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Abstract: Conversational artificial intelligence (AlI) has shown strong capabilities in providing low-cost and
timely interventions for a wide range of people and increasing well-being. Therefore, this study examined
ChatGPT’s efficacy in conducting psychological counseling and its potential for providing accessible
psychological interventions, especially in school settings. This study assessed the strengths and limitations of
Al to inform future research. Data were generated from ChatGPT’s responses to 80 counseling questions that
college students asked during a school counseling setting. All the responses generated during these simulated
counseling sessions were then analyzed using three primary metrics —warmth, empathy, and acceptance—
following APA guidelines. The analysis adopted several natural language processing methodologies for
emotion detection and empathy measurement to quantify ChatGPT’s high efficacy in presenting the
appropriate emotions and reactions for counseling. Some responses demonstrated randomness, which
is crucial for consideration regarding the use of ChatGPT or relevant technology in psychological counseling.
The Discussion section also highlights future directions in the application of conversational Al to enhance
students” mental health.

Keywords: ChatGPT; mental health; conversational AL psychological counseling; efficacy; NLP; risks;
empathy; school counseling

1. Introduction

Gaining access to mental health care remains a global challenge owing to key factors including
a lack of trained providers, costs, and societal stigma [1,2]. College students experience unique
stressors such as academic pressure, social strain, and the transition to adulthood, which can
challenge their resilience and mental clarity [3]. Thus, stakeholders believe that timely and impactful
mental health support is particularly important [4]. Artificial intelligence (AI) technology, especially
conversational Al such as ChatGPT, could become a potential solution for increasing access to mental
health care, thus highlighting a possible path to providing equitable mental health care to all youth [5,6].

The capabilities and potential of Al have been demonstrated in several fields, such as education,
medicine, and psychology where ChatGPT has shown its potential to advance progress [7-9]. In
mental health care, innovative advancements in Al have demonstrated promising solutions [5].
Models such as ChatGPT that use conversational Al can help make mental health care accessible,
immediate, and affordable by simulating a human-sounding conversation that provides emotional
support and practical advice and by being accessible on demand at all times, providing an attractive
option for youth mental health [10,11]. Previous research has also highlighted Al’s strengths and
potential in providing or aiding in mental health assessment, detection, diagnosis, operation support,
treatment, and counseling [5,12,13]. A range of chatbots have been developed and tested by
renowned scholars in the field, and researchers and policymakers are expected to demonstrate the
effectiveness of Al chatbots in providing mental health care so that an answer to a significant problem
can be found [14-16].
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However, the use of Al in psychological counseling is still in the preliminary stages, and
important details and risk factors must be considered. The potential harm caused by Al
psychotherapy poses a high risk [17,18]. Users’ trust in the quality and reliability of the responses
they receive must be considered because inaccurate or misleading mental health advice could have
negative effects on clients [19-21]. Thus, quality assurance could be a vital issue if the responses
provided are inaccurate or insensitive and could thus potentially harm users [18,22,23]. Al
interpretations could miss complex emotional nuances; therefore, one major concern is that Al simply
cannot replicate the relationships and human connections that people enjoy with a trained human
counselor [14,16,24].

As a new technology, Al has obvious advantages and risks. Thus, the core question is how can
Al best be utilized to increase mental health care accessibility and avoid potential risks, and how
gradually can Al applications be integrated into various care contexts and populations. Therefore,
the purpose of this study was to examine the effectiveness of ChatGPT in providing counseling
sessions to evaluate the current state of Al applications in mental care.

This simulation study was conducted in a school counseling setting to evaluate the efficacy of
ChatGPT as an assistant in providing psychological counseling. Specifically, 80 counseling questions
frequently asked by college students were shared with ChatGPT, and the answers were analyzed to
investigate its capability to provide supportive and efficient mental health interventions [25]. The
analysis concentrated on three main metrics derived from the American Psychological Association’s
(APA) benchmarks for effective counseling responses: (1) warmth, (2) empathy, and (3) acceptance
[26]. Warmth examines whether Al can create a context that is welcoming and supportive of students,
empathy assesses whether Al can understand and mirror students’ feelings and experiences, and
acceptance investigates if Al can demonstrate unconditional positive regard and a nonjudgmental
attitude toward students [26].

