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Anxiety is a prevalent mental health problem among university students, creating the need for scalable
and reliable tools for screening, severity classification, and decision support. This pilot study aimed to
design, develop, and preliminarily evaluate a generative artificial intelligence chatbot for screening
anxiety severity among Engineering students at the Universidad Nacional de San Crist6bal de Huamanga,
Peru, during the 2025-11 academic semester, using the Hamilton Anxiety Rating Scale (HAM-A). A pilot
sample of 50 students was selected through cluster sampling. The chatbot, developed with Flutter and
Dart and integrated with a generative language model API, automated HAM-A administration, score
calculation, severity classification, result storage, and personalized feedback generation. The system was
preliminarily validated by comparing chatbot-generated severity classifications with those assigned by a
clinical mental health expert. Agreement was assessed using Cohen’s Kappa coefficient and a confusion
matrix, while classification performance was analyzed using class-specific and multiclass metrics. The
results showed 46 exact matches out of 50 cases, with an observed agreement of 92.0% and Cohen’s
Kappa of x = 0.8086, indicating almost perfect concordance in this pilot sample. Overall accuracy was
0.9200, with a Weighted F1-score of 0.9032, Macro F1-score of 0.7560, and Balanced Accuracy of
0.7197. The chatbot showed strong performance in moderate anxiety classification and robust
identification of severe anxiety cases, with no false negatives in the severe category. However, the mild
category showed lower recall, indicating a tendency to classify some mild cases into higher severity levels.
These findings suggest that the chatbot has preliminary potential as a first-level screening and decision-
support tool for university mental health programs. Nevertheless, due to the pilot nature of the study and
the limited sample size, the results should be interpreted cautiously and validated in larger, more diverse,
and preferably multicenter samples. The chatbot should be considered a complementary support system,
not a substitute for formal clinical diagnosis or professional psychological evaluation.

Povzetek: Studija predstavija Al-klepetalnega robota za presejanje anksioznosti pri Studentih, ki je
pokazal visoko ujemanje s strokovno oceno in potencial za podporo univerzitetnim programom dusevnega
zdravja.

1 Introduction

Anxiety represents one of the most widespread and
concerning mental health problems among the global
university population. Recent studies have estimated that
approximately one third of higher education students
experience elevated anxiety symptoms, with a pooled
prevalence close to 39% [1]. This phenomenon not only
reflects individual challenges related to psychological
well-being but also entails academic, social, and economic
consequences, as anxiety can negatively affect academic
performance, student retention, and overall health [2]. The
university environment, characterized by life transitions,

academic demands, and social changes, creates a context
of vulnerability that has been further intensified by the
COVID-19 pandemic [3].

In parallel, the global shortage of mental health
resources—particularly in low- and middle-income
countries—and the limited access to traditional
assessment and care services have driven the search for
scalable digital solutions [4]. In this context, generative
artificial intelligence (Al) chatbots have emerged as
promising tools, offering conversational support, 24/7
availability, and personalization capabilities at a
substantially lower cost than traditional clinical
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interventions [5]. However, despite the rapid evolution of
chatbot architectures—from rule-based systems to large
language model (LLM)-based approaches—only a small
proportion of studies have reached the stage of rigorous
clinical validation [6].

Within this framework, anxiety assessment using well-
established clinical-psychological instruments, such as
the Hamilton Anxiety Rating Scale (HAM-A), remains a
valuable standard in both practice and research [7].
Nevertheless, its traditional application requires structured
interviews and trained personnel, which limits large-scale
deployment in university settings.

The present pilot study focuses on the development and
implementation of a generative artificial intelligence
chatbot designed to support anxiety screening and severity
classification among students at the National University of
San Cristobal de Huamanga, located in Ayacucho, Peru,
using the Hamilton Anxiety Rating Scale (HAM-A) as the
reference psychometric instrument. The primary objective
is to build a generative Al system capable of automatically
classifying anxiety levels—mild, moderate, or severe—
and to preliminarily evaluate the degree of concordance
between the severity categories generated by the chatbot
and those established through conventional clinical
assessment conducted by a mental health expert. Given the
pilot scope of the study and the sample size of 50
participants, the findings should be interpreted as
preliminary evidence of feasibility and agreement, rather
than as definitive evidence for broad institutional or
clinical implementation.

To this end, system validation is carried out by
estimating Cohen’s Kappa coefficient, which quantifies
the level of agreement between both evaluators beyond
chance and determines the reliability of the chatbot as a
screening support tool for psychological assessment in the
university context.

This pilot study was guided by the following research
questions:

RQ1. Can a generative Al chatbot be designed and
implemented to administer the HAM-A scale, calculate
total scores, classify anxiety severity, store results, and
generate personalized feedback?

RQ2. What is the level of concordance between anxiety
severity classifications generated by the chatbot and those
assigned by a clinical mental health expert?

RQ3. What class-specific and overall classification
performance does the chatbot achieve in distinguishing
mild, moderate, and severe anxiety levels?

The general objective of the study was to design,
develop, and preliminarily evaluate a generative Al
chatbot for anxiety severity screening and classification
using the HAM-A scale among university students.

The general objective of this study was to design,
develop, and preliminarily evaluate a generative Al
chatbot for anxiety severity screening and classification
among university students using the HAM-A scale.
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Specifically, the study aimed to implement a chatbot-
based system capable of administering the 14 HAM-A
items and computing anxiety severity levels; to integrate
generative Al-based feedback into the assessment
workflow while maintaining the system as a screening and
support tool; to evaluate the agreement between chatbot-
generated classifications and expert clinical classifications
using Cohen’s Kappa coefficient; and to analyze class-
specific and overall classification performance using a
confusion matrix, precision, recall, specificity, F1-score,
accuracy, Macro F1, Weighted F1, and Balanced
Accuracy. Because this was an exploratory pilot study, no
causal or predictive hypothesis was formulated; instead,
the study focused on preliminary feasibility, classification
performance, and agreement with expert judgment.

2 Literature review

Anxiety among university students is widely recognized
as a global public health problem, with prevalence rates
exceeding 30% across multiple cultural contexts [1]. This
condition is associated with academic, social, and
emotional consequences, including reduced academic
performance, difficulties in student retention, and
deterioration of overall well-being [2]. Factors such as
academic transitions, performance pressure, economic
instability, and the psychosocial changes inherent to this
life stage substantially increase the risk of developing
anxiety disorders [3]. In settings with limited availability
of psychological services, this burden is further
exacerbated, highlighting the need for innovative,
accessible, and scalable strategies that support anxiety
screening, severity classification, decision-making, and
emotional guidance [4].

Generative artificial intelligence (Al)-based chatbots
have emerged as promising tools for supporting mental
health-related processes, particularly through personalized
interventions and conversational interaction. Recent
studies indicate that these systems may contribute to
reducing symptoms of anxiety and depression, especially
when they incorporate cognitive behavioral therapy
principles, personalized feedback, and frequent user
interaction [8-10]. Manole et al. [8] showed the potential
of chatbot-based interventions for personalized anxiety
management, while Zhang et al. [9] reported that
generative Al mental health chatbots may function as
therapeutic support tools for reducing mental health
symptoms. Similarly, Mayor [10] synthesized evidence
from reviews on chatbots and mental health, emphasizing
their growing relevance but also the need for careful
evaluation.

Controlled and pilot studies have also provided
evidence regarding the feasibility, acceptability, and
preliminary effectiveness of Al-based conversational
systems in mental health. Heinz et al. [11] reported results
from a randomized trial of a generative Al chatbot for
mental health treatment, while Chen et al. [12] compared
an Al chatbot with a nurse hotline in reducing anxiety and
depression levels in the general population. In the
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university context, Reyes-Portillo et al. [13] evaluated a
generative Al-powered mental wellness chatbot for
college students, reporting feasibility, acceptability, and
improvements in well-being. These studies suggest that
chatbot-based systems may support mental health care
processes, although their use should remain
complementary and subject to professional oversight [11-
13].

Despite these promising findings, the literature also
warns about important limitations and ethical risks.
Generative Al chatbots may present difficulties in
accurately recognizing clinical severity, managing
vulnerable users, preventing overreliance, and ensuring
safe responses in sensitive mental health contexts [14-17].
Head [14] discusses the broader impact of the Al
revolution on mental health, including potential risks in
crisis situations. Sarag et al. [15] highlight the limitations
of Al chatbots as diagnostic tools, while Wang et al. [16]
examine user attitudes and trust toward generative Al
chatbots for social anxiety support. Casu et al. [17] further
emphasize that although Al chatbots show effectiveness
and feasibility, their implementation must consider
clinical supervision, ethical safeguards, and clear
boundaries regarding their non-diagnostic role. Therefore,
the converging evidence underscores that these systems
should be understood as complementary tools, not
replacements for professional clinical evaluation [14-17].

The use of digital technologies in mental health,
including  self-assessment  systems, internet-based
interventions, mobile applications, and conversational
agents, has grown steadily over the past decade. Evidence
indicates that digital interventions can achieve
effectiveness comparable to face-to-face care for mild and
moderate mental health problems, particularly when they
are structured, evidence-based, and appropriately
monitored [18]. Within this framework, artificial
intelligence—based chatbots have emerged as a promising
alternative by offering continuous interaction, anonymity,
immediate feedback, and a perceived sense of
companionship [19]. In parallel, Al has become a relevant
technology for clinical decision support, enabling the
processing of large volumes of data and the identification
of patterns useful for assessment, monitoring, and health-
related decision-making [20]. This convergence of human
and artificial intelligence contributes to high-performance
medicine, where computational tools support diagnostic
precision, personalization, and professional decision-
making without replacing clinicians [21]. Accordingly,
digital psychiatry increasingly integrates Al-driven
applications and chatbots to support assessment,
monitoring, and intervention in mental health, expanding
access and complementing traditional clinical services
[22].

