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Abstract 

Mental health among university students in Latin America has been compromised by stress, depression, and anxiety, which 

have been exacerbated by the pandemic. Despite the vulnerability of this population and the potential of digital tools, the 

actual adoption of chatbots for psychological support remains low due to doubts about their effectiveness and ease of use. 

The purpose of this study is to analyze the usability of KAI, a virtual assistant powered by generative artificial intelligence 

designed to assess symptoms using the DASS-21 scale and offer personalized recommendations. The methodology 

employed a mixed-methods descriptive and exploratory approach with 112 students from three Latin American 

universities, using the System Usability Scale (SUS) and qualitative interviews with psychology students. The main results 

indicate that the chatbot has outstanding usability and high acceptability, with a positive perception of its ease of use and 

security, although significant differences in evaluation were identified among the participating institutions. The main 

conclusion highlights that KAI is an intuitive and technologically viable tool that functions as a scalable emotional support 

resource, provided it maintains strict professional referral protocols in cases of high severity. 
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1. Introduction 

College students face multiple factors that can trigger stress and compromise their mental health and overall well-

being. Depression, anxiety, and loneliness are common conditions among this group; in fact, global estimates suggest that 
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more than 30% of the student population in higher education exhibits clinically significant symptoms [1]. Unlike 

elementary and secondary school students, college students are more vulnerable because this stage of education involves 

intensified academic pressure and financial burdens, in addition to the complex transition to adulthood [2]. 

Concerns about mental health among college students have driven the adoption of tools such as artificial intelligence 

(AI), used particularly to strengthen psychological support and counseling services. The rapid expansion of AI tools in our 

daily lives coincides with an ongoing mental health crisis on college campuses, particularly regarding social anxiety and 

participation-related distress [3]. One of the most widely used applications of AI is chatbots, which can communicate with 

and guide people through various tasks [4]. In this way, generative chatbots, such as ChatGPT and Google Gemini, have 

evolved from niche applications to widespread adoption, permeating basic academic functions such as advising and peer 

collaboration [3].  

Generative AI chatbots can act as virtual therapists, offering counseling and serving as a support line for people with 

mental health issues in a more affordable way than traditional psychotherapy [5]. Although they do not hold medical 

degrees, these chatbots have made their way into conversations about healthcare and have been applied in fields such as 

surgery, oncology, and orthopedics, proving to be versatile and widely useful [6]. This interactive and personalized format 

allows users to ask sensitive questions and receive immediate, personalized responses in a confidential and non-judgmental 

space. These features distinguish chatbots from other sources of digital information and make them particularly relevant for 

addressing intimate health concerns [6]. 

Despite the potential of these technologies, the actual use of chatbots for psychological support remains low, with only 

5% of students reporting that they have sought help through these channels [4]. Regarding their use, the literature reports 

some limitations, such as students perceived lack of need and persistent doubts about the effectiveness of AI compared to 

traditional therapy [4]. On the other hand, although AI can facilitate the self-disclosure of intimate emotions [7] ethical 

concerns remain regarding data security, the rigor of evidence-based content, and the systems’ responsiveness to 

emergency situations [2]. Thus, perceptions of usefulness and ease of use remain key factors limiting the widespread 

adoption of these tools in academic settings [5]. 

Given the above, the purpose of this research is to analyze the usability of KAI, a generative AI-powered chatbot 

designed to assist college students exhibiting symptoms of stress, depression, and anxiety, which incorporates the DASS-21 

scale as a tool to assess these symptoms. The study seeks to determine whether this generative AI-based virtual assistant 

can serve as a scalable and effective mental well-being resource that complements existing university support services [3].  

To this end, this study adopted a mixed-methods approach with a descriptive and exploratory design to evaluate the 

user experience and the perceived usefulness of the chatbot. The evaluation phase focused on the participation of university 

students from three Latin American universities, who interacted with the designed tool. To measure KAI’s usability, the 

System Usability Scale (SUS) [8] was administered. Additionally, qualitative data were collected through interviews with a 

special group of psychology students in their final semesters, focusing on identifying barriers to adoption and the accuracy 

of the chatbot’s responses in contexts of emotional support for stress, depression, and anxiety. 

