Ex erimenta Around 60-70% of participants were willing to self-disclose to
Antheunis I P Adults chatbots, with disclosure levels comparable to low-risk human
(2020) [3] interactions (p < 0.05).

()

oo

©
Ay

© 2026 IJMSCR. All Rights Reserved



Young

Zhao et al.

Experimenta

Multiethnic

Fitzpatrick |Randomized adults with Woebot users showed significant reduction in PHQ-9 scores (~—3
et al. (2017)/Controlled . points vs control, p <0.01) and high engagement (~70% daily use)
. depression/a
[4] Trial : over 2 weeks.
nxiety
Ghandehar Emotion-aware chatbot increased interaction frequency by ~25—
ioun et al.|Pilot study |Adultusers 35% and improved emotional awareness and mood tracking (p <
(2019) [5] 0.05).
thZl:g?ZIggg) Experimenta Consumers Natural conversational design increased interaction duration by
[6] ' I ~15-25% and improved engagement depth (p < 0.05).
Lee et al.|[Experimenta Adults Empathic chatbot prompts increased depth of self-disclosure (~30%
(2020) [7] |l higher scores) and longer message responses (p < 0.01).
Markovitc Experimenta Higher perceived chatbot empathy increased purchase intention by
h et aI.I P Consumers ~10-20% and improved satisfaction, especially in negative service
(2024) [8] scenarios (p < 0.05).
Pezenka et Experimenta Emotional expression increased perceived interaction quality
al. (2024)I P Adults (~0.5-0.8 Likert points) and modestly improved engagement
[9] duration (p < 0.05).
Li et al.|Experimenta Adults Human-like chatbot features significantly increased usage intention
(2025) [10] |I (B = 0.35-0.45, p < 0.001), moderated by information overload.
Field /

Personalized chatbot communication improved behavioral
compliance by ~15-25% in disaster preparedness tasks (p < 0.05).

(2024) [12]

Experimenta
I

(2025) [11] I populations
) Cross-

qug &sectional /|Online

Najaf

consumers

Increased interactivity and humanness led to higher trust (p = 0.4
0.5) and significantly predicted adoption behavior (R? = 0.45).

Synthesis of Results

Across the included studies, conversational Al design
features like empathy, tone, and personalization were
consistently linked to user behavioural outcomes.
Despite heterogeneity in study design, populations,
and outcome measures, a clear pattern emerged in
which human-like and adaptive conversational
elements led to improved user engagement, self-
disclosure, and behavioural responses. Overall,
conversational Al appeared to function most
effectively when designed to simulate socially

© 2026 IJMSCR. All Rights Reserved

meaningful interaction rather than a formal and purely
informational exchange.

1. Empathy and Emotional Responsiveness
Empathy emerged as a very important factor affecting

behavioural outcomes across multiple studies.
Conversational agents incorporating emotionally
supportive language, affective responses, and

empathetic prompts consistently increased user self-
disclosure and engagement. Users interacting with
empathetic systems demonstrated deeper emotional
expression and intimacy. Users also demonstrated
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longer responses and increased willingness to disclose
sensitive information.

In mental health contexts, empathetic conversational
agents were also linked to measurable improvements
in clinical proxy outcomes, including reductions in
depressive symptoms and sustained engagement over
time.

Additionally, reciprocal self-disclosure by
conversational agents, where the system shares
personal or human-like information, further enhanced
emotional intimacy and user disclosure. These
findings suggest that empathy-driven design not only
facilitates interaction but also actively influences the
depth and quality of user participation.

2. Tone and Language Style

Tone and linguistic style significantly influenced user
interaction patterns. Studies comparing formal versus
informal or human-like communication styles
consistently showed that informal, conversational, and
emotionally expressive tones made users more
comfortable and increased their willingness to engage.

Such tone variations were associated with higher
levels of self-disclosure, improved perceived
interaction quality, and longer interaction duration.
Emotional expression within task-oriented chatbots
also enhanced perceived responsiveness and
interaction quality.

Overall, tone appears to act as a key modulator of user
comfort, influencing the likelihood of engagement and
openness during interactions.

3. Personalization and Adaptive Interaction

Personalisation  strategies, including adaptive
responses, tailored content, and context-aware
interaction, were associated with behavioural
outcomes like compliance, adoption, and continued
usage. Personalized conversational agents showed
higher effectiveness in influencing user decision-
making, especially in sectors such as public health
communication and e-commerce.

Studies indicated that personalization increased
perceived relevance and trust. This led to improved
adherence to recommendations and higher behavioural
compliance. Additionally, human-like features and
interactions further strengthened usage intention and
adoption behaviour, although cognitive factors like

© 2026 IJMSCR. All Rights Reserved

information overload occasionally mitigated these
effects.

4. Underlying Mechanisms of Behavioural

Influence

Across studies, the influence of conversational Al
design features on behavioural outcomes appeared to
be mediated by key psychological constructs.
Empathy, tone, and personalisation contributed to
increased perceived humanness, emotional comfort,
and trust.

