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Mental Health bots. Data were analyzed using Structural Equation Modeling Partial Least
Perceived Emotional Support Squares (SEM-PLS) to evaluate the relationships among variables. The find-
Perceived Empathy ings indicate that perceived emotional support and perceived empathy positively
Al Companionship influence Al companionship. Furthermore, AT companionship significantly con-
Emotional Well-Being tributes to emotional well-being. The results also show that perceived emotional

support and perceived empathy have direct positive effects on emotional well-
[ [ being among Generation Z users. Al mental health chatbots have the poten-
:il::. tial to provide emotionally supportive and empathetic interactions that enhance

=2 users’ emotional well-being. The study highlights the importance of integrating
3"_! Hea human-centered and empathetic features into Al systems to support psycholog-
! ical well-being in digital healthcare environments.
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1. INTRODUCTION

The rapid development of Artificial Intelligence (AI) has significantly transformed the healthcare sec-
tor [1], including the area of mental health support. This transformation is increasingly relevant to the global
agenda of sustainable development, particularly the United Nations Sustainable Development Goals (SDGs),
specifically SDG 3 (Good Health and Well-Being), which emphasizes the importance of promoting mental
health and improving well-being across all age groups. In addition, SDG 9 (Industry, Innovation and Infras-
tructure) highlights the role of technological innovation in expanding access to digital services and supporting
quality of life through innovative solutions. In recent years, Al-powered chatbots have become increasingly
popular as accessible tools for emotional communication and psychological assistance, particularly among
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Generation Z [2, 3]. As a digitally native generation, Generation Z tends to rely heavily on digital platforms
for communication, self-expression, and emotional interaction. The emergence of Al mental health chatbots
provides users with immediate access to emotional support through interactive conversations that are avail-
able anytime and anywhere. Compared to traditional mental health services, Al chatbots offer convenience,
anonymity, accessibility, and non-judgmental interactions, making them appealing for users who may feel un-
comfortable sharing personal emotions with others [4]. The increasing use of Al chatbots for emotional com-
munication has raised important discussions regarding the ability of Al systems to simulate empathy and pro-
vide emotional support similar to human interaction. Several Al chatbot platforms, such as ChatGPT, Replika,
and Character.Al, are frequently used not only for information retrieval but also for emotional conversations,
stress relief, and companionship. This phenomenon reflects the growing role of Al as a social actor capable
of engaging users in emotionally meaningful interactions. As users spend more time communicating with Al
systems, perceptions regarding emotional support and empathy become increasingly important in shaping their
psychological experiences and emotional well-being [5].

Previous studies have examined Al applications in healthcare and digital services, focusing primarily
on system performance [6], user satisfaction, service quality, and technology acceptance. However, limited
studies have specifically explored the psychological and emotional dimensions of AI mental health chatbots,
particularly regarding how perceived emotional support and perceived empathy influence users’ emotional
well-being. Existing research also tends to emphasize functional effectiveness rather than the emotional rela-
tionship formed between users and Al systems [7, 8]. Furthermore, studies investigating Al companionship
as a mediating factor between emotional support, empathy, and emotional well-being remain relatively scarce,
especially among Generation Z users. This gap indicates the need for further investigation into the social and
emotional mechanisms underlying human-Al interaction in mental health contexts.

This study is grounded in Computers Are Social Actors (CASA Theory), which explains that individ-
uals tend to apply social norms and emotional expectations when interacting with computers or Al systems [9].
Through this perspective, users may perceive Al chatbots as socially responsive entities capable of understand-
ing emotions, offering support, and creating companionship. In addition, Social Support Theory supports the
argument that emotional support can positively influence an individual’s psychological condition and emotional
well-being. Therefore, interactions with AI mental health chatbots may contribute to emotional comfort and
psychological support similarly to human social interaction [10].

Based on these considerations, this study aims to examine the role of perceived emotional support and
perceived empathy in Al mental health chatbots on AI companionship and emotional well-being among Gener-
ation Z users. This study is expected to contribute theoretically by extending the application of CASA Theory
and Social Support Theory in the context of Al mental health chatbots. Practically, the findings may pro-
vide insights for Al developers and digital healthcare practitioners to design more empathetic and emotionally
supportive Al systems that promote positive psychological experiences for users [11].