Using several natural language processing (NLP) approaches, including sentiment detection and
empathy metric tools, this study aimed to quantitatively indicate the extent to which ChatGPT can
provide warmth, empathy, and acceptance. The results of this study can add to the evolving
understanding of Al technology as an essential tool in mental health care, while also offering insights
into the targeted and practical implementation of Al for preventative school counseling. The
Discussion section explores the findings and their implications on a broader scale, drawing on their
potential to enhance students” mental health and outlining the steps that must be taken to mitigate
risks and ensure this technology is implemented safely and ethically. As the demand for accessible
mental health services continues to grow, innovative and effective methods such as conversational
Al should be proactively explored to address the mental health needs of diverse populations.

2. Literature Review

A thorough literature review was conducted to clarify the current state of applying Al in mental
health care, identifying the key findings, core research questions, and debates in this arena. The
mental health care sector is facing rising service requirements combined with greater
acknowledgment of the importance of innovative solutions [22]. The benefits and risks of Al have
been demonstrated by experts in this field. Researchers have recognized that adopting Al tools in
mental health services is not only futuristic but also a current reality that challenges traditional care
practices and provides innovative strategies for diagnosing, treating, and supporting patients [27].
Currently, several Al technologies are significantly advancing mental health care by improving
diagnostic accuracy, enhancing treatment personalization, offering insights and recommendations to
clinicians, tailoring services to individual needs, and providing accessible and cost-effective mental
health support to wide groups of people [22,28-30]. Al chatbots such as “Hailey,” “Kooth,” “MYLO,”
and “Limbic Access” are utilizing sophisticated NLP algorithms to deeply understand human
language and initiate, respond, and engage in meaningful conversations related to users' wellness,
thereby effectively generating mental health support and offering computerized therapies
[5,10,19,27,31].
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Chatbots can identify human emotions and sentiments and assess psychological conditions to
generate individualized support. Studies have shown that chatbots can effectively interact with users
and quickly respond to their queries, with approximately 99% accuracy in measuring users'
psychological states [30,32]. In a study conducted with Tess, a well-known mental health support
chatbot, the experimental group demonstrated a 13% decline in symptoms of depression and anxiety,
whereas the control group reported a 9% increase, demonstrating significantly high engagement and
satisfaction with the intervention among university students [14]. Moreover, ChatGPT has displayed
significantly higher emotional awareness than human norms and demonstrated the ability to provide
useful intervention for low- and medium-risk conditions, ensuring safety [11,33]. This indicates that
ChatGPT has the ability not only to generate supportive responses but also to accurately identify and
describe emotional states, further reinforcing its potential utility in therapeutic contexts.

However, serious concerns exist regarding the potential harm caused by technological
malfunctions and misinterpretations [13,22,34]. Without human intervention, malfunctions such as
overdue or faulty responses caused by system errors, misdiagnosis, and faulty behavioral or
treatment advice could potentially lead to serious clinical harm [13,18,22,33]. Moreover, owing to the
standardized functions of Al it has difficulties understanding and interpreting nuanced human
expressions, emotions, health conditions, and demographic information, which makes the accuracy
and precision of treatment and support less effective or potentially biased [18,35,36].

Research on the benefits and risks associated with ChatGPT and other Al technology’ has
underscored the call for further research to determine the strengths and limitations of applying this
new technology in mental health care. Researchers have highlighted that altering and repeating
prompts can result in different responses, some of which are even harmful responses [37]. In addition,
biases in Al algorithms may perpetuate or exacerbate existing societal biases, leading to certain
patient groups receiving unequal or unfair treatment [19,20]. Another study concluded that an
increase in context complexity can lead to worse results, making ChatGPT not yet suitable for use in
mental health interventions [38]. Thus, the current literature indicates promising outputs for this new
intersecting area while also emphasizing the need to further evaluate ChatGPT’s capabilities and how
it can best be utilized to maximize its social value.

