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Abstract. The study aimed to assess how digital tutoring systems with emotional support functions affect students’
academic stress in the context of Spanish higher education. The study was conducted using a quasi-experimental design
with pre-and post-tests in the control and experimental groups. Initial measurements revealed a prevalence of moderate
and high levels of academic stress among the study participants. Following the conclusion of the experiment, a reduction in
academic stress, academic anxiety and emotional exhaustion was observed in the experimental group, whilst no significant
changes were found in the control group. In the experimental group, the proportion of students with high academic stress
decreased from 33.3% to 12.5%, while the mean stress score fell from 3.69 to 2.81 points. A high level of agreement was
found between algorithmic recognition of emotional state and students’ self-assessments, amounting to 86.3%. The highest
ratings were given to the functions explaining the learning material, step-by-step recommendations and brief emotional
check-ins. A statistically significant inverse relationship was found between the regularity of artificial intelligence tutor use
and the level of academic stress (Pearson’s correlation coefficient r =-0.62; p <0.001). Regression analysis showed that the
greatest contribution to reducing academic stress came from the regularity of digital tutor use, the initial level of academic
stress, and trust in the recommendations of artificial intelligence systems. The practical significance of the study lies in
substantiating the feasibility of using AI tutors and emotional support systems to support students’ independent study,
reduce academic stress and improve digital support within the university educational environment
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INTRODUCTION

Universities were increasingly using artificial intelligence
(AI) tutors to personalise learning, provide prompt feed-
back and support students’ independent study. However,
academic workload, deadlines, assessment and the need
for constant self-organisation remain sources of stress that
affect students’ motivation to learn, their engagement and
their ability to work effectively on educational tasks. There
was therefore a need to examine whether Al tutors can ful-
fil a supportive role in the learning process and contribute
to students’ emotional self-regulation. Exploring this topic
makes it possible to determine the feasibility of integrating
mood recognition algorithms and digital emotional sup-
port into university learning platforms as a means of re-
ducing academic stress.

In the academic literature, the issue of using artifi-
cial intelligence in higher education has been examined
from various perspectives. P. Gonzalez-Rico & M. Lluch
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Sintes (2024) had reported that combining personalised
mentoring with artificial intelligence tools contributed to
the development of self-organisation, communication and
responsible decision-making skills. The authors noted that
personalised recommendations enabled students to man-
age their study workload more effectively and adapt more
quickly to the demands of the educational environment.
A. Hajeer et al. (2024) had examined students’ perceptions
of artificial intelligence tutors in higher education insti-
tutions in Spain and Hungary. The data revealed that the
majority of participants viewed the possibility of receiving
prompt feedback and personalised recommendations pos-
itively. Another aspect had been highlighted by H. Galin-
do-Dominguez et al. (2024), who had recorded a high level
of readiness among Spanish educators to use artificial in-
telligence tools. The researchers concluded that the greatest
potential of such technologies lay in the personalisation
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of the educational process and the adaptation of learning
content to students’ individual characteristics. J.-M. Agua-
do-Garcia et al. (2025) had summarised the results of nu-
merous studies on the use of artificial intelligence in high-
er education. The authors noted that the most consistent
positive results were observed in the areas of personalised
learning, automated student support and educational data
analytics. The study by L.M.G. Gallastegui & R.R. Forradel-
las (2024) had demonstrated that predictive artificial intel-
ligence models enabled the forecasting of learning difficul-
ties and risks of academic failure. The study’s findings had
indicated the possibility of early identification of students
requiring additional support. The authors had emphasised
the importance of integrating predictive mechanisms into
digital educational systems.

A systematic review by J.P. Lopez-Goyez et al. (2024)
had demonstrated a steady increase in the number of
studies devoted to intelligent learning systems. A syn-
thesis of the available findings showed that such systems
contributed to improved learning outcomes and great-
er personalisation of the educational process. S.E. Vaca
Zambrano et al. (2025) had reported a positive impact of
personalised learning on students’ engagement with the
educational process. The findings indicated an improve-
ment in individual learning pathways and an increase in
the level of academic engagement. However, the authors
did not examine the link between personalisation and stu-
dents’ emotional state. D. Rodriguez Cairo & Y. Ramirez
Echavarria (2023) had found that the use of intelligent
tutoring systems was accompanied by an improvement
in the quality of academic support and the availability of
advisory assistance. The researchers noted a reduction in
response times to learning enquiries and improved ac-
cess to educational resources. The main focus, however,
was on educational outcomes rather than the psycholog-
ical consequences of using such technologies. A study by
H.H. Ariza (2026b) had demonstrated that the introduc-
tion of artificial intelligence tutors contributed to greater
personalisation of learning and increased the effectiveness
of educational interaction. The author concluded that
adaptive recommendations enabled students to plan their
own learning activities more effectively. The question of
how such solutions had affected levels of academic stress
remained outside the scope of the analysis. J.R. Hernan-
dez-Herrera et al. (2026) had found that AI-based adap-
tive learning systems allowed for a more flexible approach
to addressing students’ individual educational needs. The
results demonstrated an increase in the level of person-
alisation and an improvement in indicators of learning
interaction. At the same time, the authors did not investi-
gate the potential for using emotional state analysis algo-
rithms in an educational setting.
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The analysis carried out showed that previous studies
had predominantly focused on the personalisation of learn-
ing, adaptive student support mechanisms, the prediction
of educational outcomes, and the evaluation of the effective-
ness of Al tutors. Issues relating to academic stress, emo-
tional well-being and the functioning of mood recognition
algorithms in higher education were considered much less
frequently. The interrelationships between the use of Al
tutors, digital emotional support and changes in students’
academic stress indicators remained understudied. Further-
more, there was limited empirical data on the effectiveness
of integrating the educational and support functions of arti-
ficial intelligence into the university environment in Spain.

The aim of the study was to determine the impact of
Al tutors with emotional state recognition and digital emo-
tional support functions on the level of academic stress
among university students in Spain. To achieve this aim,
the following research objectives were set: to characterise
the sample of study participants and establish the baseline
level of academic stress among students; to determine the
impact of Al tutors and emotional support systems on indi-
cators of academic stress, academic anxiety and emotional
exhaustion; to evaluate the effectiveness of mood recogni-
tion algorithms, identify patterns in the use of Al support
functions, and determine the factors associated with a re-
duction in students’ academic stress.

MATERIALS AND METHODS

The study used a quasi-experimental design with pre- and
post-testing in experimental and control groups from
March to May 2026. The eight-week experiment involved
240 full-time undergraduate students aged 18-24 from the
Universidad Complutense de Madrid, the Universitat de
Barcelona and the Universidad de Valencia. Participants
used university learning platforms and provided informed
consent. Students receiving psychological treatment or
regularly using Al tutors were excluded. Each universi-
ty recruited 80 students, who were allocated to groups by
university, year of study and specialisation. The experimen-
tal group used Khanmigo (n.d.), Wysa (n.d.) and Woebot
Health (n.d.) at least three times weekly, while the control
group used standard digital resources. Al use was meas-
ured through platform logs.