Quantitative data were analyzed using descriptive statistics to determine frequencies and trends in the perception of the 

system’s ease of use and security. To ensure the reliability of these results, Cronbach’s alpha coefficient was calculated, 

confirming high internal consistency of the instrument. Additionally, an inferential analysis was conducted to validate 

whether the response patterns were statistically significant. 

The results from the SUS scale show that the chatbot has high acceptability and outstanding usability among the 

evaluators. The descriptive analysis of the responses reveals a significant concentration in the highest categories of the 

scale for positive items, particularly highlighting the perception of ease of use, speed of learning, and integration of system 

functions. Conversely, the negatively worded items confirm that users did not perceive the chatbot as complex, 

inconsistent, or dependent on constant technical support. These data, supported by a Cronbach’s alpha coefficient that 

validates the instrument’s reliability, suggest that the tool is intuitive and creates a safe interactive environment, 

satisfactorily meeting the technical requirements to serve as a resource for emotional support in the face of stress and 

anxiety in the university setting.  

Considering the elements described above, this article is structured as follows: Section 2 describes the materials and 

methods used in this research. Section 3 presents the results obtained, which are analyzed in Section 4. Finally, Section 5 

presents the conclusions and outlines future lines of research. 

 

2. Materials and Methods 
The KAI chatbot is a digital tool developed with the aim of identifying symptoms of depression, stress, and anxiety in 

college students and providing them with personalized relaxation tools. Its development aligns with the growing need to 

offer psycho-emotional support in university settings, where the prevalence of these symptoms intensified following the 

pandemic.  

KAI is designed as a modular system that integrates psychometric assessment with generative AI capabilities to 

recommend personalized emotional support tools. Once the student logs in, they take the DASS-21 test, which measures 

their levels of depression, anxiety, and stress [9]. The results of this test are processed by the system’s back end, which uses 

the gpt-oss AI model (an open-source model from OpenAI). This AI model does not operate generically but uses the 

specific diagnosis (the mild and moderate severity levels for each factor) to generate personalized relaxation 

recommendations that have been predefined by a mental health specialist for each severity level (Table 1). This mechanism 

ensures that the suggested tools are relevant to the user’s current emotional state. 
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Table 1.  

Relaxation tools defined for the symptoms identified by the DASS-21. 

Factor Severity Tool Description 

Stress 

Mild 
Deep Breathing 

Inhale slowly for 4 seconds, hold for 4, exhale for 4. Repeat this cycle 

5 times. 

Moderate Biblical Meditation 

Choose a biblical text from the Psalms. Read it mindfully, taking in 

each word. Choose a particular word or phrase that you find 

meaningful. Close your eyes, repeat it slowly while taking deep 

breaths. Remain in a state of relaxation for a few moments, noting any 

impressions that arise from the chosen word. 

Anxiety 

Mild 5-4-3-2-1 

Technique 

Name 5 things you see, 4 you can touch, 3 you hear, 2 you smell, and 

1 you taste. 

Moderate Progressive muscle 

relaxation 
Systematically tense and relax different muscle groups. 

Moderate Behavioral 

activation 
Plan enjoyable activities, even if you don’t feel motivated at first. 

Mild 
Social connection 

Take a moment to connect with friends and family, even if only 

briefly. 

 

The KAI chatbot incorporates differentiated intervention protocols based on the severity level of the DASS-21 

diagnosis. When the results for any of the factors (Depression, Anxiety, or Stress) fall within the normal range, the system 

sends a positive message to reinforce the student’s well-being. Conversely, when a severe or extremely severe level is 

identified, the chatbot suspends self-care recommendations and instructs the student to immediately contact the University 

Support Center to seek professional help. 

The study sample consisted of a total of 112 students from three higher education institutions: UAP, UNACH, and 

UPEU. The distribution was divided into two main academic areas: the Psychology program, which represented the 

majority at 59.82% (n=67), and the Systems Engineering or Computer Science program, at 40.18% (n=45). It is worth 

noting that the largest concentration of participants came from UAP, accounting for 68.75% of the total sample (Table 2). 