3. Methodology

3.1. Study Design

Because this study aimed to measure the performance of ChatGPT and similar large language
model (LLM)-based chatbots in the psychological counseling context, the data should come from real-
life simulations. Therefore, we first identified a data source consisting of several authentic counseling
questions. Then, we decided which LLM to use to obtain responses for our analyses. We ultimately
selected ChatGPT-4 because it was the most universally recognized LLM at the time this study was
conducted. Using ChatGPT’s online application, we collected three responses for each question [39].
After we collected all the data from ChatGPT’s responses, our analysis focused on evaluating how
well they conveyed warmth, empathy, and acceptance. Another vital aspect is determining the
randomness level of the ChatGPT responses to the same question. In the analysis, we utilized NLP
techniques for our evaluation.

3.2. Rationale of Methodology

A significant barrier to applying Al in mental health care is that Al cannot replace real human
emotions and empathy disclosure, which are crucial in providing quality mental health interventions
[24,40,41]. Thus, this study aimed to quantify the basic performance of demonstrating the necessary
emotions during the Al counseling process. According to the APA, effective therapists have a diverse
set of interpersonal skills including verbal fluency, warmth, acceptance, empathy, and the ability to
identify how a patient is feeling [26]. Because verbal fluency is not an issue in the AI’s response and
is not relevant to our evaluation of emotional nuances, we excluded verbal fluency as a metric [42].
Furthermore, accuracy in identifying how a patient is feeling can be difficult to define [43]. Therefore,
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we defined warmth, empathy, and acceptance as the three key metrics and used respective NLP
algorithms to quantify the results. Besides, a serious concern is about Al's accuracy and stability.
Without human oversight, Al chatbots might cause severe harm to users [19,22,44,45]. Therefore,
attention to randomness is necessary when considering the use of Al chatbots in a clinical context.
These methodologies provide a comprehensive approach to evaluating ChatGPT’s performance in
delivering emotionally supportive and stable responses, contributing to the understanding of its
potential application in psychological counseling.

3.3. Data Collection

The secondary data come from research on ChatCounselor [25], in which researchers use real-
world counseling data to train an Al counselor, which is open-source for researching Al’s capabilities
in personalized psychological counseling. Therefore, we believe that this data source was suitable for
our evaluation. The dataset used in this study consists of a diverse set of queries related to adolescent
psychological issues, originally collected in Chinese and translated into English. This set comprises
queries from 80 different students and spans topics such as academic stress, family, and intimate
relationships. The large variation in the topics, tones, and lengths of these queries makes our data
meaningful for testing the stability of ChatGPT’s performance. The dataset includes the following
columns: original query in Chinese, translated query in English, and three responses to the translated
query generated by the AL

To ensure the quality of ChatGPT’s responses, the following prompt was adopted to make GPT-
4’s responses as close as possible to real counseling sessions: “Imagine you are a counselor, and you
need to give a response just as in a counseling session. You need to give a response in the same format
as a professional counselor. According to the APA, an effective therapist has abilities including verbal
fluency, warmth, acceptance, empathy, and an ability to identify how a patient is feeling.” Then, a query
from the dataset was added to the prompt to provide ChatGPT. The prompt-based design was to ensure
that the key context and expectations were provided, thereby making the evaluation more objective.

3.4. Warmth (Emotion Detection)

To detect emotions in the GPT responses, we utilized the EmoRoBERTa model [46], a pre-trained
transformer-based model capable of identifying 28 distinct emotions: admiration, amusement, anger,
annoyance, approval, caring, confusion, curiosity, desire, disappointment, disapproval, disgust,
embarrassment, excitement, fear, gratitude, grief, joy, love, nervousness, optimism, pride, realization,
relief, remorse, sadness, surprise, and neutrality. The EmoRoBERTa model was applied to each
response to classify the primary emotion. We utilize the EmoRoBERTa model to identify whether the
responses conveyed emotional warmth. This well-established model has been cited in several studies
for its robustness in emotion detection [47].