Empirical data were collected using two author-de-
signed questionnaires. The first measured academic stress,
academic anxiety and emotional exhaustion; the second
was completed after the experiment and assessed satisfac-
tion with AI tutors and digital support. Internal consistency
was checked using Cronbach’s alpha: a=0.84 and a=0.87,
respectively. The first questionnaire included socio-demo-
graphic items and statements on stress, anxiety, exhaustion
and independent study (Table 1).

Table 1. Academic stress questionnaire used in the study

Statement

Measured indicator

I find it difficult to start working on academic tasks without external assistance.

Learning autonomy

A large number of deadlines creates a constant feeling of pressure.

Academic stress
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Table 1. Continued

Statement

Measured indicator

I experience strong anxiety before examinations or tests.

Academic anxiety

I find it difficult to maintain concentration while completing academic tasks.

Concentration

I tend to postpone major assignments until the last days before the deadline.

Procrastination

My academic workload causes emotional fatigue.

Emotional exhaustion

After several hours of studying, find it difficult to remain productive.

Cognitive fatigue

I confidently plan and organise my study time.

Self-organisation

I quickly recover my ability to concentrate after intensive studying.

Self-regulation

The learning process was often accompanied by a feeling of psychological exhaustion.

Psychological exhaustion

Source: compiled by the author

All statements were assessed on a five-point Lik-
ert scale, from 1, “strongly disagree’, to 5, “strongly
agree”. Higher scores indicated greater expression of the
measured indicator. The survey was completed remote-
ly through digital forms on university learning plat-

baseline questionnaire was administered before the in-
tervention and took about 12 minutes. After eight weeks,
all students completed the same questionnaire again.
The experimental group also assessed the usefulness of
Khanmigo (n.d.), Wysa (n.d.) and Woebot Health (n.d.)

forms after informed consent had been provided. The

functions (Table 2).

Table 2. Al support satisfaction questionnaire used in the study

Statement

Measured indicator

Khanmigo explanations helped understand learning material more quickly.

Perceived usefulness of academic explanations

Step-by-step recommendations made it easier to complete complex tasks.

Task-structuring support

Wysa emotional check-ins helped assess my current emotional state.

Emotional self-assessment

Wysa recommendations helped restore concentration during studying.

Concentration recovery

Dialogues with Woebot Health helped better understand the causes of academic tension.

Emotional reflection

Using digital tutors reduced the time needed to find relevant information.

Time efficiency

I trusted the recommendations generated by artificial intelligence systems.

Trust in AI recommendations

The use of Al made the organisation of learning more convenient.

Learning organisation

I am willing to use such systems in my further studies.

Intention to continue use

Opverall, it was satisfied with the use of AI support.

Overall satisfaction

Source: compiled by the author

Statistical analysis included absolute and relative fre-
quencies, means, standard deviations and 95% confidence
intervals. Pre- and post-test indicators were compared
using the paired t-test or, where normality was not con-
firmed, the Wilcoxon test. Between-group differences were
assessed using the Mann-Whitney U-test and Fisher’s ex-
act test. Pearson’s coefficient was used for correlation anal-
ysis, and multiple regression with Wald’s test was applied
to examine selected predictors. Statistical significance was
set at p <0.05. Agreement between Al-based emotion rec-
ognition and students” self-assessments was calculated in
the experimental group. Four categories were used: calm,
stressed, anxious and emotionally exhausted. Matching Al
and student classifications were expressed as a percentage
of all completed check-ins. Participants also rated academ-
ic explanations, step-by-step recommendations, emotion-
al check-ins, reflective dialogues and motivational mes-
sages on a five-point usefulness scale. The study followed
the Code of Ethics of the American Sociological Associ-
ation (2025), the ICC/ESOMAR International Code of
Conduct for Market, Public and Social Research and Data
Analysis (2025) and the Guidelines on Ethics and Data
Protection (European Commission, 2021). Participation
was voluntary and required electronic informed consent.
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Students received information on the study purpose, du-
ration, collected data and withdrawal rights. Personal data
were anonymised before analysis, and results were reported
in aggregated form. The study was limited to three Span-
ish universities, an eight-week intervention and self-report
measures, which were considered when interpreting the
results. The study was limited by the inclusion of students
from three Spanish universities, the eight-week interven-
tion period and the use of self-report questionnaires.

RESULTS AND DISCUSSION
Baseline characteristics of the sample and indicators
of academic stress among students
The initial stage of the study focused on the composition
of the sample and the baseline measurement of academic
stress, academic anxiety and emotional exhaustion before
the introduction of Al-based support tools. The study in-
cluded 240 students enrolled at three Spanish universities.
For further analysis, the overall sample was distributed ac-
cording to year of study, academic specialisation and study
group. Students from the three universities were allocated
equally between the experimental and control groups: each
institution contributed 40 students to the experimental
group and 40 students to the control group (Table 3).
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Table 3. Distribution of study participants by year of study, academic specialisation and study group

Variable Category N %
First year 58 24.2
Second year 61 254
Year of stud
car ot Sy Third year 63 26.3
Fourth year 58 24.2
Education 72 30.0
. . Psychology 56 23.3
A 1
cademic specialisation Humanities =3 242
Social Sciences 54 225
Study group Experimental group 120 50.0
Control group 120 50.0
Total sample All participants 240 100.0

Source: compiled by the author

The distribution of participants showed that all years
of study and academic specialisations were represented in
the sample. First-year students accounted for 58 partici-
pants (24.2%), second-year students for 61 (25.4%), third-
year students for 63 (26.3%) and fourth-year students for
58 (24.2%). By academic specialisation, the largest group
consisted of students enrolled in Education programmes,
with 72 participants (30.0%). Psychology programmes
were represented by 56 students (23.3%), Humanities by 58

students (24.2%) and Social Sciences by 54 students (22.5%).
The experimental and control groups each comprised 120
participants. The mean age of the students was 20.8 years
(SD =1.7). Before the intervention, the baseline indicators
of the experimental and control groups were compared.
This comparison was conducted to determine whether the
groups had similar initial levels of academic stress, aca-
demic anxiety and emotional exhaustion before the use of
Al-based academic and emotional support tools (Table 4).

