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Abstract—This paper presents the development and evaluation 

of a machine learning-based conversational agent for screening 

academic anxiety among Software Engineering students at the 

Universidad Nacional Mayor de San Marcos. The system integrates a 

text-based anxiety-signal classifier, the GAD-7 questionnaire, and a 

response module designed to provide coping guidance and referral 

recommendations. Its usability, acceptance, and perceived role as a 

first point of contact were evaluated through a survey of 

undergraduate students. The results show high model sensitivity and 

a positive assessment of the tool, with perceived usefulness emerging 

as the main factor associated with behavioral intention to use it. The 

findings suggest that conversational agents are promising as an 

initial point of contact for anxiety-related help-seeking because they 

are readily accessible and perceived as less stigmatizing, while 

serving as a complement rather than a substitute for professional 

care. 
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I.  INTRODUCTION 

Concern about university students’ mental health continues 

to increase across higher education. Anxiety is among the 

most frequent problems they face and is characterized by 

anticipatory apprehension about potential threats. Unlike 

stress, which is associated with demanding pressures, and 

depression, which is linked to persistently low mood, anxiety 

is a distinct construct that requires specific assessment tools 

[1], [2]. This distinction is important because it determines 

how tools for recognizing and addressing anxiety should be 

designed. 

A meta-analysis estimated a pooled anxiety prevalence of 

39.65% among undergraduate students, with approximately 

20.31% experiencing severe levels [3]. In Peru, a study of 

university students in Lima reported severe anxiety in 22.6% 

of participants [4]. Therefore, anxiety is not an isolated 

phenomenon; it is a widespread condition that affects the well-

being and academic performance of university communities 

[1]. 

Despite this prevalence, access to psychological support 

remains limited. Studies identify barriers such as help-seeking 

stigma, treatment costs, and limited availability of specialists, 

which delay or prevent early care [5]. These constraints are 

particularly severe in universities, where student-welfare 

services are often overwhelmed by growing demand, leaving 

many students without an initial point of contact that can offer 

guidance. 

In this context, artificial intelligence-based conversational 

agents, also known as chatbots, have emerged as scalable, 

accessible, and potentially less stigmatizing options for 

mental-health support [5]. Meta-analytic evidence also 

indicates that they can reduce symptoms of anxiety and 

depression among adolescents and young adults [6], [7]. 

However, useful support requires accurate assessment. Among 

validated instruments, the GAD-7 questionnaire is particularly 

relevant because of its brevity and reliability. In the Peruvian 

population, it has shown a unidimensional structure and 

adequate psychometric properties, with a Cronbach’s alpha of 

0.87 and a McDonald’s omega of 0.88 [8], [4]. These findings 

support its use as a screening tool in the present context and 

provide a standardized basis for estimating anxiety levels as 

part of an early-detection approach. 

Despite the high prevalence of anxiety, important gaps 

remain. Nyakhar and Wang [5] reported that the effectiveness 

of mental-health chatbots among university students has 

received limited study. Likewise, Hua et al. [9], in a review of 

160 studies published between 2020 and 2024, found that only 

16% of systems based on large language models had 

undergone clinical-efficacy testing. Both reviews conclude 

that the field’s rapid growth has not been accompanied by 

sufficiently rigorous evaluation. 

Two opportunities can be identified for this specific 

population. First, few studies have examined how students 

accept these tools and the extent to which they view them as 

an accessible, low-stigma first point of contact [10]. Second, 

machine learning solutions can detect early indicators of 

anxiety in user-generated text [11], an approach that remains 

underexplored in tools designed for university students. 

Addressing these opportunities, this study proposes a 

machine learning-based conversational agent for screening 

academic anxiety among undergraduate students. The system 

links three components: a classifier that detects anxiety signals 

in text, the GAD-7 as a structured screening instrument, and a 

response module that provides coping strategies and referral to 

professional care when appropriate. The study evaluates the 
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tool’s usability and acceptance, identifies factors associated 

with that acceptance, and examines whether it can function as 

an early, accessible, and low-stigma pathway for help-seeking. 