 
Table 2.  

Student sample. 

Program UAP UNACH UPEU Total 

Systems Engineering or Computer Science 10 (8.93%) 15 (13.39%) 20 (17.86%) 45 (40.18%) 

Psychology 67 (59.82%) 0 (0.00%) 0 (0.00%) 67 (59.82%) 

Total 77 (68.75%) 15 (13.39%) 20 (17.86%) 112 (100.0%) 

 

A group of ten eighth-semester psychology students from the UAP validated the chatbot’s functionality in terms of 

usability and the recommendations generated based on the DASS-21 results for each severity level of anxiety, stress, and 

depression. The validation of KAI took place during the month of November 2025 (15 days). The main purpose of this test 

was to capture as much data as possible on users’ actual use of the chatbot at different times, to evaluate its performance 

and usefulness under real-world conditions [10].  

To evaluate the impact of the KAI chatbot, both groups used the SUS [8]. The objective of the SUS scale was to 

determine users’ perceptions regarding ease of use, efficiency, and satisfaction during their interaction with the developed 

tool. In terms of functionality, the system integrates modules that enable the collection, processing, and visualization of 

data in real time, optimizing decision-making and reducing the operational burden. Methodologically, this involves 

conducting controlled tests with a representative group of users who perform specific, predefined tasks; subsequently, their 

responses to the SUS scale are collected, and the scores obtained are analyzed to establish the system’s level of acceptance 

and identify potential improvements. 

This instrument uses a 10-item Likert scale that provides an overall measure of a system’s usability. The odd-

numbered items (1, 3, 5, 7, and 9) are phrased positively, so they contribute positively to the score using the formula 

(response - 1), while the even-numbered items (2, 4, 6, 8, and 10) are phrased negatively, contributing using the formula (5 

- response). Next, the individual contributions of each item are summed, with a possible range of 0 to 40 points. Finally, the 

SUS score is obtained by multiplying this sum by 2.5, resulting in a scale of 0 to 100, where values above 68 indicate 

acceptable or good usability, and values above 80 are considered excellent. Demographic questions such as age, gender, 

program, and semester were also included, along with other questions to better contextualize the students’ responses. Table 

3 lists the questions used in the survey. 
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Table 3.  

Chatbot usability survey 

Section No. Item / Question Response Type 

Demographics 

1 Age Numeric 

2 Gender Female or Male 

3 Program of Study/Major Open  

4 Semester/Academic Year Numeric / Multiple Choice 

Context 

5 
How often do you use digital apps or tools to 

support your mental health? 

Never, Rarely, Sometimes, Almost 

always, Always 

6 
What is your overall comfort level when 

interacting with AI chatbots? 

Likert scale (1=Very uncomfortable to 

5=Very comfortable) 

7 
Have you previously received formal 

psychological or psychiatric support? 
Yes/No 

8 
How many times did you interact with the KAI 

chatbot during the trial period? 
Numeric 

Usability (SUS) 

9 I think I would like to use this system frequently. 

Likert scale (1=Strongly disagree to 

5=Strongly agree) 

 

10 I found the system unnecessarily complex. 

11 I thought the system was easy to use. 

12 
I think I would need help from a technical expert 

to use this system. 

13 
I found that the system’s various features were 

well integrated. 

14 
I think there were too many inconsistencies in this 

system. 

15 
I imagine most people would learn to use this 

system very quickly. 

16 I found the system very complicated to use. 

17 I felt very confident using the system. 

18 
I had to learn a lot before I could start using this 

system. 

 

Additionally, to validate the chatbot’s performance and recommendations among the special group of psychology 

students, an interview was structured in which these participants answered the following questions: 

● Given that the AI uses the DASS-21 assessment to generate the recommendation, is the result presented to the user 

perceived as truly personalized and consistent with the assessment? 

● If you were giving an initial recommendation, is there any relaxation tool that the chatbot does not include? 

● Is there any relaxation tool that should be replaced or modified in its description? 