Table 4. Baseline indicators of academic stress, academic anxiety and emotional exhaustion
in the experimental and control groups

Indicator Experimental group M (SD) Control group M (SD) p-value
Academic stress 3.69 (0.60) 3.65 (0.62) >0.05
Academic anxiety 3.60 (0.57) 3.56 (0.58) >0.05
Emotional exhaustion 3.22 (0.55) 3.20 (0.56) >0.05

Note: values were presented as mean scores and standard deviations on a five-point Likert scale. Differences between the experimental

and control groups were not statistically significant at a=0.05
Source: compiled by the author

The baseline values showed no statistically significant
differences between the experimental and control groups.
This indicated that both groups had comparable initial
indicators of academic stress, academic anxiety and emo-
tional exhaustion before the intervention. Therefore, sub-
sequent changes could be analysed without attributing
them to unequal starting conditions. Following the base-
line comparison of the experimental and control groups,
the overall distribution of participants according to levels
of academic stress was examined. The analysis showed
that academic stress was widespread among the students
included in the study. More than half of the participants
demonstrated a moderate level of academic stress (51.7%,
n = 124), while nearly one-third exhibited a high level of
academic stress (32.5%, n =78). In contrast, only 15.8%

of students (n=38) were classified as having a low level of
academic stress. The predominance of moderate and high
stress levels indicated that academic stress represented a
common feature of the students’ educational experience
at the beginning of the study. These findings character-
ised the baseline condition of the sample prior to the im-
plementation of Al-based academic and emotional sup-
port tools and provided a reference point for evaluating
subsequent changes during the intervention. The next
stage of the baseline analysis concerned the academic ac-
tivities most often associated with stress. The assessment
included deadlines and accumulation of assignments,
examination preparation, difficulties in self-organisa-
tion, interaction with instructors and work in academic
groups (Table 5).

Table 5. Structure of academic stress factors at the initial stage

Academic stress factor Mean score (M) SD
Deadlines and accumulation of assignments 4.12 0.58
Examination preparation 3.94 0.63
Difficulties in self-organisation 3.51 0.67

Educational Innovation & Technology Journal Vol. 2, No. 1, 2026
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Table 5. Continued

Academic stress factor Mean score (M) SD
Interaction with instructors 2.83 0.71
Work in academic groups 2.67 0.74

Note: scores were presented as mean values on a five-point Likert scale, where 1 indicates the lowest manifestation of the factor and 5

indicates the highest. SD = standard deviation
Source: compiled by the author

The highest mean scores were recorded for deadlines and
accumulation of assignments (M =4.12; SD = 0.58), exami-
nation preparation (M =3.94; SD =0.63) and difficulties in
self-organisation (M =3.51; SD =0.67). Lower scores were re-
corded for interaction with instructors (M =2.83; SD=0.71)
and work in academic groups (M =2.67; SD =0.74). These
results showed that academic stress at the initial stage was
mainly associated with the organisation of individual learn-
ing activity, preparation for assessment and the distribution
of workload before deadlines. After the baseline stage, stu-
dents in the experimental group were provided with access
to Al-based academic and emotional support tools. Khan-
migo was used to explain learning material, clarify complex
topics, ask guiding questions and support students in solving
academic tasks independently. Wysa and Woebot Health
were used for emotional check-ins, short self-regulation ex-
ercises and reflective dialogues related to anxiety, fatigue and
loss of concentration. The control group continued studying
without these digital support tools. This organisation of the
intervention made it possible to compare subsequent chang-
es in academic stress, academic anxiety and emotional ex-
haustion between students who used Al-based support and
students who followed the usual learning process. Before
comparing the indicators of the experimental and control
groups, it was useful to compare the proportion of students
with different levels of academic stress. This presentation
made it possible to assess the homogeneity of the groups
in terms of the distribution of participants with low, medi-
um and high levels of academic stress even before the use
of Al tutors and emotional support systems began (Fig. 1).

& 60 50.8 52.5
€50 .
< 10 W Experimental
2 333 317  Group (%)
« 30 Control
E 20 15.8 15.8 Group (%)
-
“ 0

Low Medium High

Academic Stress Level

Figure 1. Comparison of initial levels of academic stress

in the experimental and control groups
Note: the data were presented as a percentage of the total
number of participants in each group (n=120). The proportion
of students with low, medium and high levels of academic stress
was calculated separately for the experimental and control
groups prior to the introduction of AI tutors. No statistically
significant differences were found between the groups (p > 0.05)
Source: compiled by the author
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The distribution of participants by year of study, de-
gree programme and university showed no statistical-
ly significant differences between the experimental and
control groups. The results of Fisher’s exact test for the
main categorical indicators did not reach the established
significance level. This confirmed that the groups were
comparable at the start of the experiment. Initial meas-
urements also showed that academic stress was common
among a significant proportion of students. Moderate and
high levels of academic stress predominated in the sam-
ple, while low stress was recorded in a smaller proportion
of participants. Baseline indicators of academic anxiety
and emotional exhaustion also remained at a level that
allowed further assessment of changes during the inter-
vention. Thus, the results of the initial stage confirmed the
balance of the sample and the absence of statistically sig-
nificant differences between the experimental and control
groups before the use of Al-based academic and emotion-
al support tools.

The impact of AI tutors and emotional support systems
on students’ academic stress

Following the eight-week period of using Al tutors, chang-
es were observed not only in the quantitative indicators
of academic stress but also in the nature of the students’
study habits. Participants in the experimental group more
frequently reported a more organised allocation of study
time, fewer instances of leaving tasks until the last few
days, and a reduced need to seek additional explanations
independently after working through the study materi-
al. The results indicated that the use of Khanmigo (n.d.),
Wysa (n.d.) and Woebot Health (n.d.) influenced not only
the subjective perception of the academic workload but
also specific components of learning behaviour that had
previously been associated with the onset of academic
stress. Eight weeks after the start of using the digital tools,
the average level of academic stress in the experimental
group fell from 3.69 to 2.81 points (SD =0.56; p <0.001).
The changes were fairly uniform across students from
different universities and year groups, indicating that the
observed effect was not dependent on the specific edu-
cational environment. Above all, the aspects of academic
activity that had created the greatest burden at the ini-
tial stage were the ones that changed. Students reported
fewer instances were having to complete several written
assignments simultaneously led to a loss of control over
the learning process. Some participants noted that, after
using Khanmigo, complex topics became easier to work
through without having to refer to external information



resources. The explanation of the learning material in a
dialogue format allowed misunderstandings of individual
concepts to be cleared up more quickly, so re-reading the
same sections became less common. There were also no-
ticeable changes in how study time was planned. Whilst at
the start of the study a significant proportion of students
completed tasks without a clear time allocation, after the
experiment concluded, participants more frequently re-
ported using short study sessions, regularly checking their
progress, and tackling large projects in stages. This helped
to reduce the workload in the run-up to deadlines (Fig. 2).