II.  OBJECTIVES 

A. General Objective 

To develop and evaluate a machine learning-based 

conversational agent for academic anxiety screening among 

Software Engineering students at the Universidad Nacional 

Mayor de San Marcos, integrating an anxiety-signal classifier, 

the GAD-7 questionnaire, and a response module, and to 

assess its usability, acceptance, and perceived role as a first 

point of contact. 

B. Specific Objectives 

• Train a machine learning model to detect anxiety signals 

in student text, with emphasis on sensitivity. 

• Implement a conversational-agent prototype integrating 

the model, the GAD-7 questionnaire, and coping and 

referral modules. 

• Evaluate the prototype's usability, acceptance, and 

perceived role as a first point of contact among 

undergraduate students. 

III.  METHODOLOGY 

A. Research Type and Design 

This applied study used a quantitative approach, a 

descriptive-correlational scope, and a nonexperimental cross-

sectional design. It combined two complementary 

components: development of a software artifact—the 

conversational agent—and evaluation of its usability, 

acceptance, and perceived usefulness among students. System 

development was managed using the Scrum framework, with 

tasks organized into successive sprints based on a product 

backlog. This approach enabled incremental iteration of both 

the classification model and the conversational prototype. 

B. Development of the Conversational Agent 

The agent was built around a machine learning model 

designed to recognize indications of anxiety in student text. 

Training used the public Sentiment Analysis for Mental 

Health dataset [12], available on Kaggle, which contains 

approximately 53,000 English-language statements labeled by 

mental-health state. Only the anxiety and normal classes were 

retained, framing the task as binary classification. This 

delimitation is consistent with the system’s intended use as a 

screening—not differential-diagnosis—tool and reduces the 

risk of conflating anxiety with other conditions that may have 

similar textual expressions. 

The training stage followed the pipeline summarized in 

Fig. 1. After filtering and labeling the statements (anxiety = 1, 

normal = 0), the data were stratified into training (80%) and 

test (20%) subsets. Each message was transformed into a 

vector representation using a pretrained multilingual 

embedding model [13] with Spanish-language support, and the 

classifiers operated on these representations. 

 
Fig. 1. Training pipeline for the classification model. 

Three models were trained on this representation: logistic 

regression, a linear support vector machine, and Random 

Forest. Each used balanced class weights to address the 

natural class imbalance. Model selection and hyperparameter 

tuning were guided by recall for the anxiety class because it 

was the less frequent class and the primary class of interest. 

The selected linear support vector machine evaluates whether 

a message contains anxiety signals and consequently 

determines when structured screening should be offered. Fig. 

2 shows the Python implementation of the training process and 

comparison of the three classifiers. 

 
Fig. 2. Training and comparison of classifiers in Python (scikit-learn). 

The architecture comprises four components: a conversational 

interface, the text classifier, the GAD-7 screening 

questionnaire, and a response module that provides anxiety-

reduction options or referral to the appropriate support service. 

The classifier serves only as an activation mechanism; that is, 

it suggests when the GAD-7 should be administered, whereas 
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the anxiety level is always determined by the validated 

questionnaire. This design separates the initial textual signal 

from the screening result. The prototype was implemented as a 

web application deployed through the Streamlit service for 

evaluation. Fig. 3 summarizes the architecture, whereas Fig. 4 

shows an actual interaction with the prototype in which a 

student describes their condition in their own words and the 

agent offers the GAD-7 response options. 

 
 

Fig. 3. Conversational-agent architecture. 

 
Fig. 4. Interaction with the prototype deployed on Streamlit (interface 

delivered in Spanish for the target student population). 

C. Population and Sample 

The population consisted of undergraduate Software 

Engineering students at the Universidad Nacional Mayor de 

San Marcos. The evaluation used a purposive, nonprobability 

sample of 40 students enrolled in the program. Students from 

different academic terms were included to capture perceptions 

at different stages of their education. Given the sensitive topic, 

participation was voluntary and anonymous and was preceded 

by informed consent explaining the study purpose, data 

safeguards, and the right to withdraw at any time. 