● At what severity level (Normal, Mild, Moderate, Severe, or Extremely Severe) would you recommend that the 

chatbot stop providing tools and instead refer the student to campus wellness services? 

● Are any of the tool descriptions confusing or in need of modification for a non-expert user? 

● Is there any essential technique for the initial management of anxiety, stress, or depression that is missing from the 

list? 

● Do you know of any other technological application that does the same or something similar? If so, please specify it. 

● Additional Comments 

All questions were hosted on an online form to facilitate the consolidation and analysis of responses. Initially, a 

descriptive statistical analysis was conducted for each group for the post-test evaluation. This stage includes measures of 

central tendency, measures of dispersion, and graphs related to user behavior, the number of interactions with the platform, 

and the performance of the AI implemented to recommend therapies. This descriptive analysis allows us to observe usage 

trends and interpret the behavior of the algorithms under real-world conditions, so that functional aspects can be refined 

before final implementation [11]. Since SUS uses a Likert scale, the nonparametric Kruskal–Wallis test was applied to 

compare usability scores across the three universities. Data analysis was performed using the R programming language 

with the reshape2, effsize, dplyr, tidyr, psych, and ggplot2 packages. 

This study strictly adhered to ethical principles for research. The research protocol was reviewed and approved by the 

Ethics Committee of the participating educational institutions. The confidentiality and anonymity of the information 

collected via digital forms were guaranteed, ensuring that sensitive data related to mental health was handled securely and 

used solely for academic purposes. 

 

3. Results 
The following sections present the results of the descriptive and inferential statistical analysis of the data.  
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3.1. Descriptive Statistical Analysis 

Figure 1 shows the distribution of participants by gender at each of the universities included in the study. Unlike 

UNACH and UPEU, female participation predominates at UAP, while at UNACH and UPEU most participants are male. 

 

 
Figure 1.  

Number of responses by gender per university. 

 

Of the 77 participants from UAP, 87% (n=67) are students in the Psychology program, while the remaining 13% 

(n=10) are Systems Engineering students. Meanwhile, the participants from UNACH (n=15) and UPEU (n=20) are all 

Systems Engineering or Computer Science students. Figure 2 shows the percentage composition of the sample by academic 

semester at each institution. 

 

 
Figure 2.  

Percentage of participation by academic semester by university. 

 

Since these are higher education institutions, the participants’ ages range from 17 to 31 years. Given that 100% of the 

UPEU participants are first-semester students, there is less variability in this group compared to the other universities, 

whose participants are at different levels of study. The age distribution by university is reported in Figure 3. 
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Figure 3.  

Age by university. 

 

The survey instrument was used to assess the level of comfort with interacting with the chatbot. Figure 4 presents the 

percentage distribution of the comfort level reported by participants when interacting with the chatbot. Fifty percent of the 

participants (n=56) reported feeling “Comfortable,” while only 6.25% (n=7) reported feeling “Uncomfortable” or “Very 

uncomfortable.” 

 

 
Figure 4.  

Perception of comfort when using the chatbot. 

 

Of the 112 participants, 58.9% (n = 66) reported having received psychological and/or psychiatric support, a relevant 

aspect given that all participants evaluated the usability of the mental health-oriented chatbot. Regarding the use of the 

chatbot, most participants interacted briefly with the tool during the evaluation process. 58.0% (n = 65) reported a single 

interaction, and 19.6% (n = 22) indicated they had interacted twice. The remaining 22.3% recorded more than two 

interactions, indicating that a smaller group explored the system more thoroughly before providing their usability 

assessment. Figure 5 shows the distribution of SUS scores (0–100) by university using box plots. For each institution, the 

median, interquartile range, and extreme values are presented, along with the mean and standard deviation reported at the 

top of each graph. 
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Figure 5.  

SUS Scores by University. 

 

The internal consistency of the instrument was evaluated using Cronbach’s alpha coefficient, yielding a value of α = 

0.783, indicating adequate reliability of the scale in this sample. This result suggests that the instrument’s items exhibit a 

satisfactory level of internal consistency for measuring the chatbot’s usability. 