2. LITERATURE REVIEW
2.1. Computers Are Social Actors Theory

This study is grounded in Computers Are Social Actors (CASA Theory), which explains that indi-
viduals tend to unconsciously apply social rules and interpersonal behaviors when interacting with computers
or artificial intelligence systems. According to this theory, users may perceive Al systems as social entities
capable of providing emotional responses, empathy, and companionship [12, 13]. As Al technology becomes
increasingly conversational and human-like, users are more likely to establish emotional connections with Al
chatbots. In the context of mental health chatbots, the perception of empathy and emotional support may
influence users’ psychological experiences similarly to interactions with humans. Therefore, CASA Theory
provides a relevant theoretical foundation for understanding how AI mental health chatbots affect emotional
well-being among Generation Z users [14].

In addition, this study is also supported by Social Support Theory, which emphasizes the importance
of emotional support in improving psychological conditions and emotional stability [15]. Emotional support
can help individuals reduce stress, feel understood, and improve emotional comfort. Through Al mental health
chatbots, users may perceive emotional assistance that contributes positively to their emotional well-being [16].
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2.2. Perceived Emotional Support

Perceived emotional support refers to the extent to which individuals feel emotionally supported, com-
forted, and understood during interactions with AI mental health chatbots. Emotional support is considered an
important factor in digital mental health services because users tend to seek reassurance, understanding, and
psychological comfort during emotional conversations [17]. Al chatbots that provide supportive and com-
forting responses may help users feel emotionally connected and psychologically assisted. Previous studies
have indicated that emotional support in digital communication environments can positively influence users’
emotional experiences and psychological outcomes.

2.3. Perceived Empathy

Perceived empathy refers to users’ perceptions regarding the ability of Al chatbots to understand emo-
tions, demonstrate care, and respond appropriately to emotional situations. In Al-mediated communication,
empathy becomes a critical factor because users expect emotionally sensitive interactions rather than merely
informational responses. Al systems capable of simulating empathetic communication may create more en-
gaging and emotionally satisfying interactions [18]. As Al conversational capabilities continue to evolve,
empathetic responses are increasingly recognized as an essential component in improving user trust, comfort,
and emotional engagement.

2.4. AI Companionship

Al companionship refers to the emotional attachment and sense of companionship users experience
while interacting with AI chatbots. The concept reflects how users may perceive Al systems as companions
capable of providing social presence and emotional interaction [19, 20]. Frequent interactions with Al chatbots
may reduce feelings of loneliness and create emotional closeness, especially among individuals who actively
seek emotional communication through digital platforms. Al companionship is particularly relevant among
Generation Z users, who are highly familiar with technology-based communication and digital social interac-
tion.

2.5. Emotional Well Being

Emotional well-being refers to an individual’s positive emotional condition, including feelings of
calmness, comfort, emotional stability, and reduced psychological distress. Emotional well-being is an im-
portant aspect of mental health because it reflects how individuals manage emotions and maintain positive
psychological experiences. Interactions with emotionally supportive and empathetic Al chatbots may con-
tribute positively to emotional well-being by providing comfort, reassurance, and emotional companionship
[21].

2.6. Previous Studies

Recent studies have increasingly explored the role of artificial intelligence in healthcare and emotional
support systems, particularly in relation to user experience, empathy, and psychological well-being. The grow-
ing adoption of Al mental health chatbots has encouraged researchers to examine how Al-driven interactions
influence emotional comfort, companionship, and mental health outcomes. Previous findings indicate that em-
pathetic communication and emotional support provided by Al systems may positively affect users’ emotional
experiences and satisfaction. Several studies related to Al empathy, emotional support, companionship, and
emotional well-being are presented in Table 1.

Table 1. Previous Studies

No Author Title Findings
1 [22] Al Empathy and User Satis- Al empathy positively influenced
faction in Digital Healthcare user satisfaction and emotional
trust.
2 [23] Emotional Support in AI Emotional support significantly im-
Chatbots and Psychological proved users’ psychological com-
Comfort fort.
3 [24] Al  Companionship and Al companionship reduced loneli-
Loneliness Reduction ness and improved emotional expe-

among Young Adults riences.




166 a E-ISSN: xxxx-xxxX | P-ISSN: xxxX-XXXX

4  [25] Human Like Interaction in Human-like communication in-
Al Mental Health Chatbots ~ creased emotional engagement
with Al systems.

5 [26] Empathetic Al Communica- Empathetic Al interaction pos-
tion and Emotional Well Be- itively affected emotional well-
ing being.