D. Techniques and Instruments 

Evaluation was conducted using a scenario-guided use 

protocol and a structured questionnaire. To ensure comparable 

experiences, each participant received a prompt placing the 

interaction in an academically demanding context, such as the 

period immediately before final examinations. Participants 

were asked to converse with the agent as they would in a real 

situation and complete the interaction flow. 

After the interaction, participants completed an online 

questionnaire organized into three dimensions. Usability was 

measured using the System Usability Scale (SUS) [14]. 

Acceptance was evaluated with items based on the 

Technology Acceptance Model (TAM) [15], which relates 

perceived usefulness, perceived ease of use, and behavioral 

intention. Perception of the agent as a first point of contact 

was assessed through researcher-developed items addressing 

accessibility and stigma as barriers to help-seeking. Responses 

used a five-point Likert scale. Table I summarizes the 

instrument structure. 

TABLE I 
DIMENSIONS OF THE EVALUATION INSTRUMENT 

Dimension Base instrument Items Scale 
Usability SUS 10 Likert 1–5 

Acceptance TAM (usefulness, ease of use, 

intention) 
6 Likert 1–5 

Perception as first 

contact 
Researcher-developed 4 Likert 1–5 

 

E. Variables 

Given the descriptive-correlational scope and 

nonexperimental design, no variables were manipulated. 

Instead, study variables were defined at two levels. At the 

model level, they corresponded to classification-performance 

metrics, with particular attention to recall for the anxiety class 

because it was the less frequent class and the primary category 

of interest. At the prototype-evaluation level, the variables 

were usability, acceptance, and perception of the agent as a 

first point of contact. Acceptance was modeled as a construct 

comprising perceived usefulness, perceived ease of use, and 

behavioral intention, whose relationships were analyzed. 

F. Statistical Analysis 

The analysis was organized into two components. Model 

performance was evaluated on the test set using a confusion 

matrix and classification report, emphasizing recall for the 

anxiety class. Stratified cross-validation was used to examine 



6th LACCEI International Multiconference on Entrepreneurship, Innovation and Regional Development - LEIRD 2026. “Capability-Based 

Entrepreneurship: Artificial Intelligence and Innovation for Scaling into the New Global Economy” - Virtual Edition, December 1 – 3, 2026                                 4 

metric stability, with the mean and standard deviation reported 

for each indicator. 

Prototype-evaluation data were analyzed using descriptive 

and inferential statistics. Frequencies, means, and standard 

deviations were calculated by item and dimension. The 

usability score was calculated using the standard SUS 

procedure (range: 0–100) and interpreted against reference 

percentiles and the Sauro and Lewis grading scale [16], rather 

than reported as an isolated value. 

Inferential analysis first evaluated instrument reliability 

using Cronbach’s alpha and McDonald’s omega for the 

usability and acceptance scales. Relationships among the 

acceptance constructs—perceived usefulness, perceived ease 

of use, and behavioral intention—were examined using 

Spearman’s correlation coefficient, which is appropriate for 

ordinal data. The Kruskal–Wallis test was also used to 

compare ratings among participant subgroups based on stage 

of study. 

Model processing was performed in Python using the 

scikit-learn library [17], and survey data were analyzed using 

jamovi. 

IV.  RESULTS 

A. Classification Model Performance 

Comparison of the three trained classifiers showed that the 

linear support vector machine performed best on the 

prioritized metric. For recall on the anxiety class, the SVM 

achieved 0.944, followed by logistic regression at 0.935 and 

Random Forest at 0.776. Although Random Forest produced 

the highest precision for the anxiety class (0.96), its lower 

recall resulted in more undetected anxiety cases, which is 

undesirable for a screening instrument. 

The selected model was evaluated on the test set (n = 

4,037). It achieved an overall accuracy of 0.96 and, for the 

anxiety class, precision of 0.86, recall of 0.94, and an F1-score 

of 0.90 (Table II). The confusion matrix in Fig. 5 shows that, 

of 768 actual anxiety cases, the model correctly identified 725 

and missed 43. To examine performance stability, five-fold 

stratified cross-validation was applied to the training set, 

producing a mean recall of 0.954 for the anxiety class with a 

standard deviation of 0.007, indicating consistent performance 

across folds. 