The literature identifies three main generations of
mental health chatbots: rule-based systems, models
grounded in supervised learning, and conversational
assistants powered by large language models (LLMs) [23].
This third generation, based on generative artificial
intelligence, represents a qualitative advancement by
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enabling semantic understanding, empathetic response
generation, and contextual adaptation [5]. Previous studies
with conversational agents such as Tess and Woebot have
reported reductions in anxiety and depression symptoms
through automated psychological support and cognitive
behavioral therapy—based interaction [23,24]. In addition,
agreement and evaluation metrics such as weighted Kappa
have been proposed as useful tools for assessing
consistency between observers or classification systems,
especially when categorical outcomes are involved [25].
Nevertheless, the literature consistently emphasizes the
need for rigorous psychometric validation, ethical
safeguards, and clinically responsible implementation to
ensure that Al systems are safe and useful in mental health
contexts [6]. Overall, Al-based chatbots show promising
results in improving well-being and reducing anxiety and
depression among university students, particularly when
they integrate cognitive behavioral therapy, frequent
interactions, and personalized interventions [32].

For anxiety assessment, structured clinical and
psychometric  instruments remain the  primary
methodological reference. Among them, the Hamilton
Anxiety Rating Scale (HAM-A) stands out for its
consistency, sensitivity, and extensive use in research and
clinical practice since its development [26]. Evidence has
supported the reliability, validity, and sensitivity to change
of the HAM-A across diverse populations and clinical
conditions [7]. Complementarily, Kessler et al. [27]
validated brief screening scales for nonspecific
psychological distress, demonstrating their efficiency in
identifying symptoms related to anxiety and depression.
These standardized instruments support the development
of structured clinical systems, digital screening tools, and
classification-based support platforms. In this context,
artificial intelligence—based conversational agents have
emerged as promising tools for facilitating the expression
of emotional difficulties and providing scalable access to
initial guidance [28].

A central component in the validation of automated
tools such as chatbots is concordance with established
instruments and expert judgment. Cohen’s Kappa
coefficient (k) is widely used to estimate agreement
beyond chance between categorical assessment methods
[29]. This metric enables quantification of the
concordance between the classifications generated by an
automated system and those obtained through
conventional application of a validated instrument by a
clinical expert. In this regard, digital health and
methodological literature recommends Kappa-based
agreement analysis as a useful approach for evaluating
automated systems and classification procedures,
particularly when categorical severity levels are compared
[25,29]. To better contextualize the proposed system
within the current state of the art, Table 1 summarizes
representative studies on artificial intelligence—based
chatbots and digital tools for mental health assessment or
intervention. The comparison includes the target
population, computational approach, evaluation metrics,
main findings, and reported limitations. This analysis
helps identify relevant gaps, including limited clinical
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validation, emphasis on user engagement rather than
expert agreement, lack of standardized psychometric
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integration, and insufficient use of generative Al for
structured anxiety severity classification.

Table 1: Comparative summary of related studies on Al-based mental health chatbots and digital assessment tools.

Authors /| Dataset or | Al/ML Method Evaluation Metrics Main Results Limitations
Year Population
Inkster et al. | Real-world users | Conversational Al | Symptom improvement, | Reported improvement | Focused mainly on
[19] of Wysa chatbot engagement, user | in depressive engagement and symptom
feedback symptoms and positive | change; limited expert-based
user acceptance diagnostic validation
Fulmer et al. | Adults using Tess | Psychological Al | Anxiety and depression | Significant reduction Evaluated therapeutic effect
[23] chatbot chatbot symptom reduction in anxiety and rather than agreement with
depression symptoms clinical expert classification
Fitzpatrick Young adults | Fully  automated | PHQ-9, GAD-7, | Short-term reduction Limited follow-up and no
etal. [24] with anxiety and | CBT conversational | symptom change in anxiety and HAM-A-based severity
depression agent depression symptoms classification
symptoms
Manoleetal. | Users receiving | Al chatbot | Anxiety management | Demonstrated potential | Limited formal clinical
[8] chatbot-based intervention outcomes for personalized validation and limited
anxiety support anxiety support comparison with expert
judgment
Zhang et al. | Studies on | Systematic review / | Pooled effects on mental | Found potential of Heterogeneity of studies and
[9] generative Al | meta-analysis health symptoms generative Al chatbots | limited standardization of
mental health to reduce mental health | validation procedures
chatbots symptoms
Heinz et al. | Participants in | Generative Al | Clinical symptom | Reported positive Focused on treatment
[11] randomized trial chatbot outcomes outcomes in mental outcomes rather than
health treatment structured screening
context concordance
Chen et al. | General Al chatbot | Anxiety and depression | Showed potential to Pilot study; limited
[12] population compared with | reduction reduce anxiety and generalizability
sample nurse hotline depression levels
Reyes- College students Generative Al- Feasibility, Reported feasibility Did not focus on HAM-A
Portillo et al. powered mental | acceptability, well- | and acceptability in scoring or expert agreement
[13] wellness chatbot being outcomes college students
Casu et al. | Scoping review Review of Effectiveness, Identified promising Highlighted ethical,
[17] of Al mental | chatbot applications | feasibility, applications | applications in mental methodological, and clinical
health chatbots health support validation limitations

From a software design perspective, the development of
digital health chatbots also requires clear architectural
organization, maintainability, and separation of
responsibilities. Layered software architecture provides a
structured foundation for organizing user interface
components, application logic, data persistence, and
external service integration [30]. Likewise, enterprise
application architecture principles emphasize modularity,
separation of concerns, and clear communication between
layers, which are essential for developing scalable and
auditable systems [31]. These principles are particularly
relevant in the design of Al-assisted mental health tools,
where traceability, reliability, and responsible data
handling are required to support future validation and
institutional adoption.

3 Materials and methods

3.1 Chatbot software architecture

The software architecture of the generative artificial
intelligence chatbot for anxiety assessment using the
Hamilton Anxiety Rating Scale (HAM-A) is structured
according to a classical three-layer model: presentation,
application/domain logic, and data—integration. This
layered approach aligns with established best practices in
the design of distributed systems and enterprise
applications described in the software architecture
literature [30,31], and is particularly appropriate for digital
health solutions that require structural clarity,
maintainability, and traceability [4,6].

Figure 1 illustrates the presentation layer, which is fully
implemented in Flutter and is responsible for direct
interaction with the student. It includes the HomeScreen,
HamaChatScreen, ReportListScreen, and
ReportDetailScreen, which together constitute the
complete user workflow. The HomeScreen serves as the
entry point, providing access to the assessment and the
report history, while integrating institutional visual
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elements and welcome messages. The HamaChatScreen
manages the administration of the HAM-A scale by
presenting items sequentially, displaying a progress
indicator, and offering response options in the form of
selectable “chips” that function as single-choice buttons,
enhanced with visual emphasis and animations to support
user  focus during response  selection.  The
ReportListScreen displays the set of stored assessments,
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and the ReportDetailScreen presents detailed information
for a specific session, including individual items,
responses, total score, severity level, and the Al-generated
feedback. This layer interacts exclusively with models and
services from the logic layer and does not directly handle
data persistence or HTTP requests, in accordance with the
principle of separation of concerns [31].

HomeScreen

wld]»
Presentation Layer (Flutter Ul)

«StatelessWidget»

+build(BuildCont

New Evaluation

«StatefulWidget»
HamaChatScreen

ext)

navigate to

-_currentindex : int
-_answers : List<int>

«StatefulWidget»
ReportListScreen

-:isSubmitting : bool
- feedbackText : String?

-_sessions : List=HamaSession=

-_totalScore : int

+build{BuildContext)

-_severity : String?
+build(BuildContext)

Evaluation Details

navigate to

Y
«StatelessWidget»
ReportDetailScreen

+session : HamaSession
+build({BuildContext)

Figure 1: Presentation layer for the generative Al chatbot — HAM-a

Figure 2 illustrates the application and domain logic
layer, which encapsulates the system-specific rules, the
representation of core entities, and the orchestration of the
assessment  workflow. This layer includes the
HamasSession model, the HamaConstants component, and
the StorageService and OpenAlService services.
HamasSession represents each assessment through a
unique identifier, date, responses to the 14 HAM-A items,
total score, severity category, and the generated feedback
text. HamaConstants groups the item statements, response
option labels, and the classifySeverity function, which
translates the total score into severity levels such as mild,

moderate, or severe anxiety, in accordance with the
clinical logic of the original instrument [26,7].
StorageService abstracts the logic related to session
management, including saving, listing, deleting, and
exporting sessions to CSV format, while OpenAlService
centralizes prompt construction, consumption of the
generative API, and processing of natural language
response. In this way, the logic layer acts as an
intermediary between the user interface and the underlying
technologies and constitutes the core where the rules of the
domain “anxiety assessment using HAM-A supported by
generative AI” are implemented [5,6].
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Figure 2: Architecture of the application and domain logic layer for the HAM-a generative Al chatbot

Figure 3 presents the data and integration layer, which
is responsible for interaction with local storage
mechanisms and external services. For local storage, Hive
is used as a lightweight key—value database engine,
integrated through StorageService, and supported by
path_provider for accessing file system paths and
share_plus for exporting and sharing CSV files containing
the results. This structure enables assessment sessions to
be persistently stored for subsequent analysis,
methodological auditing, and the calculation of agreement
measures such as Cohen’s Kappa coefficient in specialized
statistical environments [29]. Assessment sessions were
stored locally in Hive, including the assessment date,
HAM-A responses, total score, severity classification, and
Al-generated feedback. The StorageService component
managed report creation, retrieval, deletion, and export in
CSV/PDF formats. To protect privacy, no personal
identifiers were included, access was restricted to the local

application environment, and encryption mechanisms
provided by Hive were used.