Based on the previous studies presented in Table 1, most researchers have focused on Al empathy,
emotional support, user satisfaction, and psychological outcomes in digital healthcare contexts. The findings
consistently indicate that emotionally responsive Al systems can positively influence users’ emotional experi-
ences and well-being. However, limited studies have simultaneously examined perceived emotional support,
perceived empathy, AI companionship, and emotional well-being within a single integrated model [27], partic-
ularly among Generation Z users of Al mental health chatbots [28]. Therefore, this study attempts to address
this gap by investigating the relationships among these variables using the perspectives of CASA Theory and
Social Support Theory.

2.7. Hypothesis Development

Perceived
Emotional
Support

H4

Al Emotional
Companionship Well Being

Perceived
Empathy

Figure 1. Conceptual Framework
Based on Figure 1, the following hypothesis is proposed:

¢ H1 Perceived emotional support positively influences AI companionship

Perceived emotional support provided by Al mental health chatbots may encourage users to develop
emotional attachment and companionship with Al systems. Supportive interactions can create feelings
of comfort and emotional closeness, increasing the perception of Al companionship [29].

¢ H2 Perceived empathy positively influences AI companionship

Perceived empathy may strengthen users’ emotional connection with Al chatbots because empathetic
responses can create feelings of understanding and care. When users perceive Al systems as empathetic,
they may develop stronger companionship toward Al interactions [30].

* H3 AI companionship positively influences emotional well-being

Al companionship may positively contribute to emotional well-being because users who perceive Al as
emotionally supportive companions may experience greater emotional comfort and reduced psychologi-
cal distress [31].

* H4 Perceived emotional support positively influences emotional well-being

Perceived emotional support may directly improve emotional well-being by helping users feel psycho-
logically supported, emotionally understood, and emotionally comforted during interactions with Al
chatbots [32].
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¢ HS5 Perceived empathy positively influences emotional well-being

Perceived empathy may also directly influence emotional well-being because empathetic interactions can
create positive emotional experiences and emotional reassurance for users [33].

3. METHODOLOGY

This study employed a quantitative research approach to examine the relationships among perceived
emotional support, perceived empathy, Al companionship, and emotional well-being among Generation Z users
of Al mental health chatbots. A quantitative method was considered appropriate because this study aimed to
test the proposed hypotheses and analyze the causal relationships between variables using statistical procedures
[28, 34].

The population of this study consisted of Generation Z individuals who had experience using Al men-
tal health chatbots for emotional communication, psychological support, stress relief, or personal conversations.
The respondents were selected using a purposive sampling technique because the study required participants
with specific characteristics relevant to the research objectives [35]. The criteria for respondents included in-
dividuals aged between 17 and 27 years who had used Al chatbot platforms such as ChatGPT, Character.Al,
or Replika for emotional interaction or mental health-related communication at least two times within the last
month. A total of 160 respondents participated in this study.

Table 2. Demographic Characteristics of Respondents

Characteristics Category Frequency Percentage
Gender Male 68 42.5%
Female 92 57.5%
Age 17-20 Years 49 30.6%
21-24 Years 81 50.6%
25-27 Years 30 18.8%
Al Chatbot Usage Frequency 2-5 Times per Month 58 36.3%
6-10 Times per Month 64 40.0%
More than 10 Times per Month 38 23.7%
Most Frequently Used Platform  ChatGPT 89 55.6%
Character.Al 41 25.6%
Replika 30 18.8%

Based on Table 2 data were collected through an online questionnaire distributed using Google Forms.
The questionnaire consisted of statements measuring perceived emotional support, perceived empathy, Al com-
panionship, and emotional well-being. All measurement items were adapted from previous studies and modi-
fied to fit the context of Al mental health chatbots. The measurement scale used in this study was a five-point
Likert scale ranging from 1 = strongly disagree to 5 = strongly agree.

Perceived emotional support was measured based on users’ perceptions regarding the emotional com-
fort and psychological support provided by Al chatbots. Perceived empathy referred to users’ perceptions of the
chatbot’s ability to understand emotions and provide empathetic responses [26, 36]. Al companionship mea-
sured the extent to which users perceived Al chatbots as companions capable of providing emotional closeness
and social interaction. Emotional well-being referred to users’ positive emotional conditions after interacting
with Al mental health chatbots.