=z 4 3.69
g 35 ~ a decrease of 0.88 points (23.8%)
]
g5 3 T~281
> »
5 g 25
%32 2
= .9
g E 1.5
<g 1
[++]
2 0.5
S
o
Before using Al After 8 weeks

tutors (baseline)  of Al tutor use

Figure 2. Change in the average level of academic stress
in the experimental group before
and after using Al tutors

Note: the diagram shows the mean academic stress scores
of students in the experimental group before the start of Al
tutor use (M = 3.69; SD = 0.60) and after eight weeks of use
(M =2.81; SD=0.56). The reduction in the mean score was 0.88
points (23.8%). A statistically significant difference between
the measurements was confirmed by Student’s t-test for paired
samples (p <0.001)

Source: compiled by the author

Individual responses from students showed that
Khanmigo was used primarily as a support tool whilst
carrying out specific learning activities. Students en-
tered a section of a problem, asked for an explanation
of the sequence of steps to solve it, clarified the mean-
ings of individual concepts from the lecture material,
and checked whether had constructed their own line of
reasoning correctly. In some cases, the tutor was used
to break down a large task into shorter stages: identi-
fying the first step, drawing up a plan for the answer,
checking an interim result and formulating a final con-
clusion. Such actions reduced the number of repeated
attempts at the same task, as students received explana-
tions the moment, encountered difficulties. Most often,
this related to preparation for tests, written assignments
and group projects, where it was necessary to quickly
understand the requirements, clarify the logic of the
answer or check the sequence of reasoning. The results
showed that it was not the automation of learning itself
that contributed to a reduction in academic stress, but
rather the availability of personalised explanations and
the opportunity to receive feedback whilst carrying out
learning tasks. The interpretation of these results was
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further supported by A. Mehrad et al. (2025), who had
examined educational stress and the use of artificial in-
telligence tools among international students in Span-
ish higher education. Their findings had shown that Al
tools could function not only as academic resources, but
also as means of reducing uncertainty, language-related
difficulties and adaptation problems within an unfamil-
iar institutional environment. This position was relevant
to the study, since the decrease in academic stress was
connected not only with lower workload pressure, but
also with students’ greater ability to organise everyday
learning practices. This interpretation was also consist-
ent with the approach proposed by R. Sajja et al. (2024),
who had developed an artificial intelligence-enabled as-
sistant for personalised and adaptive learning in higher
education. Their model had combined accessible expla-
nations, knowledge assessment, personalised learning
pathways, quizzes and flashcards as means of reducing
cognitive load. A similar mechanism was observed in
the study: Khanmigo helped students clarify complex
concepts, check the logic of their reasoning and divide
larger tasks into shorter stages. Therefore, the reduc-
tion in academic stress was associated not with the au-
tomation of learning, but with the availability of adap-
tive support at the moment when students encountered
difficulty. Comparable conclusions had been reached
by FA. Flores Limo et al. (2023), who had examined
ChatGPT as a virtual tutor for personalised learning ex-
periences, and by G. Sornavalli et al. (2025), who had
considered artificial intelligence as a tool for adapting
learning support to students’ pace, difficulties and indi-
vidual educational needs. In the study, this function was
reflected in students’ use of Khanmigo for explanations,
task sequencing and feedback during independent work.
These forms of support helped maintain control over the
learning process, especially when several assignments
or assessments had to be managed simultaneously. The
behavioural dimension of these changes corresponded
to the case study by A. Baillifard et al. (2025), in which
effective learning with a personal AI tutor had been an-
alysed through the interaction between individualised
assistance and students’ learning strategies. The au-
thors had shown that personal Al tutoring was linked to
timely explanations, active work with tasks and support
during the learning process. In the study, this relation-
ship was reflected in the transition from irregular task
completion to shorter study sessions, interim progress
checks and staged work on larger assignments. Thus, the
decrease in academic stress was connected with changes
in learning behaviour rather than with the isolated use
of digital explanations. Before comparing the results, the
average academic stress scores in the experimental and
control groups were compared following the conclusion
of the experiment. This made it possible to assess wheth-
er the use of Al tutors was accompanied by statistically
significant changes compared with students who studied
without digital emotional support (Table 6).

Educational Innovation & Technology Journal Vol. 2, No. 1, 2026
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Table 6. Comparison of academic stress indicators in the experimental and control groups
after the experiment had concluded

Indicator Experimental group (N =120) Control group (N=120) Statistical test p-value

Mean academic stress score, M (SD) 2.81 (0.56) 3.57 (0.60) U=4638 <0.001
Students with low stress, n (%) 68 (56.7) 24 (20.0) Fisher’s exact test | <0.001
Students with moderate stress, n (%) 37 (30.8) 61 (50.8) Fisher’s exact test | <0.001
Students with high stress, n (%) 15 (12.5) 35(29.2) Fisher’s exact test |  0.002

Note: M =mean; SD =standard deviation. Academic stress was assessed using a five-point Likert scale. Differences between groups were

evaluated using the Mann-Whitney U test for continuous variables and Fisher’s exact test for categorical variables. Statistical significance

was established at a=0.05
Source: compiled by the author

The results showed that, after eight weeks of us-
ing Al tutors, the experimental group was characterised
by a lower average level of academic stress and a high-
er proportion of students with low levels of academic
stress compared to the control group. At the same time,
the number of participants with high levels of academic
stress in the experimental group decreased significantly.
The observed differences between the experimental and
control groups were consistent with the conclusions of
X. Zhang et al. (2025), who had examined the effective-
ness of Al-powered tutoring systems in improving learn-
ing outcomes. The study had shown that personalised
instruction, timely feedback and adaptation to students’
needs could support academic progress. In the research,
these mechanisms were reflected not only in the organi-
sation of learning activities, but also in lower stress indi-
cators among students who regularly used Al tutors. This
suggested that the effect of Al tutoring was not limited to
academic performance, since it also helped stabilise study
behaviour, reduce uncertainty and ease deadline-related

56.7
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o o

30.8
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—_
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Number of students, %
o S

Medium
Levels of academic stress

Low

pressure. The experimental nature of these results may
also be considered in relation to G. Kestin et al. (2025),
who had evaluated AI tutoring through a randomised
controlled trial in an authentic educational setting. Their
study had shown that a research-based AI tutoring design
could produce stronger learning outcomes than in-class
active learning. Although the study focused on academic
stress rather than achievement, both studies demonstrat-
ed the value of AI support under conditions close to or-
dinary higher education practice. In this research, the ad-
vantage of the experimental group was expressed through
lower stress scores, a higher proportion of students with
low stress and fewer reports of deadline-related overload.
Upon completion of the experiment, it was appropriate to
compare the distribution of students by levels of academic
stress in the experimental and control groups. This com-
parison made it possible to assess how the proportion of
participants with low, medium and high levels of academ-
ic stress had changed after eight weeks of using AI tutors
and emotional support systems (Fig. 3).