At the level of external integration, OpenAlService
communicates with the OpenAl API via the http library,
using the configuration defined in AppConfig (base URL
and API key). The construction of an ethical system
prompt and a contextualized user prompt (including total
score and severity level) allows the language model to
generate empathetic, concise, and understandable
feedback, in line with recent recommendations for the
responsible design of mental health chatbots [19,5]. Strict
adherence to the Ul — application logic — data/Al flow,
together with the absence of inverse dependencies, ensures
a clear layered architecture in which each level has well-
defined and testable responsibilities—an essential
conditions for evaluation and eventual adoption in clinical
contexts [30,4].

«infrastructure»
Data & Integration Layer

HTTP requests
(REST API)

«Framework: «Frameworks» m
Hive PathProvider HttpClient
[ e — «Infra» «ExternalService»
SharePlus Flie System OpenAl API

(Local Storage)

(Generative Model)

Figure 3: Architecture of the data and integration layer for a generative Al-based HAM-a chatbot



Generative Artificial Intelligence Chatbot to Diagnose the Severity...

Figure 4 presents the simplified three-layer diagram
representing the structural organization of the generative
chatbot based on the HAM-A scale. The Presentation
Layer groups all screens and interface components built in
Flutter, which are responsible for direct interaction with
the student, navigation between modules, and
visualization of assessment results. The Application and
Domain Logic Layer contain the functional core of the

system. This layer manages the data model
(HamaSession), the constants and rules associated with the
HAM-A scale, score processing, anxiety level

classification, and the services responsible for storing
assessments or requesting Al-generated feedback. It
operates as an intermediary between the user interface and
the underlying infrastructure.

The Data and Integration Layer encompass the
components responsible for local storage, file generation
and export, HTTP communication, and interaction with
the external OpenAl API. This layer ensures data
persistence, secure data exchange, and connectivity with
the generative model. The vertical structure of the diagram
emphasizes separation of concerns: the interface invokes
functions from the logic layer, which in turn delegates

Presentation Layer (Ul)

HomeScreen ReportDetailScreen
(Start screen) (Evaluation Details)

navigate to navigate to
Reports List New Evaluatiol

ReportListScreen HamaChatScreen
(Evaluations List) (HAM-A Evaluation)

I
fetch stored request save evaluation read HAM-A items
evaluations Al feedback session & labels

create session
(score + severity)
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storage or external communication operations to the lower
layer.

The HAM-A scale was administered through the
chatbot using a conversational interface, in which the 14
items were presented sequentially and students selected
their responses through interactive options. Each response
was internally associated with a numerical value according
to the scoring logic of the scale. After all items were
completed, the system automatically calculated the total
score and processed it through the classifySeverity()
function, assigning the corresponding severity category:
mild, moderate, or severe. This classification was
performed deterministically by the application logic, while
the generative language model was used only to generate
personalized feedback.

Personalized feedback was generated by a generative Al
model using the HAM-A total score and severity category
calculated by the system. The process was guided by a
structured prompt containing the score, severity level, and
ethical instructions, ensuring that the feedback provided
interpretation, self-care recommendations, and a
disclaimer that the result was for screening purposes, not
clinical diagnosis.

show detailed
session data

retrieve
HAM-A item texts

/ \Aﬁlicjﬁon & Domain Lu%i‘c La:l?/ \

Data Service Model

StorageService

Al Service
OpenAlService

Constants
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and APl key
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HTTP reguests
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CSV file

serd generate
Csv file

\ Data & Integw&hln Layer

HTTP Client File System Share Library
(http) (CSV storage) share_plus
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N
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™

call
?generatiue model endpoint

OpenAl API
(Generative Model)

Figure 4: Simplified three-layer software architecture and data flow of the HAM-a generative Al chatbot
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Figure 5 presents the sequence diagram corresponding
to the anxiety assessment process implemented in the
chatbot-based system using the Hamilton Anxiety Rating
Scale (HAM-A). The diagram describes, in a
chronological and structured manner, the dynamic
interaction among the main participants of the system: the
student, the user interface screens, the application logic
layer, the local storage service, and the external artificial
intelligence service. This representation is useful because
it allows the complete workflow of the assessment to be
understood from the moment the user initiates a new
evaluation until the results are generated, stored, and
displayed.

The process begins when the student interacts with the
HomeScreen and selects the option “New assessment”.
This action represents the starting point of the evaluation
flow and triggers the navigation process toward the
HamaChatScreen, which is responsible for administering
the HAM-A questionnaire through a chatbot-style
interface. Once the student enters this screen, the system
begins with the sequential presentation of the HAM-A
items. The use of a chatbot interface allows the
questionnaire to be administered in a more interactive and
guided manner, reducing the need for the user to
understand the complete structure of the scale before
answering.

The diagram includes a loop fragment that represents
the repeated interaction carried out for each item of the
HAM-A instrument. Since the HAM-A scale consists of
14 items, this loop indicates that the system repeats the
same response registration process until all items have
been answered. For each question, the student selects an
option using the interface components, such as chips or
buttons. Each selected answer is then registered internally
by the HamaChatScreen in the answers[index] structure.
This temporary data structure stores the response
associated with each item, ensuring that no answer is lost
during the assessment process and that all responses
remain available for score calculation once the
questionnaire is completed.

After the student has answered all HAM-A items, the
system activates the internal scoring logic. At this stage,
the HamaChatScreen calculates the total score by
summing the numerical values assigned to each individual
response. This operation is represented in the diagram as
the calculation of the totalScore. Immediately after
obtaining the total score, the system determines the
severity level through the classifySeverity() function. This
function classifies the student’s anxiety level according to
the predefined interpretation thresholds of the HAM-A
scale. Therefore, this stage transforms the raw answers
provided by the student into clinically meaningful
information, such as the total anxiety score and its
corresponding severity category.

Once the score and severity level have been calculated,
the system proceeds to generate personalized feedback.
For this purpose, HamaChatScreen sends a request to the
OpenAlService through the generateFeedback(totalScore,
severity) operation. This service acts as an intermediary
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between the mobile application and the external OpenAl
API. The OpenAlService prepares the request by including
the total score, the severity classification, and the prompt
instructions required to guide the generation of feedback.
The diagram shows that this information is transmitted to
the OpenAl API through an HTTP POST request
containing the model and prompt parameters.

The OpenAl API processes the request and returns a
JSON response containing the generated feedback. This
response is received by the OpenAlService, which extracts
and formats the feedback text before returning it to the
HamaChatScreen. The purpose of this feedback is to
provide the student with an explanatory and supportive
interpretation of the result. In this sense, the use of
artificial intelligence contributes to the personalization of
the assessment output, since the feedback is not limited to
displaying only the numerical score or severity label, but
also includes a contextualized message that can help the
student understand the meaning of the result within a
university setting.

After receiving feedback, the system creates a
HamaSession object. This object encapsulates the
complete information generated during the assessment
process, including the session identifier, the date of the
evaluation, the list of individual answers, the total score,
the severity classification, and the Al-generated feedback.
The creation of this object is important because it
organizes the assessment data into a structured unit that
can be stored, retrieved, and later used by other modules
of the application, such as the report or history module.

The HamaSession object is then sent to the
StorageService through the saveSession(HamaSession)
operation. The StorageService is responsible for managing
the persistence layer of the application and communicating
with the local Hive database. In the diagram, this
interaction is represented by the put(id, jsonString)
operation, where the session information is converted into
a JSON string and stored using the unique session
identifier as a key. Hive confirms the successful execution
of the write operation by returning an OK response to the
StorageService. Subsequently, the StorageService returns
confirmation to the HamaChatScreen, indicating that the
assessment session has been stored.

Once these operations have been completed, the
HamaChatScreen displays the result card to the student.
This result includes the total score obtained, the severity
level identified by the system, and the personalized
feedback generated through the artificial intelligence
service. This step closes the assessment cycle and provides
the student with immediate access to the interpretation of
the results.

Overall, the sequence diagram demonstrates how the
system coordinates user interaction, questionnaire
administration, score computation, Al-based feedback
generation, and local data persistence within a single
integrated workflow.
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The diagram also shows a clear separation of
responsibilities among the system components: the
HomeScreen manages the initial navigation, the
HamaChatScreen controls the assessment logic and user
interaction, the  OpenAlService  manages the
communication with the external artificial intelligence
API, the StorageService handles data persistence, and
Hive stores the assessment records locally. This modular
organization improves the maintainability of the system
and facilitates the future extension of its functionalities,
such as adding new psychological instruments, modifying
severity classification rules, or integrating additional
reporting features. The final phase of the workflow
illustrates how the assessment screen presents the student

X @ -0
Estudiante HomeScreen HamaChatScreen

i i
1 Toca "Nueva evaluacién”

Navegar a
! HamaChatScreen()
'—>
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with a results card displaying the total score, the anxiety
classification, and the feedback message generated by the
artificial intelligence model. This stage marks the
completion of the process and demonstrates the seamless
integration across system layers—from the initial user
interaction in the interface, through local processing, to
communication with external Al services.