TABLE II 
SVM MODEL PERFORMANCE ON THE TEST SET 

Class Precision Recall F1 n 
Anxiety 0.86 0.94 0.90 768 
Normal 0.99 0.96 0.98 3269 

Overall accuracy — 0.96 — 4037 

 

 
Fig. 5. Confusion matrix for the SVM model on the test set. 

B. Sample Characteristics 

The sample comprised 40 undergraduate Software 

Engineering students. Most participants were aged 19–21 

years (23 participants), followed by those aged 22–24 years 

(12 participants). The 16–18 and 25-or-older groups included 

2 and 3 participants, respectively. Regarding progress through 

the program, participants were distributed across academic 

terms, with a concentration in the middle stages: 10 were in 

early terms (1st–4th), 26 in middle terms (5th–7th), and 4 in 

advanced terms (8th–10th). This convenience-sample 

distribution was considered when interpreting subgroup 

comparisons. 

C. Instrument Reliability 

Before analyzing the evaluation results, internal 

consistency was examined for the three scales using 

Cronbach’s alpha and McDonald’s omega (Table III). The 

usability scale (SUS) showed acceptable reliability (α = 0.721; 

ω = 0.752). The acceptance and perception scales achieved 

higher values: the TAM-based acceptance dimension showed 

excellent internal consistency (α = 0.904; ω = 0.905), whereas 

the researcher-developed first-point-of-contact perception 

scale showed good reliability (α = 0.883; ω = 0.889). All three 

instruments exceeded the recommended 0.70 threshold, 

supporting their internal consistency for subsequent analyses. 

TABLE III 
SCALE RELIABILITY 

Dimension Items Cronbach's α McDonald's ω 
Usability (SUS) 10 0.721 0.752 

Acceptance (TAM) 6 0.904 0.905 
Perception 4 0.883 0.889 

 

D. Perceived Usability (SUS) 

The agent obtained a mean SUS score of 72.4 (SD = 14.5) 

on the 0–100 scale. According to the Sauro and Lewis curved 

grading scale [16], this score corresponds to a C+ grade and 

approximately the 60th percentile, placing it above the 

industry reference average of 68. The distribution across grade 

bands was predominantly positive: 22 of the 40 participants 

placed the agent in bands A or B, 14 in band C, and only 4 in 

bands D or F. Individual scores ranged from 37.5 to 97.5. 

E. Acceptance and Perception 

Acceptance and perception ratings were positive across all 

dimensions on a scale from 1 to 5 (Table IV). Within the 
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acceptance model, perceived ease of use had the highest mean 

(M = 4.06; SD = 0.86), followed by perceived usefulness (M = 

3.83; SD = 0.93) and behavioral intention (M = 3.69; SD = 

0.95). Overall acceptance had a mean of 3.86 (SD = 0.82). 

Perception of the agent as a first point of contact had a mean 

of 3.84 (SD = 0.88). At the item level, the highest-rated 

statements in this dimension described the tool as less 

intimidating than scheduling a professional appointment (M = 

4.03) and as potentially encouraging people who do not 

usually seek help (M = 4.05). The item concerning use of the 

tool as a first step before seeking psychological services had 

the lowest mean in the block (M = 3.52). 

TABLE IV 
DESCRIPTIVE STATISTICS BY DIMENSION 

Dimension Mean SD 
Perceived ease of use 4.06 0.86 
Perceived usefulness 3.83 0.93 
Behavioral intention 3.69 0.95 
Acceptance (overall) 3.86 0.82 

Perception as first contact 3.84 0.88 

 

F. Relationships Among Constructs 

Spearman correlation coefficients were used to analyze 

relationships among the acceptance constructs (Fig. 6). All 

correlations were positive and statistically significant. The 

strongest relationship was between perceived usefulness and 

behavioral intention (ρ = 0.80; p < .001), followed by the 

relationship between perceived usefulness and perception of 

the agent as a first point of contact (ρ = 0.74; p < .001). 