292 B Experimental group (after 8 weeks)
12.5 Control group (after 8 weeks)
High

Figure 3. Comparison of academic stress levels in the experimental and control groups after the experiment concluded
Note: the diagram shows the distribution of students in the experimental (n=120) and control (n=120) groups by levels of academic
stress following the completion of the eight-week experiment. Levels of academic stress were determined according to three categories
based on the total score on the Likert scale: low (1.00-2.33 points), medium (2.34-3.66 points) and high (3.67-5.00 points). Differences
between the groups were statistically significant according to Fisher’s test (p <0.05)

Source: compiled by the author

Differences were also evident in the way learning tasks
were carried out. Students in the control group reported
significantly more often that had a backlog of unfinished
work, that had to work in the evenings before deadlines,
and that had difficulty concentrating whilst preparing for
tests. Participants in the experimental group, by contrast,
more often noted that completed tasks gradually, used
Khanmigo’s recommendations to structure the learning
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material, and were less likely to revisit exercises had al-
ready completed due to doubts about the correctness of
their answers. These changes indicated that the use of the
Al tutor primarily influenced the organisation of learning
activities, whilst the reduction in academic stress was a
consequence of more effective management of the learning
process. Before comparing individual psychological indi-
cators, account was taken not only of changes in academic



stress but also of the states that accompanied the study load
throughout the experiment. Academic anxiety, emotional
exhaustion and satisfaction with the learning process made
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it possible to determine whether the use of Al support had
an impact on the students’ broader experience whilst com-
pleting academic tasks (Table 7).

Table 7. Changes in academic anxiety, emotional exhaustion and satisfaction with the learning process

Indicator Before Al support M (SD) After Al support M (SD) Change p-value
Academic anxiety 3.60 (0.57) 2.74 (0.53) -0.86 <0.001
Emotional exhaustion 3.22 (0.55) 2.51 (0.50) -0.71 <0.001

Note: the values were presented as mean scores and standard deviations on a five-point Likert scale. A negative change indicates a

decrease in the indicator following the use of AI support. The statistical significance of the differences between the two measurements

was tested using Student’s t-test for paired samples; the significance level was set at a=0.05

Source: compiled by the author

After the completion of the experiment, students in the
experimental group additionally completed the AI Support
Satisfaction Questionnaire. The mean satisfaction score
was 4.09 (SD =0.58), indicating a positive evaluation of the
accessibility of explanations, the pace of learning, emotion-
al check-ins and self-regulation tools. After eight weeks of
using Al support, the reduction in academic anxiety was
accompanied by a lower frequency of reports of uncertain-
ty before tests, rechecking of tasks already completed, and
difficulties in starting independent work. A similar mech-
anism was described in a study by Q. Zafar et al. (2026),
where the use of Al tools was examined in terms of its im-
pact on students’ emotional regulation and learning anxi-
ety. The authors found that more active use of Al support
was associated with higher levels of emotional regulation
and lower levels of learning anxiety. A key point for com-
parison with the findings was that the reduction in anxiety
was attributed not only to access to learning information,
but also to the opportunity to receive support whilst per-
forming complex academic tasks. In this study, this rela-
tionship manifested itself through reduced uncertainty pri-
or to tests, a reduced need to repeatedly check tasks already
completed, and more frequent use of brief self-regulatory
actions. At the same time, this study specified the impact of
Al support through the combination of Khanmigo’s educa-
tional tutoring with Wysa’s emotional check-ins and Woe-
bot Health’s reflective dialogues.

Reduced emotional exhaustion indicated a better
distribution of workload throughout the week, whilst in-
creased satisfaction with the learning process reflected a
more positive perception of the accessibility of explana-
tions, the pace of learning and digital support. Students’
responses indicated that reduced anxiety was accompa-
nied by a change in daily study habits. Participants re-
ported less frequently needing to check completed tasks
multiple times, felt less anxious before tests, and were less
likely to delay starting work due to uncertainty about their
own knowledge. A distinct effect was linked to the use of
Wysa and Woebot Health as tools for short-term emotion-
al self-regulation. A similar correlation between emotion-
al support and learning activities was also observed in the
study by Y. Zong & L. Yang (2025). The authors considered
artificial intelligence as a component of social-emotional
learning and demonstrated that taking students’ emotional

reactions into account whilst interacted with digital sys-
tems was accompanied by an increase in their engagement
with the learning process and an improvement in their
emotional well-being. The results obtained in this study
complemented the findings cited above. A reduction in ac-
ademic stress was associated with the regular use of brief
emotional check-ins and reflective dialogues, which helped
students to identify signs of burnout in a timely manner,
adjust their study routine and regain concentration more
quickly. Unlike the study by Y. Zong & L. Yang, the main
focus was not on changes in academic engagement, but
on the dynamics of academic stress, academic anxiety and
emotional exhaustion.

Throughout the academic day, students carried out
emotional check-ins: indicated their current state, se-
lected options such as tension, fatigue, anxiety or loss of
concentration, and then received brief recommendations.
Most often, these recommendations involved taking a
5-10-minute break, doing a breathing exercise, breaking
the task down into smaller parts, returning to a specific
step, or noting the cause of the tension in a short text mes-
sage. In their responses, students described these interac-
tions as a way to halt the build-up of fatigue more quickly
whilst working independently. Some participants noted
that after checking in, did not stop studying altogether, but
changed their approach: took a short break, returned to a
simpler part of the task, clarified the next step in Khan-
migo, or postponed part of the work to another time slot.
This reduced the number of instances where fatigue led
to the task being put aside entirely. The satisfaction score
for the learning process also changed. Whilst the average
score at the start of the study was 3.18, it rose to 4.09 by the
end of the experiment. Most often, students attributed the
positive changes to the speed at which explanations were
provided, the ability to work at their own pace, concise
self-regulation tools, and the fact that did not need to wait
for a lecturer’s consultation to resolve specific learning dif-
ficulties. This position was consistent with the findings of
A. Gurung et al. (2025), who had shown that human tu-
toring could strengthen the learning effect of Al tutor use.
Their study had demonstrated that the impact of Al-sup-
ported learning depended not only on the technological
quality of the tutor but also on the presence of pedagog-
ical guidance that helped students interpret feedback and
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apply it productively. In the study, this idea was reflected in
students’” perception of Al tools as supplementary instru-
ments for independent work between classroom sessions.
Therefore, the reduction in academic stress should be in-
terpreted as the result of combined digital and pedagogical
support, rather than as an argument for replacing lecturer
involvement. At the same time, the majority of participants
did not view AI as a complete replacement for a lecturer.
The prevailing view in the responses was that digital sys-
tems were most useful during independent study between
classroom sessions and when completing homework as-
signments. This stance taken by the students highlighted
the issue of the balanced use of Al in higher education,
as discussed by B. Klimova & M. Pikhart (2025). Author’s
review demonstrated that artificial intelligence can sup-
port personalised learning, psychological support and the
effectiveness of educational communication; however, its

excessive use was associated with risks of digital fatigue,
technostress, social isolation and a reduction in face-to-
face interaction between participants in the educational
process. In this study, such risks were partially mitigated
by the very design of the experiment: Khanmigo, Wysa and
Woebot Health were used as supplementary tools between
classroom sessions, rather than as a substitute for teaching
support. The results showed that the positive effect of Al
support was linked to its measured use for independent
work, emotional check-ins and brief reflective activities,
rather than to the transfer of all educational interaction
to a digital environment. To verify the validity of the iden-
tified changes, a comprehensive statistical analysis was
carried out, which made it possible to assess both the dif-
ferences between repeated measurements and the results
of the comparison between the experimental and control
groups after the use of Al tutors had ended (Table 8).