The sequence diagram highlights the coherence and
logical order of the system, as well as the appropriate
separation of responsibilities among the user interface, the
application logic layer, and the storage and generative Al
services.

“ & o o

StorageSerwce OpenAISerwce HIVe OpenAIAPI
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' {chip / botdn)
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i
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|
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Figure 5: Sequence diagram of the HAM-a—based anxiety severity assessment using a generative Al chatbot

3.2 HAM-a scoring and feedback
generation algorithm

Figure 6 presents the pseudocode of the proposed
algorithm. The chatbot first collects the responses to the
14 HAM-A items, computes the total score, determines the
anxiety severity level according to the predefined
thresholds, constructs the system and user prompts, and
submits the request to the OpenAl GPT-40-mini model.
The generated response is then validated and post-
processed before being presented to the participant. When
the API is unavailable or returns an invalid response, a

standardized fallback message is automatically generated
to ensure continuity of the screening process.

3.3 Performance evaluation metrics

Accuracy was used to report the overall proportion of
correct classifications. However, because the dataset
showed class imbalance across anxiety severity categories,
complementary metrics were included to provide a more
rigorous evaluation. Macro F1 was considered to assign
equal weight to each class, regardless of its frequency,
while Weighted F1 accounted for the number of cases in
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each category. Balanced Accuracy was also reported to
average recall across classes and reduce the influence of
the majority class. In addition, class-specific precision,
recall, specificity, and F1-score were calculated using a
one-vs-rest approach to identify performance differences
among mild, moderate, and severe anxiety categories.

3.4 Replicability and technical availability

To support replicability, the manuscript describes the
main technical components of the system, including the
Flutter-based interface, the HAM-A scoring logic, the
StorageService module for local storage, and the
OpenAlService module for Al-generated feedback. For
privacy and security reasons, APl keys and sensitive
configuration files are not publicly shared. The source
code or a demonstration version of the chatbot may be
made available upon reasonable request to the
corresponding author for academic and research purposes,
subject to ethical and institutional restrictions.

Pseudocode: HAM-A Scoring and Al Feedback Generation

?

|’ Initialize HAM-A questionnaire (14 items) |
N g,

R —

\' Read response for item i (0-4) \
b A

\' Store response \

- N
| Calculate TotalScore = Sum{ltem1...item14) |

¥

TotalScore <= Mi\ﬂThresthﬂ7>—)<Tnta\5can <= ModerateThreshold?

Yes Yes

[ Severity = "Mild" | [ Severity = "Moderate" |
\ J \ J

\: Build System Prompt |
. _
|’ Build User Prompt
| (TotalScore + Severity) |
.

)

- -,
| Configure OpenAl APl request =

-

|’ Severity = "Severe" |
.

: )

Model = GPT-4o-mini
Temperature = 0.6
Top_p=0.9

Max_tokens = 560
Frequency_penalty = 0.3

Presence_penalty = 0.1

|’ Send request to OpenAl AP |
\ J

Ye5/ valid API respanse? »N2

\. Extract generated feedback | | Generate standardized fallback feedback \
. SN v

v

| Clean output text |

Display

Total Score,

Severity Level,

and Personalized Feedback

e

Figure 6: Algorithm 1. HAM-a scoring and Al-based
feedback generation.

H.J. Patilla et al.

3.5 Ethical considerations

The study was conducted as a pilot evaluation and
received approval from the Ethics Committee of the
Universidad Nacional de San Cristobal de Huamanga. All
participants were informed about the purpose of the study,
the voluntary nature of their participation, the
confidentiality of their responses, and the non-diagnostic
nature of the chatbot. Informed consent was obtained prior
to participation. The chatbot was clearly presented as a
screening and support tool for anxiety severity
classification, not as a substitute for professional clinical
diagnosis or psychological evaluation. The use of
generative Al in mental health screening requires caution
because Al-generated responses may be incomplete,
overly general, or misinterpreted by users. In addition,
classification errors may lead to false reassurance or
unnecessary concern. Therefore, the chatbot was designed
as a screening and decision-support tool, not as a
diagnostic system. Human supervision remains necessary,
especially for moderate or severe cases and for students
reporting significant distress.

3.6 Generative Al model and prompt
engineering

The chatbot was developed in Flutter and integrated with
the commercial OpenAl API, using the GPT-40-mini (gpt-
40-mini) large language model to generate personalized
feedback based on the Hamilton Anxiety Rating Scale
(HAM-A) results. No fine-tuning was performed; instead,
the model's behavior was controlled through a prompt
engineering strategy consisting of a system prompt, which
defined the assistant's role, ethical constraints, and
standardized interpretation of the HAM-A, and a user
prompt, which dynamically incorporated the participant's
total score and anxiety severity level to generate
empathetic, structured, and non-diagnostic feedback. The
API was configured with temperature = 0.6, top_p = 0.9,
max_tokens = 560, frequency penalty = 0.3, and
presence_penalty = 0.1. In addition, the system
implemented a falloack mechanism to provide
standardized feedback whenever the APl was unavailable
or failed to return a valid response, ensuring consistent
system operation.

4 Results

4.1 Cross-platform implementation of the
HAM-a chatbot

The proposed solution was developed using the Flutter
framework and the Dart programming language, enabling
the implementation of a cross-platform application with a
modular architecture, responsive interfaces, and consistent
user experience. The graphical interfaces of the generative
artificial intelligence chatbot based on the Hamilton
Anxiety Rating Scale (HAM-A) are presented in Figures 6
to 18, illustrating the complete interaction workflow
between the student and the chatbot, from the initial access



Generative Artificial Intelligence Chatbot to Diagnose the Severity...

screen to the generation of the final
personalized feedback.

report and

Figure 7 shows the home screen for initiating the
anxiety assessment and the first HAM-A item related to
anxiety or nervousness. Figures 8 to 13 present the
sequential administration of the HAM-A items through the
chatbot interface, including questions related to tension,
fear, sleep difficulties, physical symptoms, digestive
discomfort, tremors, concentration problems, restlessness,
health-related worry, shortness of breath, weakness,
fatigue, and repetitive negative thoughts. Figure 13
displays the final HAM-A item related to irritability and
the first results screen, where the anxiety severity
classification and automated feedback are presented.

Figure 14 presents the results screen, where the total
HAM-A score, the automatically classified anxiety
severity level—mild, moderate, or severe—and the
personalized feedback generated by a large language
model through the ChatGPT API are displayed. This
feedback includes an interpretative summary of the results,
practical recommendations, and ethical disclaimers,
emphasizing that the system functions as a screening and
support tool and does not replace professional clinical
evaluation.

v & Chatbot HAM-A - UNSCH x e = (u] X

<« C  O® localhost50985 ey @ :

Evaluacién de Ansiedad

Escala de Ansiedad de Hamilton (HAM-A)

Este sistema es una herramienta de tamizaje y apoyo. No reemplaza una evaluaci
clinica profesional

< c
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Figures 15 and 16 complement the assessment
workflow by showing the stored evaluation summary, the
item-level responses, and the detailed feedback associated
with each completed HAM-A session. Figure 16 shows the
evaluation summary screen with the assessment date, total
score, and anxiety severity level, as well as a detailed
screen displaying item-level responses. Figure 17 presents
the remaining item-level responses and the full Al-
generated feedback, including options to generate the PDF
report and return to the previous screen.

Figure 18 illustrates the automatically generated PDF
report, which consolidates the HAM-A screening
summary, item-level responses, severity classification,
and generative Al feedback for documentation purposes.

Figure 19 presents the personalized feedback generated
by the generative Al model, including a summary
interpretation, practical recommendations, and ethical
disclaimers. Together, these figures demonstrate the
functional continuity of the application, the traceability of
the assessment process, and the integration of screening,
severity classification, feedback generation, and report
production within a single chatbot-based system.

A4 % Chatbot HAM-A - UNSCH x + - o X

© localhost:50985 * @ @

i‘.— Pregunta 1 de 14

1. ¢{Con qué frecuencia sientes ansiedad o
nerviosismo general?

Selecciona la
recientemente:

@® 0= Nada O 1=Leve Q) 2 =Moderado

O 3=Fuerte O 4= Muy intenso

(b)

Figure 7: Graphical user interface of the HAM-a generative Al chatbot: (a)
home screen for initiating the anxiety assessment and (b) question on the

frequency of anxiety or nervousness
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v % Chatbot HAM-A - UNSCH x +

« C @ localhost50985 T @

Pregunta 2 de 14
—

2. {Con qué frecuencia tienes tensién, dificultad para
relajarte?

Selecciona la opcion que mejor describe como te has sentido
recientemente

@ 0 =Nada QO 1=Leve O 2 = Moderado

O 3 =Fuerte Q 4 = Muy intenso

@

Figure 8: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on tension and difficulty relaxing and (b) question on fear without an

apparent cause

¥ | % Chatbot HAM-A - UNSCH x  + —

€ C @ localhosts0985 * @

Pregunta 4 de 14

4, ;Con qué frecuencia tienes dificultades para dormir
por ansiedad?

Selecciona la opcidn que mejor describe cémo te has sentido
recientemente

@ 0= Nada QO 1=Leve QO 2 =Moderado

Q 3= Fuerte O 4 =Muy intenso

(@)

Figure 9: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on sleep difficulties due to anxiety and (b) question on physical

% Chatbot HAM-A - UNSCH X + —

C  ® localhost:50985 pid ®

Pregunta 3 de 14

3. ;Con qué frecuencia sientes miedo sin una causa
clara?