The data analysis technique used in this study was Structural Equation Modeling Partial Least Squares
(SEM-PLS) using SmartPLS. SEM-PLS was selected because it is suitable for predictive research models and
capable of analyzing complex relationships among latent variables. The analysis process included measure-
ment model evaluation through validity and reliability testing, followed by structural model evaluation to test
the proposed hypotheses. Convergent validity was assessed using factor loadings and Average Variance Ex-
tracted (AVE), while reliability was evaluated using Cronbach’s Alpha and Composite Reliability values. Hy-
pothesis testing was conducted by examining path coefficients, t-statistics, and p-values obtained through the
bootstrapping procedure.
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4. RESULTS AND DISCUSSION

This section presents the results of data analysis using Structural Equation Modeling Partial Least
Squares (SEM-PLS). The analysis includes respondent characteristics, measurement model evaluation, struc-
tural model evaluation, and hypothesis testing. The findings are discussed to explain the relationships among
perceived emotional support, perceived empathy, Al companionship, and emotional well-being among Gener-
ation Z users of Al mental health chatbots.

4.1. Measurement Model Evaluation

The measurement model evaluation was conducted to assess the validity and reliability of the con-
structs used in this study. Convergent validity was evaluated using factor loadings and Average Variance
Extracted (AVE), while reliability was assessed using Cronbach’s Alpha and Composite Reliability values.
The recommended threshold values include factor loadings above 0.70, AVE above 0.50, and reliability values
above 0.70. The results of convergent validity and reliability testing are presented in Table 3.

Table 3. Validity and Reliability Analysis Results

Variable Indicator Loading AVE Composite  Cronbach’s
Factor Reliability Alpha
Perceived Emotional Support PES1 0.812 0.683 0.896 0.845
PES2 0.841
PES3 0.829
PES4 0.817
Perceived Empathy PEI1 0.824  0.691 0.899 0.851
PE2 0.836
PE3 0.847
PE4 0.821
Al Companionship AICl1 0.838 0.702  0.904 0.858
AIC2 0.852
AIC3 0.831
AIC4 0.840
Emotional Well Being EWB1 0.826 0.688 0.898 0.849

EWB2 0.841
EWB3 0.819
EWB4 0.835

Based on Table 3, all indicators demonstrated factor loading values above 0.70, indicating satisfactory
convergent validity. Furthermore, all AVE values exceeded the recommended threshold of 0.50, confirming that
each construct adequately explained the variance of its indicators. The Composite Reliability and Cronbach’s
Alpha values for all variables were also above 0.70, indicating that the measurement instruments used in this
study were reliable and internally consistent.

4.2. Structural Model Evaluation

The structural model evaluation was conducted to examine the explanatory power of the proposed re-
search model. The coefficient of determination (R?) was used to measure the predictive accuracy of endogenous
variables in the model. The results of the structural model evaluation are presented in Table 4.

Table 4. R-Square (R?) Value Results
Endogenous Variable R’ Value Interpretation
Al Companionship 0.648 Moderate
Emotional Well Being 0.712 Strong

Based on Table 4, the R? value for Al companionship was 0.648, indicating that perceived emotional
support and perceived empathy explained 64.8% of the variance in Al companionship. Meanwhile, the R? value
for emotional well-being was 0.712, meaning that perceived emotional support, perceived empathy, and Al
companionship collectively explained 71.2% of the variance in emotional well-being. These findings indicate
that the proposed research model has strong explanatory capability.
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To provide a clearer visualization of the relationships among variables, the structural model gener-
ated from the SEM-PLS analysis is presented in Figure 2. The figure illustrates the relationships between
perceived emotional support, perceived empathy, Al companionship, and emotional well-being, including the
path coefficients and explanatory power of the endogenous variables.
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Figure 2. SEM-PLS Algorithm Model

Figure 2 demonstrates that all structural relationships in the proposed model have positive path coeffi-
cients. Perceived emotional support and perceived empathy both showed substantial contributions to Al com-
panionship, while Al companionship significantly influenced emotional well-being. The figure also indicates
strong explanatory power for emotional well-being, suggesting that emotionally supportive and empathetic Al
interactions play an important role in shaping positive emotional experiences among Generation Z users.

4.3. Hypothesis Testing

Hypothesis testing was conducted using the bootstrapping procedure in SEM-PLS. The significance
of the relationships among variables was evaluated based on path coefficients, t-statistics, and p-values. A
relationship was considered significant if the t-statistic exceeded 1.96 and the p-value was below 0.05. The
results of hypothesis testing are presented in Table 5.