3.5. Empathy (Empathy Detection)

Given the focus on adolescent psychological issues, assessing the responses for the presence of
empathy was crucial [48]. Based on research on empathy in text-based mental health support, a
neural network model was trained to detect empathy in text [49]. The model was trained using a
dataset of empathetic and non-empathetic text, allowing it to distinguish whether a response contains
empathetic language. The model outputs a binary label: 1 for responses that contain empathy and 0
for those that do not. We adopted this model to measure the levels of empathy in ChatGPT’s
responses. The code for training and applying this neural network model is available publicly [49].

3.6. Acceptance (Sentiment Analysis)

To quantitatively assess whether ChatGPT demonstrates acceptance in each response, we
conducted sentiment analysis using the valence-aware dictionary and sEntiment Reasoner (VADER)
model [50]. This pre-trained model outputs four scores: negative (neg), neutral (neu), positive (pos),
and a comprehensive sentiment score (compound). These scores offer detailed insight into the
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sentiments expressed in each response, with the compound score specifically used to evaluate the
overall emotional tone. The higher the positive score, the higher the level of acceptance in the
response.

3.7. Stability and Consistency Evaluation

To evaluate the stability and consistency of ChatGPT’s responses, we used the Kappa score for
empathy detection and analyzed the variance in compound sentiment scores across three responses
per query. Additionally, we conducted a chi-square test for independence to determine if there were
significant differences in emotion category distribution across the three responses. We also
performed a one-way ANOVA to assess the differences in the average composite sentiment scores
among the three responses.

3.8. Correlation Analysis

We examined the relationship between the word count of the queries and the word count of the
responses. We calculated the Pearson correlation coefficient to determine the strength of the
relationship between the question word count and the average answer word count [51]. The
correlation analysis aimed to identify if longer questions tend to elicit longer responses from GPT.

3.9. Ethical Considerations

This study did not involve any direct interactions with human or animal subjects. The data were
anonymized and made publicly available to ensure compliance with ethical standards. Ethical
approval was not required for this study.

All materials, data, computer codes, and protocols associated with this study are available to
readers. For further details on the methodologies and protocols used, please refer to the
Supplementary Materials.

4. Results

4.1. Warmth (Emotion Detection)

We employed the EmoRoBERTa model to analyze the emotional responses generated by the GPT
system to address questions from adolescents. These responses were scrutinized for emotional content
and subsequently categorized into four primary emotion types: approval, caring, confusion, and
realization. The quantitative breakdown of these emotions across all responses is presented below.

Table 1. Distribution of detected emotions.

Emotion Category | Answerl | Answer2 | Answer3 | Total | Proportion | Frequency
Approval 14 21 18 53 22.08% Moderate
Caring 64 57 60 181 75.42% Very High
Realization 1 1 2 4 1.67% Very Low
Confusion 1 1 0 2 0.83% Very Low

Our findings indicate a predominance of supportive and empathetic emotions (approval and
caring), suggesting that GPT-generated responses typically foster a nurturing dialogue environment.
Conversely, emotions indicative of uncertainty or misapprehension (confusion and realization) were
infrequent, underscoring the clarity and decisiveness of the responses. Combining the categories of
approval and caring, 97.5% of GPT-generated responses demonstrated warmth.
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However, the low probability occurrence of confusing emotions (confusion and realization) is
also notable because any mistake in psychological counseling can cause unforeseeable harm. The
results indicate that obvious randomness remains present in the process, highlighting the need for
caution in using Al chatbots in high-risk mental health interventions. Two abnormal responses are
presented below.

"It sounds like you're grappling with complex feelings of superiority and inferiority, alongside a desire for
recognition and a fear of it. It's not uncommon to feel conflicted in this way, where on one hand, there's
a disdain for what's perceived as 'vulgar' or 'mass,' while on the other, there's a deep-seated wish to be
acknowledged and valued by the very same group. This dichotomy can indeed make one feel isolated
and frustrated.

Your feelings towards wearing designer clothes and the fear of attracting attention, juxtaposed with a
longing to be noticed, highlight an inner conflict between wanting to stand out and fearing the scrutiny
that may come with it. It's a delicate balance between seeking validation and fearing judgment.

Acknowledging these feelings is a significant first step. Exploring where these feelings come from can
help us understand what drives your need for recognition and your fear of it. It's also worth exploring the
standards you're holding yourself to and questioning where they come from. Are they truly your own, or
perhaps influenced by societal or external expectations?