Table 8. Results of the statistical analysis of the effectiveness of Al tutors

Indicator Statistical test Test value P-value Effect size Interpretation
Academic stress Paired samples t-test t=12.84 <0.001 | Cohen’s d=0.91 Large effect
Academic anxiety Paired samples t-test t=11.63 <0.001 | Cohens d=0.84 Large effect
Emotional exhaustion Paired samples t-test t=9.94 <0.001 | Cohen’s d=0.73 | Medium to large effect
Academic stress distribution Fisher’s exact test x> equivalent=14.27 | <0.001 | Cramer’s V=0.31 | Moderate association

Post-intervention group

. Mann-Whitney U test
comparison

U=4638 <0.001 r=0.42 Moderate effect

Non-normal indicators 7=-7.86 <0.001 r=0.51

Wilcoxon signed-rank test Large effect

Note: the paired t-test was used to compare the experimental group’s indicators before and after the use of AI tutors. The Wilcoxon test
was used for indicators whose distribution did not follow a normal distribution. The Mann-Whitney U test was used to compare the
experimental and control groups after the experiment had concluded, whilst Fisher’s exact test was used to compare the proportions of
students with different levels of academic stress. The level of statistical significance was set at a=0.05

Source: compiled by the author

of AI tutor use, emotional check-ins, satisfaction with Al
support and changes in academic stress, academic anxiety
and emotional exhaustion (Table 9).

In addition to the comparison of pre- and post-exper-
iment indicators, Pearson’s correlation analysis was con-
ducted to determine the relationships between the intensity

Table 9. Correlations between Al support use and changes in students’ psychological indicators

Variable pair Pearson’s r | P-value Interpretation
Frequency of Al tutor use and reduction in academic stress -0.58 <0.001 | Moderate negative correlation
Frequency of Al tutor use and reduction in academic anxiety -0.51 <0.001 | Moderate negative correlation
Frequency of emotional check-ins and reduction in emotional exhaustion -0.47 <0.001 | Moderate negative correlation
Satisfaction with Al support and reduction in academic stress -0.54 <0.001 | Moderate negative correlation
Trust in AT recommendations and reduction in academic stress -0.49 <0.001 | Moderate negative correlation
Agreement between algorithmic emotion recognition and self-assessment 0.63 <0.001 | Strong positive correlation

Note: Pearson’s correlation coefficient was used to assess the relationship between AI support variables and changes in students” psychological
indicators. Negative coefficients indicate that more frequent or more positively evaluated use of Al support was associated with lower levels
of academic stress, academic anxiety and emotional exhaustion after the experiment. Statistical significance was established at a = 0.05
Source: compiled by the author

The correlation analysis showed that more frequent
use of Al tutors was associated with lower post-exper-
iment levels of academic stress and academic anxiety.
Emotional check-ins were also related to reduced emo-
tional exhaustion. A positive correlation between algo-
rithmic emotion recognition and students’ self-assess-
ments confirmed that the digital systems reflected the
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students’ reported emotional states with sufficient con-
sistency. Alongside testing for statistical significance,
identified which characteristics of the learning process
were most strongly associated with a reduction in aca-
demic stress. To this end, the results were summarised
using a regression model, which enabled to assess the
contribution of each predictor (Fig. 4).
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Figure 4. Contribution of individual factors to the reduction in academic stress
based on the results of regression analysis
Note: the diagram shows the standardised regression coefficients () obtained from the results of multiple regression analysis. Higher

absolute values of B indicate a stronger contribution of the corresponding predictor to the reduction in academic stress

Source: compiled by the author

Calculation of the effect size showed that the changes
in academic stress corresponded to a large effect (Cohen’s
d=0.91), whilst values of 0.84 and 0.73 were obtained for
academic anxiety and emotional exhaustion, respectively.
This indicated that the observed changes were not only
statistically significant but also had practical implications
for the organisation of university support for students.
The results showed that combining Khanmigo’s academ-
ic support with the emotional support systems Wysa and
Woebot Health helped to reduce academic stress, improve
self-regulation of learning activities and increase satisfac-
tion with the educational process. The most significant
changes were observed in the organisation of independ-
ent study, the planning of study time and the reduction of
stress associated with challenging academic tasks, indicat-
ing that the use of Al-based support tools was accompa-
nied by improvements in several aspects of students’ aca-
demic self-management.

The effectiveness of mood recognition algorithms

and Al-supported student support functions

Once changes in academic stress levels had been estab-
lished, it became necessary to assess how effectively the
emotion recognition algorithms reflected students’ actual
experiences and how individual AI support functions were
linked to changes in psychological indicators. The results
obtained made it possible to compare the algorithmic de-
termination of emotions with the participants’ self-assess-
ments, to trace the relationship between the intensity of
digital tutor use and the dynamics of academic stress, and
to identify the features that students considered most use-
ful when completing academic tasks. A comparison of the

results of automatic emotional state recognition with stu-
dents’ self-assessments revealed a fairly high level of agree-
ment between them. A similar approach was presented in
the work of S. Javed et al. (2025), where the recognition of
students’ emotional signals was considered a prerequisite
for personalised support in a virtual learning environment.
The authors demonstrated that more accurate identifica-
tion of emotional reactions was associated with enhanced
social-emotional learning and individualised academ-
ic support. In their study, emotional signals were treated
not as a secondary parameter of digital interaction, but
as information enabling timely adjustments to the nature
of learning support. This was consistent with the findings
presented here, where algorithmic identification of states of
calm, tension, fatigue and anxiety was used to select brief
recommendations in Wysa and Woebot Health. The differ-
ence lay in the fact that, in this study, the accuracy of emo-
tion recognition was verified by comparing it with students’
self-assessments, whilst the subsequent interpretation was
linked to changes in academic stress.

In most cases, the Wysa and Woebot Health algorithms
correctly identified the general nature of the emotional
state that students reported during brief check-ins. The
highest agreement was observed for assessments of tension,
fatigue, motivation and calmness. Lower agreement was
observed for feelings of uncertainty and anxiety, as some
students described these as interrelated experiences. Before
presenting the summarised results, individual emotion-
al states recorded during check-ins in Wysa and Woebot
Health were compared. This made it possible to determine
for which states algorithmic recognition most accurately
corresponded to the students’ self-assessments (Table 10).