Table 5. Hypothesis Testing Results

Hypothesis Relationship Path Coefficient T-Statistic P-Value Result

H1 Perceived Emotional Sup- 0.421 5.873 0.000 Supported
port — AI Companionship

H2 Perceived Empathy — Al 0.396 5.214 0.000 Supported
Companionship

H3 AI Companionship — Emo- 0.438 6.028 0.000 Supported
tional Well Being

H4 Perceived Emotional Sup- 0.267 3.482 0.001 Supported
port — Emotional Well Be-
ing

H5 Perceived Empathy — Emo- 0.241 3.105 0.002 Supported
tional Well Being

Based on Table 5, all proposed hypotheses were supported. Perceived emotional support significantly
influenced Al companionship, indicating that emotionally supportive Al interactions increased users’ feelings
of companionship toward Al chatbots. Similarly, perceived empathy significantly influenced Al companion-
ship, suggesting that empathetic communication strengthened emotional attachment between users and Al
systems.

Figure 3 confirms that all proposed relationships are statistically significant, as indicated by the high
t-statistics values and significant path coefficients. The strongest relationship was identified between Al com-
panionship and emotional well-being, indicating that emotional attachment and companionship toward Al chat-
bots play a crucial role in improving users’ emotional conditions. The bootstrapping results further validate the
robustness of the proposed research model and support all hypotheses developed in this study.
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Figure 3. Bootstrapping Result

The findings also revealed that Al companionship significantly influenced emotional well-being. This
result indicates that users who perceived Al chatbots as companions experienced higher emotional comfort and
positive psychological conditions. In addition, perceived emotional support and perceived empathy were found
to directly influence emotional well-being, suggesting that emotionally supportive and empathetic interactions
contributed positively to users’ emotional experiences. These findings support Computers Are Social Actors
(CASA Theory), which explains that users may treat Al systems as social actors capable of emotional interac-
tion. The results indicate that Al mental health chatbots are not only perceived as technological tools but also as
emotionally responsive companions capable of providing psychological comfort. Furthermore, the findings are
consistent with Social Support Theory, which emphasizes the importance of emotional support in improving
emotional well-being.

The results of this study also align with previous studies that highlighted the role of empathetic Al
interactions in improving psychological comfort, emotional satisfaction, and emotional engagement. However,
this study extends prior research by integrating perceived emotional support, perceived empathy, AI compan-
ionship, and emotional well-being into a single research model focused specifically on Generation Z users of
Al mental health chatbots.

5. MANAGERIAL IMPLICATIONS

The findings of this study provide important managerial implications for Al developers and digital
healthcare providers. The significant influence of perceived emotional support and perceived empathy on Al
companionship indicates that AI mental health chatbots should be designed not only to deliver accurate infor-
mation but also to provide emotionally supportive and empathetic interactions. Developers should prioritize
human-centered communication features, such as emotionally adaptive responses, supportive language, and
personalized interaction styles, to improve users’ emotional engagement and psychological comfort during
conversations with Al systems.

In addition, the significant effect of AI companionship on emotional well-being suggests that creating
a sense of companionship is essential in Al mental health services. Al chatbot platforms should enhance social
presence and emotional interaction quality to encourage users to feel emotionally connected and supported.
Features such as conversational continuity, emotional recognition, and context-aware responses may strengthen
users’ emotional attachment and improve their overall emotional well-being. These findings also highlight the
potential of Al chatbots as accessible digital emotional support tools for Generation Z users in technology-
driven environments.

6. CONCLUSION

This study examined the role of perceived emotional support and perceived empathy in Al mental
health chatbots on Al companionship and emotional well-being among Generation Z users. The findings re-
vealed that perceived emotional support and perceived empathy significantly influenced Al companionship, in-
dicating that emotionally supportive and empathetic Al interactions can strengthen users’ emotional attachment
toward Al chatbots. Furthermore, Al companionship was found to positively influence emotional well-being,
suggesting that users who perceive Al chatbots as companions tend to experience more positive emotional
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conditions.

The study also demonstrated that perceived emotional support and perceived empathy directly con-
tributed to emotional well-being. These findings confirm that AI mental health chatbots are capable of provid-
ing emotionally meaningful interactions that may improve users’ psychological comfort and emotional experi-
ences. The results support Computers Are Social Actors (CASA Theory), which explains that users may treat
Al systems as social actors capable of emotional interaction and companionship.

This study contributes to the growing literature on empathetic artificial intelligence and digital men-
tal health by integrating perceived emotional support, perceived empathy, Al companionship, and emotional
well-being into a single research model. However, this study has several limitations, including the focus on
Generation Z respondents and the use of self-reported questionnaire data. Future studies are encouraged to ex-
plore other demographic groups, include longitudinal approaches, and investigate additional variables related
to Al-human emotional interaction and psychological outcomes.
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