Selecciona la opcion que mejor describe como te has sentido
recientemente

@® 0=Nada O 1=Leve O 2 = Moderado

O 3 =Fuerte O 4= Muy intenso

(b)

4% Chatbot HAM-A - UNSCH x + — o

¢ @ localhost:50985 * @

i Pregunta 5de 14

5. {Con qué frecuencia sientes sintomas fisicos
(palpitaciones, sudoracién)?

Selecciona la opeion que mejor describe como te has sentido
recientemente:

@ 0=Nada O 1=Leve O 2= Moderado

QO 3=Fuerte QO 4= Muy intenso

(b)

anxiety symptoms (palpitations and sweating)

H.J. Patilla et al.



Generative Avrtificial Intelligence Chatbot to Diagnose the Severity...

v “% Chatbot HAM-A - UNSCH x + (m]

& C @ localhost:50985 *

Pregunta 6 de 14

6. ;Con qué frecuencia notas molestias digestivas
relacionadas con ansiedad?

Selecciona la opcién que mejor describe como te has sentido
recientemente:

@ 0 =Nada O 1=Leve O 2 =Moderado

QO 3=Fuerte QO 4 =Muy intenso

Avanza automaticamente al seleccionar uni

@

v % Chatbot HAM-A - UNSCH x + — (] x

<« Cc ® localhost:50985 * ®

Pregunta 7 de 14

7. {Con qué frecuencia sientes temblores o tension
muscular?

Selecciona la opcion que mejor describe como te has sentido
recientemente:

® 0=Nada O 1=Leve O 2 =Moderado

O 3=Fuerte O 4 =Muyintenso

Avanza autométicamente al seleccionar una opcion

(b)

Figure 10: Graphical user interface of the HAM-a generative Al chatbot: (a)
digestive discomfort associated with anxiety and (b) question on tremors or

muscular tension
v % Chatbot HAM-A - UNSCH X + — m]
< c @© localhost:50985 g

Pregunta 8 de 14

8. ;Con qué frecuencia te cuesta concentrarte por
ansiedad?

Selecciona la opcion que mejor describe como te has sentido
recientemente:

@® 0=Nada O 1:=Leve QO 2= Moderado

QO 3=Fuerte QO 4= Muy intenso

Avanza automaticamente al seleccionar una opcién

@)

v % Chatbot HAM-A - UNSCH x + — [m] X

< C @ localhost:50985 hd ®

Pregunta 9 de 14

9. ¢Con qué frecuencia te sientes inquieto/a o incapaz
de estar quieto/a?

Selecciona la opcién que mejor describe cémo te has sentido
recientemente:

@ 0= Nada QO 1=Leve QO 2= Moderado

O 3 =Fuerte O 4 = Muy intenso

Avanza automaticamente al seleccionar una opcion

(b)
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Figure 11: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on difficulty concentrating due to anxiety and (b) question on
restlessness or inability to remain calm
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v % Chatbot HAM-A - UNSCH x +

< C @ localhost:50985 * @

Pregunta 10 de 14

10. ;Con qué frecuencia te preocupas por tu salud de
forma excesiva?

Selecciona la opcién que mejor describe cémo te has sentido
recientemente:

@ 0=Nada O 1=Leve

Q 3= Fuerte

O 2 = Moderado

O 4=Muyintenso

@)

<«

% Chatbot HAM-A - UNSCH X + - [}

C @ localhost:50985 * ®

Pregunta 11 de 14

11. ¢Con qué frecuencia tienes sensacién de ahogo o
falta de aire?

Selecciona la opcién que mejor describe cémo te has sentido
recientemente:

@® 0=Nada O 1=Leve

O 3=Fuerte

O 2=Moderado

O 4=Muy intenso

(b)

Figure 12: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on excessive health-related worry and (b) question on sensations of

shortness of breath or suffocation

v % Chatbot HAM-A - UNSCH x + o 0

<« C @ localhost:50985 h=e ®

Pregunta 12 de 14

12. ;{Con qué frecuencia sientes debilidad o
agotamiento por ansiedad?

Selecciona la opcion que mejor describe cdme te has sentido
recientemente:

[OELEL O 1=Leve

Q© 2 =Moderado

O 3 =Fuerte

O 4= Muy intenso

@

% Chatbot HAM-A - UNSCH x + —

C @ localhost:50985 w

Pregunta 13 de 14

13. {Con qué frecuencia tienes pensamientos
negativos repetitivos?

Selecciona la opcion que mejor describe como te has sentido
recientemente:

@® 0 =Nada O 1=Leve

O 3=Fuerte

O 2= Moderado

QO 4 = Muy intenso

(b)

Figure 13: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on feelings of weakness or fatigue due to anxiety and (b) question on

repetitive negative thoughts

H.J. Patilla et al.
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~ % Chatbot HAM-A - UNSCH x +

<« C @ localhost50985 ® @

Pregunta 14 de 14

14. ;Con qué frecuencia sientes irritabilidad asociada
a la ansiedad?

Selecciona la opcion que mejor describe como te has sentido
recientemente:

O 1=teve | | O 2=Moderado

Q 3=Fuerte QO 4= Muy intenso

@
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% Chatbot HAM-A - UNSCH x +

C @ localhost50985 ¥ ®

[} Resultado de la evaluacién

Puntaje total: 43
Nivel de ansiedad: Ansiedad severa

Retroalimentacién personalizada

En este momento no se pudo generar la retroalimentacién
automatica (codigo 429). Inténtalo nuevamente mas tarde.

Recuerda que esta evaluacion es un tamizaje y no reemplaza una consulta
nal. Si te sientes abrumado/a, considera acudir al servicio de
2 universidad u otro profesional de salud mental

v Finalizar

(b)

Figure 14: Graphical user interface of the HAM-a generative Al chatbot: (a)
question on irritability associated with anxiety and (b) results screen displaying
anxiety severity classification and automated feedback

% Chatbot HAM-A - UNSCH x + o [m]

C  ® localhost:64296 Yo @

[il] Resultado de la evaluaci6n

Puntaje total: 28
Nivel de ansiedad: Ansiedad severa

limentacidn per:

**Resumen*

Tu puntaje total en la Escala de Ansiedad de Hamilton (HAM-A)
es 28, lo que indica un nivel de ansiedad severa. Esto significa
que los sintomas que estas experimentando pueden estar
afectando significativamente tu hienestar diario y tu capacidad
para llevar a cabo tus actividades cotidianas.

**: Qué significa?**

La ansiedad severa puede manifestarse a través de una
combinacién de sintomas psicoldgicos, como una sensacion
constante de tensién, miedos intensos o inquietud, asi como
sintomas fisicos, como tensién muscular o problemas para
dormir. Es importante reconocer que estos sintomas pueden ser
abrumadores y pueden interferir con tu rendimiento académico y
calidad de vida.

**Recomendaciones practicas**

1. **Establece una rutina diaria:** Intenta mantener horarios
regulares para tus actividades, incluyendo el estudio, las
comidas y el descanso. Una estructura puede ayudarte a sentirte

(@)

% Chatbot HAM-A - UNSCH x =+ — (] x

C @ localhost:64296 hxd ®

**Recomendaciones practicas**

1. **Establece una rutina diaria=** Intenta mantener horarios
regulares para tus actividades, incluyendo el estudio, las
comidas y el descanso. Una estructura puede ayudarte a sentirte
mas en control

2. **Prioriza el suefio:** AsegUrate de dormir entre 7-9 horas
cada noche. Un buen descanso es fundamental para manejar la
ansiedad.

3. **Practica técnicas de respiracion:** Dedica unos minutos al
dia a ejercicios de respiracién profunda o meditacién. Esto puede
ayudarte a reducir la tension y calmar tu mente.

**Sefiales de alerta y cudndo buscar apoyo profesional**

Es crucial estar atento a ciertos signos que podrian indicar que
necesitas apoyo adicional, tales como: dificultad constante para
concentrarte, cambios significativos en tu apetito o suefo, o un
aumento en la irritabilidad. Dado que tu nivel de ansiedad es
severo, te recomiendo encarecidamente que consideres buscar
apoyo profesional a través del servicio psicologico de tu
universidad o un profesional de salud mental

**Nota ética: no es diagnostico, es tamizaje**

Recuerda que esta evaluacién es un tamizaje y no constituye un
diagnéstico clinico. Es un primer paso importante para entender
como te sientes y qué acciones puedes tomar para mejorar tu
bienestar emocional.

(b)

Figure 15: Graphical user interface of the HAM-a generative Al chatbot: (a)
results screen displaying total score and anxiety severity classification and (b)
detailed screen presenting personalized Al-generated feedback and practical
recommendations
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v % Chatbot HAM-A - UNSCH x + = N % Chatbot HAM-A - UNSCH x +

« C @ localhost:64296 ¥ @ €« C O localhost:64296 % ©

[cl] Resumen general

Fecha de evaluacién: 2026-01-2511:46:23
Puntaje total: 28

Nivel de ansiedad: Ansiedad severa

Detalle de respuestas

1. ¢Con qué fi sientes
general?

Respuesta: 1

2. ;Con qué frecuencia tienes tension, dificultad para
relajarte?

Respuesta: 4

3. (Con qué frecuencia sientes miedo sin una causa
clara?

Respuesta: 1

4. ;Con qué frecuencia tienes dificultades para dormir por
ansiedad?

@

4. ;Con qué frecuencia tienes dificultades para dormir por
ansiedad?