Table 10. Agreement between algorithmic recognition of emotional states and students’ self-assessments

Emotional state Agreement with student self-assessment (%) Interpretation
Calmness 92.5 Very high agreement
Tension 89.2 High agreement
Fatigue 87.4 High agreement
Motivation 84.8 High agreement
Anxiety 82.1 Moderate to high agreement
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Table 10. Continued

Emotional state

Agreement with student self-assessment (%)

Interpretation

Uncertainty

79.7

Moderate agreement

Mean agreement

86.3

High overall agreement

Note: the percentage of agreement reflects the proportion of cases in which the algorithmic determination of emotional state coincided

with the student’s self-assessment during a brief emotional check-in. The data were aggregated from the results of students’ interactions
with Wysa and Woebot Health over the eight-week duration of the experiment

Source: compiled by the author

Individual student responses corroborated the quan-
titative results. Before starting challenging written assign-
ments, participants often described their state as “tension”
or “uncertainty”. After completing the brief check-in, the
system recommended taking a short break, outlining the
first stage of the task, or starting with the simplest part. Fol-
lowing this, the majority of students reassessed their state
as less tense, which corresponded to the changes simulta-
neously recorded by the algorithm. A noticeable difference
remained between short-term academic anxiety and per-
sistent emotional exhaustion. Whilst the system identified
brief emotional reactions with reasonable accuracy, signs
of accumulated fatigue more often required several con-
secutive check-ins. In such cases, the algorithm took into
account the repetition of responses and gradually adjusted
the content of its recommendations, suggesting not only
breathing exercises but also adjustments to the study rou-
tine, planning of breaks or a review of the sequence of tasks.
The results showed that the algorithms used were suitable
for providing pedagogical support to students, as enabled
changes in emotional state to be identified in a timely man-
ner without the need for constant intervention by a teacher
or psychologist. Verifying the accuracy of recognition pro-
vided a basis for assessing whether the intensity of use of
digital tutors was linked to changes in academic stress.

The results showed that the intensity of use of Al tu-
tors was directly linked to a reduction in academic stress.
Students who worked regularly with Khanmigo, Wysa and
Woebot Health throughout the experiment demonstrated
a more pronounced improvement compared with partici-
pants who used digital support only occasionally. For fur-
ther analysis, the experimental group was provisionally
divided into three categories based on the average number
of interactions with the systems per week. The first cate-
gory comprised students who used the AI no more than
twice a week; the second, between three and five times;
and the third, more than five interactions per week. The
greatest reduction in academic stress was recorded among
students in the third category. On average, their score
fell by 1.07 points. In the second category, the reduction
was 0.83 points, whilst among participants with the low-
est frequency of use of digital tutors, the change did not

exceed 0.39 points. A similar pattern was observed with
regard to academic anxiety. Regular use of the system
was accompanied by fewer reports of difficulties in start-
ing tasks, fear of making mistakes, and double-checking
answers that had already been prepared. Students more
often reported that began work immediately after receiv-
ing an assignment, rather than putting it off until the last
few days. The nature of interaction with the various digital
tools also differed. Khanmigo was most frequently used
to explain specific concepts, check the logic behind prob-
lem-solving, and structure written assignments. Wysa was
used mainly after several hours of continuous study or be-
fore beginning exam preparation, when students reported
feeling tired or having difficulty concentrating. Woebot
Health was used for short reflective dialogues that helped
students assess their own emotional state and identify the
causes of stress. The frequency of use varied depending on
the stage of the semester.

This dynamic corresponded to the position developed
by H.E. Sari et al. (2024), who had examined the improve-
ment of educational outcomes through adaptive learning
systems using artificial intelligence. In their study, adaptive
learning had been associated with the ability of digital sys-
tems to modify content, feedback and learning pathways
according to students’ progress and current educational
needs. This perspective was relevant to the findings because
the frequency and purpose of using Khanmigo, Wysa and
Woebot Health changed as the semester progressed. Dur-
ing the final weeks, AI support was used more intensively
for explanations, answer checking and emotional check-
ins, which indicated that adaptive digital support became
more significant when academic pressure increased. The
increase in the number of enquiries to Al tools reflected
changes in students’ learning needs over the course of the
semester. In the early weeks, digital tutors were used pri-
marily to help students adapt to the format of the course
and to clarify specific aspects of the material. As the final
assessment approached, interactions became more regular:
Khanmigo was used more frequently to explain the materi-
al and check the logic of answers, whilst Wysa and Woebot
were used for brief emotional check-ins following longer
study sessions (Table 11).

Table 11. Frequency of use of Al tutors depending on the stage of the academic semester

Khanmigo . Woebot Health Total AI

Stage of the semester interactions m (sd) Wysa check-ins m (sd) sessions m (sd) interactions m (sd)
Weeks 1-2 2.4 (0.8) 1.6 (0.7) 1.2 (0.6) 52(1.4)
Weeks 3-4 3.1(0.9) 2.0 (0.8) 1.5(0.7) 6.6 (1.6)
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Table 11. Continued

Khanmigo . Woebot Health Total AI

Stage of the semester interactions m (sd) Wysa check-ins m (sd) sessions m (sd) interactions m (sd)
Weeks 5-6 3.8 (1.0) 2.4(0.9) 1.8 (0.8) 8.0 (1.8)
Weeks 7-8 4.6 (1.1) 3.0 (1.0) 2.1(0.8) 9.7 (2.0)

Note: values were presented as the average number of interactions per student with the respective Al tool over the course of a week.

M = mean; SD = standard deviation. The increase in the frequency of interactions during weeks 7-8 coincided with the period of

preparation for the final assessment
Source: compiled by the author

The students’ responses regarding the nature of their
use of the systems were also revealing. A significant
proportion of participants reported that had gradually
stopped turning to AI only when difficulties arose. In-
stead, digital tutors began to be used as a tool for advance
planning of their studies: to draw up a brief study plan,
check progress, or assess their readiness for a test. This
change in behaviour was accompanied by a more even dis-
tribution of the study load throughout the week and fewer
instances of several major tasks being completed simul-
taneously in the run-up to deadlines. The findings can be
interpreted in relation to M.P. Pratama et al. (2023), who
had considered artificial intelligence as a means of organ-
ising personalised learning through the adaptation of edu-
cational content to students’ individual needs. Their study
had shown that Al-based learning environments could
increase engagement and improve learning outcomes by
moving away from uniform instructional models. In the
study, this position was specified through changes in stu-
dents’ learning behaviour: digital tutors were used not
only to obtain explanations, but also for planning, pro-
gress checking and preparation for assessment. A similar
issue had been addressed by H.H. Ariza (2026a), who had
examined Al-powered tutoring systems capable of pro-
viding personalised guidance and assessment. Adaptive

tutoring in that study had been linked to the adjustment
of instructional support to students’ progress, difficulties
and learning patterns. This corresponded to the findings,
where Khanmigo’s value was manifested in the alignment
of guidance, task sequencing and feedback with the spe-
cific difficulties students encountered while preparing as-
signments and assessments. The benefits and limitations
of this approach had been examined by W. Shoukat et
al. (2025), who had considered Al tutors as instruments
for personalised learning. Their analysis had shown that
such tools could support individual learning trajectories,
provide timely feedback and increase access to academ-
ic assistance, while also raising issues of technological
dependence, data privacy and teacher supervision. This
perspective was important for interpreting the results,
since the reduction in academic stress was associated with
the supplementary use of Khanmigo, Wysa and Woebot
Health within independent study, rather than with the dis-
placement of pedagogical interaction. Student evaluations
showed that the Al support functions of greatest practical
value were those linked to a specific learning activity: ex-
plaining the material, breaking a task down into stages,
or quickly regaining concentration. General support func-
tions received lower ratings, as did not always correspond
to the student’s current learning situation (Table 12).