Figure 1. The GPT’s response identified as ‘Confusion’.

It sounds like you've done significant reflection on your experiences and how they've shaped your
interactions and expectations in relationships. Recognizing these patterns is a powerful first step toward
change. It's common to feel overwhelmed when we begin to see the impact of our family of origin on
our current lives, especially in areas as intimate as love and partnership. Your awareness of fluctuating
between optimism and pessimism highlights a deep sensitivity to your emotional world, which is
valuable in understanding and processing your feelings.

Balancing oneself amidst these realizations involves acknowledging both your strengths and
vulnerabilities. It's important to remember that healing and change are gradual processes. Seeking to
"save" your family of origin, while noble, may place undue pressure on yourself. Instead, consider
focusing on what you can control—your growth and responses. Embracing self-compassion can be a
powerful tool in this journey, allowing you to offer yourself the same kindness and understanding you
might offer someone else in your situation.

Finding balance may also mean seeking support through therapy, where you can explore these dynamics

further in a safe space, develop coping strategies, and work on building healthier relational patterns.
Remember, it's okay to ask for help, and doing so is a sign of strength.

Figure 2. The GPT’s response identified as “Realization’.

4.2. Empathy (Empathy Detection)

We utilized a sophisticated neural network model trained explicitly to recognize empathetic
expressions in text. This model classified each response based on whether it contained empathy. The
classification results are as follows:

Table 2. Distribution of detected empathy.

Empathy Detection | Answerl [ Answer2 | Answer3 | Frequency | Percentage
Empathy (1) 76 75 75 226 94.17%
No Empathy (0) 4 5 5 14 5.83%

These results highlight the significant prevalence of empathy in the responses, demonstrating
GPT's ability to effectively empathize with adolescent users in a psychologically astute manner.
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4.3. Acceptance (Sentiment Analysis)

To further examine the emotional landscape of the responses, we conducted a comprehensive
sentiment analysis. This analysis categorized the sentiments expressed in each response into four
groups: negative, neutral, positive, and compound (an aggregate measure of the overall sentiment
tone). The average sentiment scores across all responses were computed as follows:

Table 3. Distribution of acceptance level.

Sentiment Type | Answerl Mean | Answer2 Mean | Answer3 Mean | Total Mean
Negative (neg) | 0.056 0.055 0.061 0.057
Neutral (neu) 0.733 0.735 0.730 0.733
Positive (pos) 0.210 0.208 0.209 0.208
Compound 0.902 0.939 0.945 0.929

The results suggest an overwhelmingly positive emotional undertone in the GPT responses, with
high compound scores reflecting an overall affirmative feedback strategy. This analysis indicates that
GPT responses generally promote a supportive and reassuring interaction framework, highlighting
a promising level of acceptance shown.

4.4. Stability of Responses

To assess the reliability and consistency of the emotional responses, we utilized the Kappa score
for empathy detection and analyzed the variance in compound sentiment scores across three
responses per query, as described below.

Empathy Detection Stability: A Kappa score of 0.59 indicates a substantial level of agreement
and consistency in the empathetic quality of the responses.

Compound Score Stability: The minor mean difference (0.067) and low standard deviation
(0.196) in the compound scores suggest that the emotional tone of GPT’s responses was remarkably
stable, showing only minor fluctuations in positivity across different responses to the same query.

These detailed sentiment data provide profound insights into the consistency and reliability of
emotional responses, demonstrating the general robustness of GPT's interactions with adolescent
users. The agreement and consistency levels were clear; however, concerns still need to be addressed
regarding whether this level is acceptable in clinical settings.

4.5. Chi-Square Test for Emotion Category Distribution

We conducted a chi-square test for independence to determine if there were significant
differences in emotion category distribution across the three responses. The chi-square statistic was
3.3050661940998642, with a p-value of 0.7696977961905502, indicating no significant differences in
emotion category distribution across the responses.