Figure 6 presents the frequency distribution of responses for each of the ten items comprising the SUS scale. There is a 

general trend toward favorable ratings of the system in the positive items (1, 3, 5, 7, and 9), where responses at levels 4 and 

5 predominate. In particular, items related to ease of use, quick learning, and confidence in use show a significant 

concentration in the high categories of the scale. Conversely, the negatively worded items (2, 4, 6, 8, and 10) show a higher 

concentration in the low categories (1 and 2), which is consistent with a reduced perception of complexity, inconsistency, 

or the need for technical support. 
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Figure 6.  

Responses to each of the SUS questions. 

 

The analysis of the responses to the open-ended questions posed to the UAP psychology focus group was conducted 

thematically and inductively. This type of analysis seeks similarities and differences within the dataset to identify 

interpretive patterns in a flexible and direct manner [12]. This form of analysis is suitable for capturing heterogeneous 

impressions of the same reality and opening the discussion to diverse interpretive frameworks. The flexibility of thematic 

analysis facilitates the identification of exceptional cases or singular data points that contrast with the interpretive patterns 

and thus help to understand, weigh, and make sense of them [13].  

The coding process yielded four emerging themes related to the chatbot’s usability. To ensure quality, verbatim quotes 

were used to support the interpretation of the findings and ensure the representativeness of the voices of the trainee experts.  

The first theme concerns the consistency and personalization of the diagnosis. This theme addresses the question: Is 

the result presented to the user perceived as truly personalized and consistent with the DASS-21 diagnosis? Regarding this 

theme, participants expressed mixed perceptions about the AI’s ability to reflect their emotional state: “Actually, yes, it is 

consistent with each person’s responses.” “It feels pretty accurate.” “I feel like it’s very easy to manipulate the data if you 

know what’s being asked; it doesn’t help provide real insight.” “Sometimes the recommendations are very general or 

generic.” 

The second theme concerns the relevance and adequacy of the relaxation tools recommended by the chatbot. This topic 

addresses the questions: Are there any tools that KAI doesn’t include? and Is there any essential tool missing for managing 

anxiety, stress, or depression? The students identified technical gaps and proposed additions to the chatbot’s repertoire: 

“There should be a few more for depression since I felt that almost all of them were for anxiety.” "I would recommend the 

4-step breathing technique." "I would include techniques such as walking, resting, words of encouragement, or talking to 

someone close to you." "I would recommend a more tactful approach when presenting the results, as they can sound 

somewhat alarming." 
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The third topic addresses the thresholds for safety and professional referral. This topic addresses the question: At what 

level of severity would you recommend that the chatbot stop providing tools and instead refer the user to campus wellness 

services? The students’ responses reflect a consensus on the limits of automated intervention: “Starting at the moderate 

level, it should stop providing tools so that the professional can take the initiative.” "At severe and extremely severe levels, 

mandatory referral is necessary." "A person with depression or anxiety sometimes does not seek help on their own; the bot 

should facilitate that direct contact." "I believe that at the moderate level, referral to university wellness services should 

already occur." 

The final topic concerns the evaluation of the interface and the user experience within the system. This topic addresses 

questions regarding: relaxation tools that need to be replaced, and additional comments. Students' comments focused on 

ease of use and barriers to access: "The fact that it asks you to create a profile or Google account right from the start 

discourages you from using it." "It’s innovative, and I think it could be very useful for many people." "The app ‘throws’ you 

to the end of the message; there should be an easier way to go back to the beginning." "I suggest that the questions be more 

specific to the current moment or the current week." 

 

3.2. Inferential Statistical Analysis 

The nonparametric Kruskal–Wallis test was performed to compare usability scores among the three universities. The 

results indicate statistically significant differences between the groups,𝐻(2) = 30.1 ,𝑝 < .001 . The effect size was large 

(𝜂𝐻
2 = 0.258 ), indicating that approximately 25.8% of the variability in usability scores is associated with the university of 

origin.  