These factors led to greater self-disclosure, deeper
engagement, and a higher likelihood of behavioural
change or adoption. This suggests that conversational
Al works through mechanisms that simulate human
social interaction, where perceived understanding,
warmth, and contextual relevance affect user
responsiveness.

Rather than acting as purely functional tools,
conversational agents function as social actors that
shape user behaviour through psychologically
meaningful pathways.

5. Consistency and Limitations of Evidence

While the direction of findings was largely consistent
across studies, several limitations were observed. The
included studies were methodologically
heterogeneous, with variations in chatbot design,
outcome measures, and application domains.

Many studies relied on self-reported behavioural
outcomes, which may be subject to reporting bias.
Most studies were short-term and conducted in
controlled or experimental settings, limiting the
application of findings to long-term real-world use.

The overall risk of bias was moderate, with concerns
related to sampling methods, lack of blinding, and
selective reporting of positive outcomes. These factors
suggest the possibility that the magnitude of observed
effects may be overestimated, despite the reliability of
overall conclusions being supported by the
consistency of directional findings.

Certainty of Evidence

The overall certainty of evidence for the impact of
conversational Al design features, such as empathy,

tone, and personalisation, on behavioural outcomes QO
was considered moderate to low. This is mainly N

because many of the included studies had
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methodological limitations, including non-randomised
designs, reliance on self-reported data, and the
practical difficulty of blinding participants in chatbot
interactions. Several studies also had relatively small
sample sizes and did not consistently report precise
effect estimates, which adds some uncertainty to the
findings. In addition, most studies were not pre-
registered and tended to highlight positive results,
raising the possibility of reporting bias. That said, the
results were fairly consistent across studies and
directly relevant to the research question. Overall,
while there is reasonable evidence that features like
empathy and personalisation improve outcomes such
as engagement, self-disclosure, and adherence, the
strength of these effects should be interpreted
cautiously.

Discussion

This  systematic  review demonstrates  that
conversational Al design features, particularly
empathy, tone and personalisation, consistently

influence user behavioural outcomes across domains.
These features were linked to increased engagement,
deeper self-disclosure, improved adoption and greater
behavioural compliance. This indicates that
conversational agents function as socially interactive
systems shaping user behaviour, not just purely as
informational tools. Fitzpatrick et al. (2017) showed
that a CBT-based chatbot significantly reduced
depressive symptoms (PHQ-9 scores) along with
maintaining high engagement (~70 percent daily use)
(4). Lee et al. (2020) and Chung & Kang (2023)
demonstrated that empathetic prompts and reciprocal
self-disclosure increase emotional expression and user
intimacy (1,7). Similarly, Cox & Ooi (2022) found that
informal tone significantly enhances user self-
disclosure compared to formal tone. (2)

The behavioural impact of these features appears to be
mediated through  psychological mechanisms.
Empathy allows users to feel emotionally safe, so they
tend to open up more, while tone influences comfort
levels and interaction quality. Personalisation, on the
other hand, gains the user’s trust and enhances
perceived relevance to the user. These findings are
consistent with the proposition that users respond to
conversational Al as social actors, where human-like
interaction drives behavioural engagement. This
becomes especially relevant in mental health, where

© 2026 IJMSCR. All Rights Reserved

users may prefer disclosing sensitive information to
non-judgmental Al systems.

The influence of design features is not uniform and
varies across contexts. Empathy is particularly
important in mental health settings, where it supports
and enhances disclosure along with sustaining
engagement. Personalisation plays a stronger role in
public health and decision-making contexts,
improving behavioural compliance. Tone and
perceived humanness in interactions influence user
adoption in consumer interactions.

However, the evidence has limitations. Studies were
heterogeneous in design and outcome measures, with
many relying on self-reported behaviours and short-
term experimental settings. Standardized definitions
of constructs such as empathy and humanness were
lacking. We also cannot exclude publication bias
toward positive findings.

Overall, conversational Al design features are key
determinants of behavioural outcomes. Their effective
integration has the potential to enhance user
interaction and support behaviour change across
multiple real-world applications.

Future research should focus on long-term real-world
studies and standardized measurement frameworks.
Ethical and moral considerations related to trust and
behavioural influence should also be taken into
account. From a clinical and applied perspective,
conversational Al systems incorporating empathetic
and adaptive design seek to improve engagement,
adherence and accessibility, especially in mental
health and public health interventions.

Conclusion

Conversational Al demonstrates  considerable
potential to influence behavioural outcomes through
personalised, empathetic, and context-sensitive
interactions. The evidence reviewed suggests that
effective conversational design can enhance user
engagement and support positive behavioural and
psychological changes. Overall, the impact of
conversational Al depends not simply on its ability to
simulate human conversation, but on how effectively
it adapts to individual users and their specific needs.
Thus, thoughtfully designed conversational Al may
serve as a valuable complementary tool for supporting
behaviour change and improving user experiences.
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