4.6. One-Way ANOVA for Composite Sentiment Scores

We performed a one-way ANOVA to assess the differences in the average composite sentiment
scores among the three responses. The F statistic was 0.5761785169211049, with a p-value of
0.5628273973833389, suggesting no significant differences in the average composite sentiment scores
among the three responses.
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4.7. Correlation between Question and Answer Word Count

To explore the factor influencing the randomness of GPT’s output, we made an analysis of the
word count consistency. We examined the relationship between the word count of the questions we
provided and the answers provided by GPT, we calculated the Pearson correlation coefficient. The
results indicated a moderate positive correlation between the question word count and the average
answer word count, with a correlation coefficient of 0.60. This suggests that longer questions tend to
elicit longer responses from GPT. This emphasizes the content of GPT’s output can be varied for
various reasons, further research should be conducted to measure the factors contributing to the
randomness of GPT’s output.

Table 4. Detailed Sentiment Data.

Metric Response 1 | Response 2 | Response 3
Count 80 80 80
Mean (neg) 0.056163 0.055375 0.061113
Std (neg) 0.035743 0.036379 0.032554
Min (neg) 0.000000 0.000000 0.000000
25% (neg) 0.032750 0.031750 0.042500
50% (neg) 0.048000 0.046000 0.056500
75% (neg) 0.071250 0.076250 0.078250
Max (neg) 0.205000 0.233000 0.152000
Mean (neu) 0.733113 0.735750 0.730000
Std (neu) 0.049358 0.049851 0.044393
Min (neu) 0.531000 0.556000 0.611000
25% (neu) 0.709750 0.707500 0.703000
50% (neu) 0.739000 0.735500 0.731000
75% (neu) 0.767250 0.766500 0.763500
Max (neu) 0.822000 0.831000 0.820000
Mean (pos) 0.210800 0.208788 0.208800
Std (pos) 0.055452 0.053547 0.045764
Min (pos) 0.105000 0.086000 0.113000
25% (pos) 0.174250 0.175000 0.181750
50% (pos) 0.207500 0.208000 0.205500
75% (pos) 0.233000 0.243000 0.232500
Max (pos) 0.446000 0.420000 0.345000
Mean (compound) | 0.902072 0.939741 0.944774
Std (compound) 0.353252 0.228432 0.189757
Min (compound) | -0.947800 -0.992200 -0.648600
25% (compound) | 0.972950 0.969475 0.969875
50% (compound) | 0.988500 0.987000 0.987000
75% (compound) | 0.992650 0.992850 0.992150
Max (compound) | 0.998200 0.998600 0.998200

4.8. Summary

The application of GPT in the field of psychological counseling shows significant promise,
primarily because of the overwhelmingly positive nature of the responses generated. Most GPT
outputs are empathetic and supportive, which are critical attributes in therapeutic settings. Positive
interactions in therapy are known to enhance client engagement and satisfaction, thereby
contributing to more effective therapeutic alliances and outcomes. However, it is important to
acknowledge that GPT also produces non-positive and even confusing responses in certain instances,
indicating some issues with the stability and reliability of its outputs.
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The randomness and occasional inconsistency highlight the need for further refinement.
Enhancing the algorithm’s ability to maintain consistent emotional tones across multiple responses
and ensuring the accuracy and reliability of its outputs is crucial for its application in high-risk mental
health interventions.

5. Discussion

5.1. High Potential in Intervention

These results highlight the huge potential for ChatGPT as an intervention in mental health,
especially in school counseling settings where these students have high-frequent mental needs.
ChatGPT’s ability to provide responses rich with warmth, empathy, and acceptance strongly
indicates its potential to provide a nurturing and supportive environment in which students can
thrive. At a time when schools are demanding accessibility of mental healthcare services, harnessing
ChatGPT could provide timely interventions with the potential to prevent critical mental health
issues and improve students” well-being. It is feasible that ChatGPT or similar applications can be
used in emotional support chatbots, peer support, and social-emotional learning. Nevertheless, this
continuous refinement should be carried out to maintain the degree of consistency and reliability to
ensure the safety and efficacy of any psychological intervention. Future research should focus on
refining these Al tools to better understand and respond to the nuanced emotional needs of students,
ensuring that the integration of Al in mental health care is both safe and beneficial.