Respuesta: 2

5. ;Con qué frecuencia sientes sintomas fisicos
(palpitaciones, sudoracién)?

Respuesta: 4

6. ;Con qué notas g
relacionadas con ansiedad?

Respuesta: 2

7. ¢Con qué frecuencia sientes temblores o tensién
muscular?

Respuesta: 1

8. ;Con qué fi te cuesta te por
ansiedad?

Respuesta: 2

9. (Con qué frecuencia te sientes inquieto/a o incapaz de
estar quieto/a?

Respuesta: 3

(b)

Figure 16: Graphical user interface of the HAM-a generative Al chatbot: (a)
evaluation summary screen showing date, total score, and anxiety severity
level and (b) detailed screen displaying item-level responses from the HAM-a

assessment
v % Chatbot HAM-A - UNSCH x  +
< > C @ localhost:64296 b4

Respuesta: 3

10. ;Con qué frecuencia te preocupas por tu salud de
forma excesiva?

Respuesta: 2

11. ¢Con qué frecuencia tienes sensacion de ahogo o
falta de aire?

Respuesta: 3

12. ;Con qué sientes 0 agt

por ansiedad?
Respuesta: 1

13. ¢Con qué fi tienes p i
repetitivos?

Respuesta: 1

14. ;Con qué fi sientes Irr

ansiedad?

Respuesta: 1

@)

v

%

% Chatbot HAM-A - UNSCH x ek

C @ localhost64296 * @

manejar la ansiedad

3. **Practica técnicas de respiracion:** Dedica unos
minutos al dia a ejercicios de respiracion profunda o
meditacion. Esto puede ayudarte a reducir la tension y
calmar tu mente.

**Sefales de alerta y cuando buscar apoyo profesional**
Es crucial estar atento a ciertos signos que podrian indicar
que apoyo adl |, tales como: dificultad
constante para concentrarte, cambios significativos en tu
apetito o suefio, o un aumento en la irritabilidad. Dado que
tu nivel de ansiedad es severo, te recomiendo

enc: que buscar apoyo pi

a través del servicio psicolégico de tu universidad o un
profesional de salud mental

**Nota ética: no es diagndstico, es tamizaje**

Recuerda que esta evaluacion es un tamizaje y no
constituye un diagndstico clinico. Es un primer paso
importante para entender como te sientes y qué acciones
puedes tomar para mejorar tu bienestar emocional.

& Generar PDF del reporte

< Regresar

Los resultados son un tamizaje preliminar. Consulte un profesional de salud mental para

una evaluacién especializada

(b)

Figure 17: Graphical user interface of the HAM-a generative Al chatbot: (a)
detailed screen displaying remaining item-level responses of the HAM-a
assessment and (b) detailed screen presenting full Al-generated feedback with
options to generate the PDF report and return to the previous screen
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Universidad Nacional de San Cristébal de Huamanga (UNSCH)
HAM-A Generative Al Chatbot

Screening Summary (HAM-A)

Date: 2026-01-25 11:46:23
Total score: 28
Severity level: Ansiedad severa

Item Responses (HAM-A)

HAM-A item Score
1. ¢Con qué frecuencia sientes ansiedad @ nerviosismo general? 1
2 ;Con qué frecuencia tienes tension, dificultad para relajarts? 4
3. ¢Con qué frecuencia sientes mieda sin una causa clara? 1
4. iCon qué frecuencia tienes dificultades para dormir por ansiedad? 2
5. ¢Con queé frecuencia sientes sintomas fisicos (palpitaciones, sudaracion)? 4
6. ;Con qué frecuencia notas molestias digestivas relacionadas con ansiedad? 2
7. ;Con qué frecuencia sientes temblores o tensién muscular? 1
8. ¢Con qué frecuencia te cuesta concentrarte por ansiedad? 2
9. 4Con qué frecuencia te sientes inquieto/a o incapaz de estar quieto/a? 3
10. ;Con qué frecuencia te preocupas por tu salud de forma excesiva? 2
11. ;Con qué frecuencia tienes sensacion de ahogo o falta de aire? 3
12. ¢Con qué frecuencia sientes debilidad o agotamiento por ansiedad? 1
13. ;Con qué frecuencia tienes pensamientos negativos repetitivos? 1
14. ¢ Con qué frecuencia sientes imitabilidad asociada a la ansiedad? 1

Generative Al Feedback

Figure 18: Automatically generated PDF report of the HAM-a anxiety
screening: summary, item-level responses, and generative Al feedback for
unsch students

“*Resumen™

Tu puntaje fotal en la Escala de Ansiedad de Hamilton (HAM-A) es 28, lo que indica un nivel de ansiedad severa
Esto significa que los sintomas que estas experimentando pueden estar afectando significativamente tu bienestar
diario y tu capacidad para llevar a cabo tus actividades cotidianas

**¢Qué significa?™™

La ansiedad severa puede manifestarse a través de una combinacién de sintomas psicolégicos, como una
sensacion constante de tension, miedos intensos o inquietud, asi como sintomas fisicos, como tension muscular o
problemas para dormir. Es impertante reconacer que estos sintomas pueden ser abrumadores y pueden interferir
con tu rendimiento académico y calidad de vida

**Recomendaciones practicas**

‘1. **Establece una rutina diaria.** Intenta mantener horarios regulares para tus actividades, incluyendo el estudio,
las comidas y el descanso. Una estructura puede ayudarte a sentirte mas en control

2 **Prioriza el suefio:** Asegurate de dormir entre 7-9 horas cada noche. Un buen descanso es fundamental para
manejar la ansiedad

3. **Practica técnicas de respiracion™* Dedica unos minutos al dia a ejercicios de respiracién profunda o
meditacion. Esto puede ayudarte a reducir la tensién y calmar tu mente

**Sefales de alerta y cuando buscar apoyo profesional™

Es crucial estar atento a ciertos signos que podrian indicar que necesitas apoyo adicional, tales como: dificultad
constante para concentrarte, cambios significativos en tu apetito o suefio, o un aumento en la irritabilidad. Dado que
tu nivel de ansiedad es severo, te recomiendo encarecidamente que consideres buscar apoyo profesional a travées
del servicio psicologico de tu universidad o un profesional de salud mental.

**Nota éfica: no es diagnéstico, es tamizaje™™
Recuerda que esta evaluacion es un tamizaje y no constituye un diagnéstico clinico. Es un primer paso importante
para entender como te sientes y qué acciones puedes tomar para mejorar tu bienestar emocional

Important note: This result is a preliminary screening and does not replace a professional clinical assessment. If symptoms persist or
interfere with daily life, consider seeking support from a mental health professional or university counseling services.

Figure 19: Generative Al-based personalized feedback for HAM-a
anxiety screening, including summary interpretation, practical
recommendations, and ethical disclaime
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4.2 Data preparation for agreement

analysis using Cohen’s kappa
coefficient (k)

Table 2 presents the distribution of the 50 Engineering
students from the Universidad Nacional de San Cristobal
de Huamanga, Peru, enrolled in the 2025-11 academic
semester, who participated in the study. Cluster sampling
was used to determine the sample, considering as grouping
units the students belonging to specific academic groups
or sections of the Engineering program. This sampling
method was considered appropriate because the student
population was naturally organized into academic clusters,
which allowed the sample to be selected in a more
accessible, orderly, and feasible manner for the application
of the instrument. The data collection was conducted
during the 2025-11 academic semester as part of a
completed pilot evaluation.

Each student completed the Hamilton Anxiety Rating
Scale (HAM-A) through the generative artificial
intelligence chatbot. In parallel, the HAM-A results were
reviewed by two clinical mental health experts with
experience in psychological assessment and the evaluation
of anxiety symptoms. The experts established the
reference clinical classification by consensus, assigning
each case to one of three anxiety severity categories: mild,
moderate, or severe. Table 1 presents the students’ total
HAM-A scores, the severity classification generated by
the chatbot, and the consensus-based clinical classification
assigned by the experts.

Table 2: Sample of 50 university students for anxiety
severity classification using the HAM-a scale: comparison
between generative Al chatbot screening and mental
health expert assessment

1D Total_Score Chatbot_Class Expert_Class
S01 35 Severe Severe
S02 29 Severe Severe
S03 30 Severe Severe
S04 28 Severe Severe
S05 24 Moderate Moderate
S06 38 Severe Severe
S07 30 Severe Severe
S08 36 Severe Severe
S09 31 Severe Severe
S10 28 Severe Severe
S11 22 Moderate Moderate
S12 25 Severe Mild
S13 34 Severe Severe
S14 33 Severe Severe
S15 32 Severe Severe
S16 25 Severe Severe
S17 28 Severe Severe
S18 24 Moderate Moderate
S19 30 Severe Severe
S20 16 Mild Mild
S21 36 Moderate Moderate
S22 24 Moderate Moderate
S23 22 Moderate Moderate
S24 20 Moderate Moderate
S25 25 Severe Severe
S26 30 Severe Severe
S27 30 Severe Severe
S28 36 Severe Severe
S29 24 Moderate Mild
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S30 31 Severe Severe
S31 26 Severe Severe
S32 34 Severe Mild
S33 27 Severe Severe
S34 27 Severe Severe
S35 30 Severe Severe
S36 21 Moderate Moderate
S37 30 Severe Severe
S38 26 Severe Severe
S39 30 Severe Severe
S40 20 Moderate Moderate
S41 37 Severe Severe
S42 26 Severe Severe
S43 36 Severe Moderate
S44 31 Severe Severe
S45 28 Severe Severe
S46 29 Severe Severe
S47 24 Moderate Moderate
S48 34 Severe Severe
S49 30 Severe Severe
S50 35 Severe Severe

This information constitutes empirical judgment and
comparative agreement analysis, enabling systematic
comparison between the decisions of the automated
system and professional clinical judgment, and supporting
the calculation of Cohen’s Kappa coefficient and the
construction of the confusion matrix.