Post hoc analysis using the Dunn test with Holm correction showed that UPEU had significantly lower scores than 

UAP (𝑝 < .001 ) and UNACH (𝑝 < .001 ). No significant differences were found between UAP and UNACH (𝑝 = .537 ). 

Thus, the results indicate that the perceived usability of the system is significantly lower at UPEU compared to the other 

two universities, which show similar levels of perceived usability. 

 

4. Discussion 
The main objective of this research was to evaluate the use and utility of KAI as a generative AI-based chatbot for 

mental health support among university students in Latin America. Through the implementation, it was determined that the 

tool is not only technologically viable but that students perceive it as an accessible resource for emotional self-

management. The integration of structured protocols allowed for a positive response in user-machine interaction, thus 

fulfilling the purpose of identifying how these technologies can act as a first level of care or triage within the university 

well-being ecosystem.  

A notable finding of this research was the discrepancy between the general use of AI and its specific application in 

mental health. Although participants reported a high frequency of using tools such as ChatGPT for academic purposes, its 

use for emotional support was significantly lower. This phenomenon is closely related to the findings of Rackoff, et al. [4] 

who reported that, although nearly half of college students use chatbots, only a small percentage (5–8%) use them to seek 

psychological help. This suggests that, in both the Latin American and U.S. contexts, skepticism persists regarding the 

therapeutic capacity of AI compared to traditional psychotherapy, posing a challenge for large-scale implementation. 

The research also revealed that the main benefits perceived by students are anonymity and immediate availability, 

which reduce the barriers of social stigma. In this regard, the data aligns with the concept of “pocket doctors” proposed by 

Mina, et al. [6] who argue that in societies where mental health or certain health issues are taboo, AI offers a safe and 

judgment-free space. This perception is fundamental, since, as Reichenpfader, et al. [2] indicate, a chatbot’s ability to 

provide evidence-based responses and 24/7 access is a critical requirement for students to trust these digital tools as a 

viable complement to university counseling services. 

Additionally, a positive impact was observed on the perception of social support and a reduction in feelings of 

loneliness among frequent users. This finding aligns with the study by Kim, et al. [14] on the therapeutic potential of social 

chatbots to alleviate social anxiety and loneliness through empathetic communication. Furthermore, the effectiveness of 

these interventions in this study appears to be mediated by the user’s context; as Wang, et al. [1] note, factors such as 

financial stress can moderate the effectiveness of AI-based therapy, underscoring the need for college chatbots to be 

sensitive to the socioeconomic realities of the region. 

Despite the benefits observed in managing mild and moderate symptoms, it is important to emphasize that generative 

AI chatbots are not a substitute for professional human intervention in scenarios of acute crisis or severe suicide risk. This 

finding is consistent with the warnings of Reichenpfader, et al. [2] who identify the management of emergency responses as 

a non-negotiable technical and ethical requirement for any digital mental health tool aimed at students. The literature agrees 

that, while AI can act as a 'pocket doctor' for wellness consultations [6] it lacks the clinical judgment necessary to conduct a 

lethal risk assessment. In this regard, our results align with the position of  Reyes-Portillo, et al. [15] who suggest that the 

real utility of these tools lies in their function as triage systems or complementary support, where the programming of 

robust safety protocols must ensure immediate referral to human emergency services upon the detection of suicidal 

ideation. 

Regarding perceived usability, the results indicate significant variations depending on the students’ academic program. 

It was observed that students in technical and engineering fields reported greater ease of use and more intuitive navigation 

compared to their peers in the social sciences and arts. This trend is consistent with the findings of Reichenpfader, et al. [2] 

who note that prior familiarity with technological interfaces and AI literacy are critical prerequisites that shape the user 



 
 

               International Journal of Innovative Research and Scientific Studies, 9(6) 2026, pages: 10-20
 

19 

experience. In this regard, usability depends not only on interface design but also on the digital competence inherent to the 

student’s academic profile, which facilitates a smoother adoption in fields accustomed to using algorithmic tools. 