5.2. Randomness and Instability

Our research found obvious randomness and instability across responses. This could be due to
variations in the query or the prompt used for GPT. In addition, the model itself showed
inconsistencies when generating responses, with variations in tone and length. The presence of non-
positive responses, although not predominant, raises concerns, especially when considering the
application of GPT for clients with mental health vulnerabilities. Negative and non-empathetic
feedback in therapeutic contexts, if not carefully managed, can exacerbate feelings of low self-esteem
and anxiety, potentially leading clients to withdraw from therapy. Moreover, confusing responses
are extremely dangerous from a clinical perspective and may intensify the client’s symptoms.

Therefore, while the potential for integrating GPT in therapeutic settings is high, owing to its
capacity to deliver supportive and empathetic responses, there is a critical need to address instances
of different types of problematic outputs. Ensuring that Al systems such as ChatGPT can reliably
provide responses that align with therapeutic best practices is essential for their successful
application in mental health services. Future developments should focus on enhancing the
algorithm’s ability to discern and adapt to the clients’ nuanced emotional states, thereby ensuring
stability and positivity in all interactions.

5.3. Technological Implications

Our study demonstrated that LLMs can have remarkable performance in delivering high-quality
mental health support. However, randomness and instability in the responses also emphasized the
immaturity in directly using ChatGPT in mental health interventions, particularly for users with
clinical symptoms. Several technological approaches can prevent these risks to a certain extent. A
multiagent model can be designed to bypass the limitations of each Al application, in which an Al
agent can be designed to evaluate the performance of each response before the chatbot sends its
response [52]. This process is similar to that in our study, as we could evaluate whether a response
satisfies our expectations of positivity and empathy. If the response fails to satisfy our predefined
benchmark, it will ask the counseling Al agent to regenerate [53,54]. Another Al agent could also be
designed to evaluate a client’s concurrent risk level. If it identified a client presenting a risk level
higher than the benchmark, it could automatically refer the client’s information to human counselors
for immediate clinical intervention. Along with the continuous advancement in technology and
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human-computer interactions, various approaches can be developed to further improve the real-life
performance of Al in mental health care.

5.4. Utilization in General Support

Considering its current capabilities and limitations, ChatGPT and similar chatbots are best used
for general mental health support and prevention rather than high-risk clinical interventions. For
example, in the school context, it has been proposed that schools first make Al applications available
for students without any diagnosed mental disorders, allowing them to largely contribute to
students” overall well-being. Effective early interventions could foreseeably prevent the occurrence
of mental health disorders among students.

The combination of Al chatbots and mobile health applications with wearable devices could
provide opportunities for continuous monitoring and real-time personalized feedback, thus
improving preventive care [55]. Utilizing these low-cost and widely applied AI applications, mental
health prevention can be conducted at a large organizational or societal level and designed to adapt
to a specific population's needs, such as customized Al chatbots for young people. If Al applications
could reduce depression and anxiety symptoms, the number of patients requiring traditional mental
health facilities could be reduced, thus contributing to global mental health care.

5.5. Organizational Oversight

ChatGPT and AI models’ high potential in mental health intervention of young people is
obvious. Therefore, how the organizations can maximize its benefits at the application level and
successfully improve the students’” well-being would be the key consideration. The goal can be simply
defined as ‘maximize the benefits and minimize the risks.” Besides concentrating on using Al in
mental health support and intervention, organizations such as schools and colleges can focus on
overseeing the service procedure and quality assurance during the process to improve the
effectiveness of mental health intervention and the utilization efficiency of Al By using protocols for
continuous review and assessment of Al responses, human supervisors can timely correct any
inaccuracies or inconsistencies that might arise. In this way, the Al can remain built to standards of
empathy, warmth, and acceptance. In sum, human oversight can facilitate the integration of Al tools
with traditional counseling services, creating a hybrid model that leverages the strengths of both. If
organizations would like to utilize AI in mental health intervention, it is crucial to understand its
limitations and create a product roadmap, financial budgeting, and human resources training, to
make the Al services blend into the traditional psychological services.
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