Perceived ease of use was also significantly associated with 

behavioral intention (ρ = 0.68; p < .001) and perceived 

usefulness (ρ = 0.66; p < .001), although its relationship with 

perception was the weakest observed (ρ = 0.42; p < .01). 

Overall, perceived usefulness had the strongest associations 

with both behavioral intention and perception of the tool. 

Behavioral intention was additionally compared among 

students at different stages of the program (early, middle, and 

advanced) using the Kruskal–Wallis test. No statistically 

significant differences were found among groups (χ² = 0.469; 

df = 2; p = .791; ε² = 0.012), indicating that intention to use 

the agent was similar regardless of academic term. 

 
Fig. 6. Spearman correlation matrix for the acceptance constructs (** p < .01; 

*** p < .001). 

 

V.  DISCUSSION AND CONCLUSIONS 

The classification model achieved high recall for the 

anxiety class on both the test set (0.94) and cross-validation 

(0.954 ± 0.007), with minimal variation among folds (Table 

II). This behavior is desirable for a component designed to 

activate screening because it prioritizes avoiding missed 

potential anxiety cases, at the cost of more false positives, as 

shown in the confusion matrix (Fig. 5). The comparison 

among classifiers further illustrates this trade-off: although 

Random Forest achieved the highest precision, it had the 

lowest recall and would therefore have failed to detect a 

substantial proportion of cases. Selecting the model on the 

basis of recall rather than overall accuracy is therefore 

consistent with the system’s screening objective [11]. 

In the user evaluation, the instruments showed adequate 

internal consistency (Table III), and usability was above the 

industry reference average, although improvement remains 

possible, as expected for a prototype. The most relevant 

finding from the analysis of relationships among constructs 

was that perceived usefulness had the strongest association 

with behavioral intention (ρ = 0.80; Fig. 6), exceeding the 

association with ease of use. This finding suggests that 

students’ willingness to use the tool depends primarily on 

whether they perceive it as useful for their circumstances 

rather than merely easy to operate. The stronger influence of 

usefulness than ease of use is consistent with the Technology 

Acceptance Model [15] and recent studies of behavioral 

intention and adoption of digital mental-health solutions 

among university students [18], [19]. 

Regarding its role as a first point of contact, this dimension 

received a positive mean rating (Table IV). Participants 

particularly valued the tool as less intimidating than 

scheduling professional care and as capable of encouraging 

people who do not ordinarily seek help, supporting its use as 

an accessible, low-stigma resource [20]. However, the item 

concerning use as a step before psychological services 

received the lowest rating in the block, suggesting that 

students regard the agent as an orientation complement rather 

than a replacement for professional care. Finally, the lack of 

significant differences in behavioral intention among 

academic stages indicates that acceptance was consistent 

across the program. 

This study has several limitations. First, the sample was 

small and nonprobabilistic, with unequal groups; 

consequently, the findings are exploratory and cannot be 

generalized to the entire population. In addition, individual 

GAD-7 scores and classifier signals were not recorded, 

preventing direct assessment of agreement between the two 

components; this is proposed as future work. Finally, the 

model was trained using English-language data. An 

exploratory validation using Spanish phrases showed adequate 

performance for direct expressions but lower sensitivity to 

slang and indirect or culturally specific expressions of anxiety, 

which is a limitation of the cross-lingual approach. 
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In conclusion, this study developed and evaluated a 

conversational agent for academic anxiety screening that 

integrates an anxiety-signal classifier, the GAD-7 

questionnaire, and a response module. The proposed model 

achieved high recall (Table II; Fig. 5), consistent with its 

screening function, and the tool was perceived as usable, 

acceptable, and valuable as an accessible, low-stigma first 

point of contact (Table IV). Perceived usefulness was the 

principal factor associated with behavioral intention (Fig. 6). 

The primary contribution is not classifier novelty but 

empirical evidence concerning how an understudied 

population—engineering students at a Peruvian public 

university—responds to this type of tool. Future work should 

record GAD-7 data to validate the two-stage architecture, train 

the model with Spanish-language data, expand the sample, and 

evaluate clinical effectiveness. 
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