On the other hand, a high perception of usefulness was observed among Psychology and Systems students, who 

highlighted the system’s 24/7 availability and the immediacy of its responses. When comparing these findings with the 

study by Mina, et al. [6] it is confirmed that students in disciplines with a heavy academic workload prioritize the chatbot’s 

ability to offer anonymous support and structured responses during times of crisis. This suggests that, although technical 

usability is higher among students in technology-related fields, pragmatic usability—understood as the effectiveness in 

meeting a specific need—is common across different programs. Such effectiveness depends on the tool integrating 

evidence-based protocols and empathetic communication, aspects also highlighted by Kim, et al. [14] in their analysis of 

the potential of social chatbots. 

Although the results of this study are promising, some limitations are also evident. One of them lies in the exclusive 

use of self-report instruments to measure complex variables such as perceived utility and emotional well-being. These 

measures are susceptible to social desirability bias, where students may have reported a more positive perception to meet 

the study’s implicit expectations. Likewise, the concept of “usability” may have been influenced by the participants’ prior 

digital literacy, making it difficult to isolate whether acceptance was due to the chatbot’s intrinsic characteristics or the 

user’s technological competence. 

Furthermore, due to the scope of this study, which was more oriented toward the descriptive analysis of the collected 

data, it was not possible to establish a causal relationship between the use of the chatbot and changes in students’ mood. 

The lack of a randomized control group prevents us from ruling out the influence of extraneous variables, such as changes 

in academic workload, external social support, or seasonal events on the university calendar, which could have affected the 

results independently of the technological intervention. This is an aspect considered for future work. 

The representativeness of the findings is limited by the size and nature of the sample, which focused on students in 

specific programs (Psychology and Systems) within a particular geographical context in Latin America. Consequently, the 

results cannot be generalized to the global university population, to students in other disciplinary areas with different stress 

levels, or to individuals outside the higher education system. 

Additionally, the cross-sectional nature of the study limits the observation of long-term effects, preventing us from 

determining whether the perceived utility and reduction in symptoms are sustainable over time or whether they result from 

a novelty effect due to the use of generative AI. Furthermore, the sample size may not have been sufficient to identify 

subtle statistical differences between subgroups, suggesting that the conclusions should be interpreted as preliminary trends 

requiring validation in larger-scale longitudinal studies. 

 

5. Conclusions and Future Work 
This research demonstrates that the implementation of the KAI chatbot, based on generative AI, constitutes a viable 

and highly acceptable technological tool for mental health support in the university setting in Latin America. The results 

obtained through the SUS scale, with usability rated as outstanding and reliable internal consistency (alpha = 0.783), 

confirm that the system is intuitive, secure, and easy for students to learn. By integrating the DASS-21 psychometric 

assessment with personalized recommendations, the chatbot effectively functions as a first-contact or triage resource, 

enabling the timely identification of symptoms of stress, anxiety, and depression. 

Likewise, the study highlights the importance of automated safety protocols, which suspend the chatbot’s intervention 

and mandatorily refer students to professional services when critical severity levels are detected. However, the significant 

variability in usability perception across different institutions suggests that contextual factors, such as the level of training 

and the digital culture of each academic program, influence the adoption of these tools. In conclusion, although generative 

AI does not replace traditional psychotherapy, it represents a scalable, low-cost complement to strengthen student well-

being strategies. 

As future lines of research, we identify the need to expand the repertoire of emotional intervention techniques, 

incorporating a greater number of specific tools for managing depression and refining their descriptions to improve 

diagnostic clarity. It is essential to explore mechanisms that reduce initial access barriers, such as the requirement for 

Google accounts, which may discourage anonymous and confidential use of the platform. Additionally, it is suggested to 

implement features that allow for smoother bidirectional navigation, making it easier for users to return to the system’s 

home screen after receiving recommendations. 

Finally, future research should focus on longitudinal studies to assess the chatbot’s actual impact on reducing clinical 

symptoms in the long term. It is also recommended to integrate more advanced natural language processing (NLP) 

capabilities that allow the system to proactively detect crisis risks during free-form interaction, and not just through 

structured tests. Expanding this model to other geographic areas and academic disciplines will allow for the validation of its 

robustness and the adaptation of content to the specific needs of diverse university populations. 
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