For each student, two categorical labels were recorded:

o Expert_class: severity level assigned by the clinical
expert (mild, moderate, severe)

e Chatbot_class: severity level assigned by the
chatbot (mild, moderate, severe)

Both labels represent a nominal classification with three
mutually exclusive categories. The evaluation was framed
as an inter-rater agreement problem between the “Expert
vs. Chatbot,” as well as a multiclass classification
performance problem assessed through confusion matrix
analysis and derived performance metrics.

4.3 Confusion matrix
The confusion matrix was constructed by cross-tabulating:

e Rows = true class (expert)
e Columns = predicted class (chatbot)
This approach allows for quantification of agreements
(diagonal elements) and discrepancies (off-diagonal
elements).

Table 3: Table confusion matrix (expert vs. Chatbot) for
HAM-a severity classification (n = 50)

Expert \ Chatbot Mild Moderate Severe Total
(Expert)
Mild 1 1 2 4
Moderate 0 10 1 11
Severe 0 0 35 35
Total (Chatbot) 1 11 38 50

As shown in Table 3, the main diagonal (1 + 10 + 35 =
46) represents the exact classification matches, indicating
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a high level of concordance between the clinical expert
and the chatbot. Misclassifications are predominantly
concentrated in the Mild category, where the chatbot
shows confusion with the Moderate (1 case) and Severe (2
cases) categories. In contrast, the Severe category exhibits
no errors toward lower severity classes, suggesting a
conservative system behavior: when the expert identifies
high severity, the chatbot consistently preserves that
classification.

4.4 Calculation of Cohen’s kappa
coefficient (k)

Cohen’s Kappa coefficient was employed to estimate the
agreement between the chatbot and the clinical expert,
allowing correction for the level of agreement expected by
chance, according to formulas (1), (2), and (3). Let N
denote the total number of cases and let CM represent the
confusion matrix.

a. Observed agreement (Po)

S, CMy
P = L= o

That is, the sum of the main diagonal divided by N.
b. Expected agreement by chance (p.)

where R; represents the total of row i (proportion per
class according to the Expert) and C; represents the total of
column i (proportion per class according to the Chatbot).

RiC;
F, = Ziy:l # )
Cohen’s Kappa coefficient (k)

_ Po—Pe
k= 1-P, ®)

Substituting the values yields Po = 0.9200, P. = 0.5820,
and « = 0.8086.

The agreement analysis between the anxiety severity
classification generated by the generative artificial
intelligence chatbot and the evaluation conducted by the
clinical expert demonstrated a high level of consistency
between both methods. The observed agreement reached
Po = 0.9200, indicating that in 92.0% of the evaluated
cases, both classifications exactly matched in assigning the
level of anxiety. This result reflects strong direct
correspondence and suggests that the chatbot closely
reproduces the criteria applied in conventional clinical
assessment.

However, since part of this agreement may be
attributable to the distribution of categories rather than true
concordance, the expected agreement by chance was
estimated, yielding P. = 0.5820. This coefficient represents
the proportion of matches that could occur purely by
chance, considering the relative frequency of mild,
moderate, and severe anxiety categories within the
analyzed sample. The obtained value highlights a non-
uniform distribution of classifications, particularly
influenced by the higher prevalence of certain severity
levels. After adjusting the observed agreement for chance
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using Cohen’s Kappa coefficient, a value of k = 0.8086
was obtained. According to the criteria established by
Landis and Koch (1977), who classify k values above 0.80
as indicative of excellent agreement, this result reflects a
near-perfect level of concordance. This finding suggests
that the generative artificial intelligence—based system can
identify and classifying anxiety severity with a high degree
of consistency relative to expert clinical assessment.

45 Metrics derived from the confusion
matrix

In addition to Cohen’s Kappa coefficient (k), the chatbot’s
performance was evaluated using multiclass classification
metrics computed under the one-vs-rest approach, a
fundamental strategy for analyzing models operating with
more than two categories. In this framework, each class is
evaluated independently by considering it as the positive
class (one), while all remaining categories are grouped and
treated collectively as the negative class (rest).
Consequently, the multiclass problem is iteratively
transformed into a series of binary classification problems,
one for each anxiety severity level.

For each class, the following definitions apply:

e TP (true positives): cases of the class correctly
predicted as such.

e FP (false positives): cases predicted as that class but
belonging to another category.

e FN (false negatives): cases belonging to that class but
predicted as a different category by the chatbot.

e TN (true negatives): cases not belonging to that class
and not predicted as that class.

Table 4: Class-specific metrics (one-vs-rest approach)

Class TP FP FN TN
Mild 1 0 3 46
Moderate 10 1 1 38
Severe 35 3 0 12
Class Precision Recall Specificity F1
Mild 1.0000 0.2500 1.0000 0.4000
Moderate 0.9091 0.9091 0.9744 0.9091
Severe 0.9211 1.0000 0.8000 0.9589

Table 4 presents the class-specific analysis of severity
levels, allowing the identification of distinct performance
patterns of the chatbot. In the mild category, a precision
value of 1.00 indicates that when the chatbot assigns this
classification, it virtually does not commit errors, that is, it
does not label students as mild if they are not classified as
such by the clinical expert. However, the reduced recall
(0.25) reveals that the system correctly identifies only one
out of four actual mild cases, reclassifying the remaining
three cases into higher severity levels, such as moderate or
severe. This behavior is characteristic of models designed
with a preventive orientation, prioritizing sensitivity
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toward higher-risk levels and avoiding underestimation of
severity, even at the cost of reduced detection of mild
cases.

In the moderate category, precision and recall values
close to 0.91 reflect balanced and consistent performance,
with a limited number of errors both in overclassification
(incorrectly labeling non-moderate cases as moderate) and
under classification (failing to identify some true moderate
cases). Additionally, the high specificity (0.9744)
indicates that the chatbot rarely assigns this category when
it is not warranted, suggesting adequate discrimination of
this intermediate severity level.

In the severe category, a recall of 1.00 confirms that all
cases classified as severe by the clinical expert were
correctly identified by the chatbot, with no false negatives.
This finding is relevant in screening and decision-support
contexts, as it substantially reduces the risk of overlooking
potentially high-priority cases. However, the precision
(0.9211) and specificity (0.8000) values indicate the
presence of some false positives—namely, non-severe
students classified as severe by the chatbot. Although this
may increase referral rates, in first-level screening systems
it is generally preferable to prioritize sensitivity over strict
specificity, because this approach supports the timely
prioritization of students who may require professional
evaluation.

Table 5 presents the overall performance metrics,
providing a more precise understanding of the chatbot’s
behavior in a multiclass classification scenario. The
accuracy (Accuracy = 0.92) indicates that the chatbot
correctly classified 92% of cases, reflecting strong overall
performance. However, this value may be influenced by
class imbalance, as the severe anxiety category accounts
for the largest proportion of cases. The Weighted F1-score
(0.9032), which weights performance according to the
support of each class, remains high primarily because the
severe class (35 cases) dominates the average. While this
metric effectively reflects real-world performance within
the sample, it may obscure weaknesses in minority classes.
In contrast, the Macro F1-score (0.756), which assigns
equal weight to each class regardless of frequency,
decreases mainly due to the low F1-score observed in the
mild category (0.40). Similarly, the Balanced Accuracy
(0.7197), defined as the average recall across all classes, is
reduced primarily by the low recall of the mild category
(0.25).

Table 5: Overall system performance metrics (n = 50).

Metric Value

Accuracy 0.9200

Macro_F1 0.7560

Weighted_F1 0.9032

Balanced_Accuracy 0.7197
N 50
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5 Discussions

The findings of this pilot study indicate that the
generative artificial intelligence chatbot based on the
HAM-A scale achieved a high level of agreement with
expert classifications, suggesting its preliminary potential
as a screening and decision-support tool in university
mental health contexts. The obtained Cohen’s Kappa
coefficient (k = 0.8086) falls within the range of almost
perfect agreement according to Landis and Koch,
indicating that the concordance between the automated
system and the clinical expert exceeded chance
expectations. However, given the pilot nature of the study,
the limited sample size, and the single-university context,
these findings should be interpreted cautiously and
understood as preliminary evidence of feasibility and
agreement rather than definitive evidence of clinical
validity or broad institutional applicability.

From a comparative perspective, prior studies on Al-
based chatbots in mental health have primarily focused on
therapeutic effectiveness, symptom reduction, feasibility,
and user engagement, rather than agreement with expert-
based classification. For example, the generative Al
chatbot Wayhaven demonstrated significant reductions in
depression (B =—1.62; p <.001) and anxiety (B =—2.15; p
<.001), alongside improvements in well-being (ts0 = 2.90;
p = .006; d = 0.45), indicating its feasibility and
acceptability among university students [13]. Similarly,
the chatbot Tess showed statistically significant reductions
in anxiety (p = .045 and p = .02 across groups) and
depression (p = .03) in a randomized controlled trial,
supporting the usefulness of Al-driven psychological
interventions [23].

In real-world settings, the Wysa chatbot demonstrated
improvements in depressive symptoms, with high-
engagement users achieving greater reductions (mean
improvement = 5.84 vs. 3.52; p = .03; effect size = 0.63),
as well as positive user acceptance (67.7% positive
feedback), reinforcing its practical applicability [19].
Additionally, previous work with conversational agents
such as Woebot has reported short-term reductions in
anxiety and depression symptoms using CBT-based
automated interventions [24]. These studies suggest that
Al chatbots may support mental health-related processes
through scalable, personalized, and accessible solutions;
however, their role should be understood as
complementary and not as a replacement for professional
care.

A relevant distinction of the present pilot study is that it
does not evaluate therapeutic outcomes or clinical
diagnosis. Instead, it examines the level of agreement
between chatbot-generated HAM-A severity
classifications and the classifications assigned by a clinical
mental health expert. Therefore, the contribution of this
study lies in exploring classification concordance and
screening support, rather than establishing diagnostic
accuracy in a strict clinical sense. This perspective remains
important because relatively few studies assess how
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automated systems align with expert judgment using
formal agreement metrics such as Cohen’s Kappa.

The confusion matrix analysis shows that agreement is
mainly concentrated along the main diagonal, particularly
within the severe anxiety category, where the chatbot
classified all cases identified as severe by the expert in the
same category. In screening contexts, this behavior is
relevant because it reduces the possibility of overlooking
potentially high-priority cases. The recall value of 1.00 for
the severe category suggests high sensitivity for this class
within the analyzed pilot sample.

Nevertheless, the chatbot showed a tendency to
overestimate severity in some cases, classifying certain
mild or moderate cases as severe. This behavior may be
acceptable in first-level screening contexts, where
prioritizing sensitivity can be useful to avoid missing
students who may require further professional evaluation.
However, this conservative tendency also indicates the
need for caution, since false positives may increase
unnecessary referrals or concern among users. Therefore,
the chatbot’s classifications should be interpreted as
screening outputs that require professional confirmation.

The class-specific metrics further support this
interpretation. While the severe category showed strong
performance, the mild category presented lower recall
(0.25), indicating difficulty in distinguishing lower-
severity cases within this sample. This result suggests that
future versions of the system should improve
discrimination between mild and moderate anxiety levels,
particularly through threshold refinement, expert review
of classification rules, and additional validation with more
balanced datasets.

At the global level, the overall accuracy of 92% suggests
favorable performance in this pilot evaluation. However,
this metric should be interpreted cautiously due to class
imbalance, as the severe anxiety category represents the
largest proportion of cases. In this context, the Macro F1-
score (0.756) and Balanced Accuracy (0.7197) provide a
more conservative and informative interpretation,
revealing variability across severity levels and identifying
the mild category as an area for improvement.

From a technological standpoint, the integration of
generative Al enables not only automated HAM-A
administration and severity classification but also the
generation of personalized feedback in natural language.
This feature aligns with contemporary digital mental
health approaches that emphasize accessibility, user-
centered interaction, and guided self-understanding.
Nevertheless, the Al-generated feedback should be
carefully reviewed and framed with ethical disclaimers,
since it must not be interpreted as professional diagnosis
or individualized clinical treatment.

Despite the encouraging results, several limitations
must be acknowledged. First, the study used a pilot sample
of 50 students from a single university, which limits the
generalizability of the findings. Second, the distribution of
severity categories was imbalanced, which may have
influenced the overall performance metrics. Third, the
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evaluation focused on agreement with expert
classification, not on longitudinal outcomes, clinical
diagnosis, or treatment effectiveness. Fourth, the quality,
safety, and interpretability of the Al-generated feedback
require further qualitative and expert-based assessment.

Compared with prior studies summarized in Table 1,
the present pilot study differs in its evaluation focus.
Previous Al-based mental health chatbots have commonly
assessed therapeutic outcomes, symptom reduction,
feasibility, engagement, or user acceptability [8-
13,19,23,24]. In contrast, this study evaluates the
concordance between chatbot-generated HAM-A severity
classifications and clinical expert judgment. This
distinction is relevant because agreement-based validation
provides information about the consistency of automated
classification outputs when compared with human expert
assessment.

The obtained Cohen’s Kappa coefficient (kx = 0.8086)
and overall accuracy of 0.9200 suggest favorable
agreement in this pilot sample. However, these results
should not be interpreted as definitive clinical validation,
since the sample was limited to 50 students from a single
university. Compared with previous chatbot studies that
primarily report changes in PHQ-9, GAD-7, engagement,
or acceptability outcomes, the contribution of this work
lies in integrating a structured anxiety scale, automated
scoring, generative feedback, and expert-based agreement
analysis within a single system. Cohen’s Kappa value (x
= 0.8086) indicates high agreement beyond chance
between the chatbot and the clinical expert in this pilot
sample. This suggests that the chatbot’s HAM-A severity
classifications were generally consistent with expert
judgment. However, the result should be interpreted as
preliminary agreement, not diagnostic equivalence, and
moderate or severe cases should be reviewed by qualified
professionals.

Differences between the present findings and
previous studies may be explained by several factors,
including the population assessed, the use of HAM-A as
the reference instrument, the classification-based design
of the chatbot, and the evaluation method based on inter-
rater agreement rather than longitudinal symptom change.
The strong recall observed in the severe anxiety category
may be useful for first-level screening and prioritization,
but the low recall in the mild category indicates the need
to refine thresholds and validate the system with more
balanced datasets.

Several potential sources of bias should be considered
when interpreting the findings. Selection bias may have
occurred because participants were recruited from specific
academic groups within a single university, while
response bias may have influenced the self-reported
HAM-A answers provided through the chatbot interface.
In addition, class imbalance, particularly the
predominance of severe cases, may have affected the
overall performance metrics. Although these limitations
were partially mitigated through the use of standardized
HAM-A items, automated scoring rules, and expert-based
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comparison, future studies should include broader
sampling strategies, more balanced datasets, and multiple
clinical evaluators.

Overall, the proposed chatbot should be considered a
preliminary and complementary screening support tool for
university mental health contexts. Its high agreement with
expert classification in this pilot sample suggests potential
usefulness for first-level anxiety severity screening,
personalized feedback, and prioritization of students who
may require professional attention. However, broader
validation is necessary before recommending institutional
or clinical deployment. Future research should include
larger, more diverse, and preferably multicenter samples,
as well as balanced severity groups, qualitative user
evaluation, expert review of feedback, and comparison
with additional standardized instruments.

6 Limitations and future work

This study has limitations inherent to a pilot evaluation,
mainly the small sample size, its single-university setting,
class imbalance, and the absence of longitudinal follow-
up. Although the clinical classification was reviewed by
two experts, no formal inter-rater reliability coefficient
was estimated. Therefore, the results should be interpreted
as preliminary evidence. Future research should validate
the chatbot in larger, more diverse, and multicenter
samples, include more balanced severity groups, estimate
confidence intervals, assess usability, and compare the
system with other standardized scales such as GAD-7,
PHQ-9, or DASS-21.

7 Conclusions

The conclusions derived from the quantitative analysis
and the design of the generative artificial intelligence
chatbot suggest that the developed solution may function
as a preliminary and complementary tool for anxiety
severity screening and classification among university
students using the HAM-A scale. The obtained Cohen’s
Kappa coefficient (x = 0.8086) indicates a high level of
agreement between the classifications generated by the
chatbot and those assigned by the clinical expert within
this pilot sample. This finding suggests that the automated
system can approximate expert-based classification
beyond agreement attributable to chance; however, it
should not be interpreted as evidence of formal clinical
diagnosis or definitive clinical validation.

The confusion matrix analysis shows that the highest
level of agreement was concentrated in the severe anxiety
category, in which the chatbot classified all cases
identified as severe by the expert in the same category.
This behavior is reflected in a recall of 1.00 for this class,
suggesting that, within the analyzed pilot sample, the
system did not miss severe cases. In first-level screening
contexts, this result is relevant because it may support the
prioritization of students who require professional
attention. Nevertheless, the presence of false positives
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indicates that chatbot-generated classifications should be
reviewed and confirmed by qualified mental health
professionals.

Class-specific metrics calculated using the one-vs-rest
approach provide a more nuanced understanding of the
chatbot’s performance. While the moderate and severe
classes showed favorable precision, recall, and F1-score
values, the mild class presented reduced recall, indicating
a tendency to classify some mild cases into higher severity
levels. This limitation suggests that future versions of the
system should improve discrimination between mild and
moderate anxiety levels. Global metrics, including
accuracy (0.92), Weighted F1-score (0.9032), and
balanced accuracy (0.7197), provide supportive evidence
of preliminary performance, although these results must be
interpreted cautiously due to the pilot design, limited
sample size, and class imbalance.

From a design perspective, the chatbot developed in
Flutter and Dart and integrated with a generative language
model demonstrates the technical feasibility of combining
modern software architectures with artificial intelligence
techniques to support interactive, accessible, and user-
centered screening processes. The generation of
personalized natural language feedback based on HAM-A
results adds value by helping students understand their
screening outcomes; however, this feedback should be
framed as informational and supportive, not as clinical
advice or psychological treatment.

Overall, the obtained results and system design support
the conclusion that the proposed solution has preliminary
potential as a complementary tool for anxiety severity
screening, classification, and decision support in
university mental health contexts. The system is not
intended to replace clinical evaluation but to support first-
level screening and the prioritization of students who may
require professional assessment. Due to the pilot nature of
the study and the limited sample of 50 students from a
single university, future research should validate the
chatbot in larger, more diverse, and preferably multicenter
samples before broader institutional or clinical
implementation.
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