Table 12. Students’ evaluation of Al support functions following the completion of the experiment

Al sup Port Al tool Mean Main use reported by students Interpretation
function score (m)
Explanation of . Clarifying concepts, checking task logic, Most valued function because
. . Khanmigo 4.61 g . 1 .
learning material verifying written answers it directly supported task completion
Step-by-step task . DIVldm.g essays, coursework, Helped students start work and reduce
! Khanmigo 4.48 presentations, and complex tasks .
guidance ) uncertainty about task sequence
into smaller stages
Emotional Reco.rdlng current emotional state, Supported emotional self-regulation
. Wysa 4.36 receiving short recommendations N . . .
check-ins . during intensive learning periods
for breaks and concentration
Reflective Structuring emotional reactions after Helped students identify causes of
. Woebot Health 4.29 . . .
dialogues long study sessions or before assessment | tension and prevent emotional overload
Automatic Khanmigo/Wysa/ Receiving short general encouragement Less valued because SCNETIC MESAZES
motivational 3.71 . : . were perceived as less useful than
Woebot Health during learning sessions . .
messages personalised recommendations

Note: ratings were made on a five-point Likert scale, where 1 indicated the minimum usefulness of a function and 5 the maximum.

The data reflect the responses of students in the experimental group after eight weeks of using Al tutors and emotional support systems

Source: compiled by the author

The results also revealed differences depending on the
year of study. First- and second-year students made more
frequent use of the functions for explaining course material

and checking the correctness of answers. For students in
higher years, tools for planning work, monitoring the pro-
gress of major projects and organising time were in greater
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demand. In the final survey, 88.3% of students in the exper-
imental group reported that were willing to continue using
similar digital tools. At the same time, only 6.7% of partic-
ipants noted that the use of Al had virtually no impact on
how organised their studies, whilst 5.0% were undecided
in their assessment. A qualitative analysis of the responses
showed that the positive perception of digital tutors was not
solely linked to the speed at which answers were received.
Students repeatedly noted that the ability to ask a follow-up
question, clarify an unclear point or have an explanation
repeated without feeling any psychological discomfort con-
tributed to greater confidence when working independent-
ly. Some participants reported that, after several weeks of
using Al turned to digital assistants less frequently with
simple questions, as gradually developed their own strate-
gies for planning their study activities. The positive percep-
tion of specific Al support functions provided a basis for
identifying the factors most closely associated with reduced
academic stress. This interpretation was consistent with the
findings of R. Suria-Martinez et al. (2025), who had exam-
ined emotional profiles and their relationship with artificial
intelligence use among university students. Their study had
shown that students interaction with Al tools was related
to differences in emotional characteristics and patterns of
digital engagement. In the research, this perspective helped
explain why emotional check-ins and reflective dialogues
were among the most highly rated functions. These tools
supported the recognition of tension, fatigue and uncer-
tainty during independent study, which contributed to
more deliberate regulation of learning behaviour. The
functional dimension of personalised Al tutoring had also
been examined by A.IL Jony et al. (2025), who had iden-
tified personalised feedback, adaptive guidance, progress
monitoring and responses to immediate learning needs
as key features of Al tutoring systems in higher education.
This approach specified the results presented in Table 11.
Students gave the highest ratings not to general motiva-
tional messages, but to functions directly connected with
academic activity: explanation of material, step-by-step
task guidance, emotional check-ins and reflective support.
Therefore, the effectiveness of Al tutoring was associated
with targeted support integrated into the learning process,
rather than with the mere presence of digital interaction.
A regression model revealed that the reduction in ac-
ademic stress was primarily linked to behavioural charac-
teristics of AI support usage. The most noticeable changes
were observed when students turned to digital tutors regu-
larly, rather than only in situations of acute academic pres-
sure. In such cases, Khanmigo was used for advance plan-
ning, checking the logic of task completion and preparing
for assessments, whilst Wysa and Woebot Health supported
short cycles of emotional self-regulation throughout the ac-
ademic week. The initial level of academic stress remained
a key factor. Students with higher baseline levels had great-
er scope for positive change, as were the ones most likely to
report difficulties with concentration, procrastination and
an uneven distribution of their academic workload. After
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eight weeks of working with the AI tools, this group more
frequently demonstrated a shift from reacting to deadlines
on a case-by-case basis to more consistent planning of their
study activities. The influence of trust in digital reccommen-
dations was particularly evident. Students who not only
received advice from the system but also applied it in their
study practice were more likely to report a more consistent
pace of work, timely breaks and fewer instances of a signifi-
cant backlog of tasks accumulating before the deadline. The
course of study and previous experience of using Al were
also significant, but their contribution was weaker com-
pared to the regularity of interaction and the acceptance of
personalised recommendations.

The models results showed that the effectiveness of Al
support was determined not by the mere fact of using dig-
ital services, but by the regularity of interaction with the
system and the students’ willingness to apply the recom-
mendations received to their own learning activities. The
greatest improvements were observed among participants
who combined the use of Khanmigo for solving academ-
ic tasks with regular emotional check-ins on Wysa and
short reflective sessions on Woebot Health. The results
also helped to explain the differences between individual
students who had similar initial levels of academic stress.
With the same level of academic workload, better results
were demonstrated by participants who used digital sup-
port as part of their day-to-day study routine, rather than
merely as a means of responding to difficulties that had
already arisen. The findings indicated a relationship be-
tween the systematic use of artificial intelligence tutors,
emotional support functions and a reduction in academic
stress. The greatest contribution was associated with per-
sonalised learning recommendations, regular emotional
check-ins and self-regulation tools integrated into students’
daily study routines. This conclusion may be interpreted
through the framework proposed by A. EIMessiry (2025),
in which a personalised artificial intelligence educational
tutor had been presented as a model for customised stu-
dent education. The framework had combined machine
learning, natural language processing and adaptive learn-
ing algorithms to adjust educational content and learning
strategies to individual students’ needs. In the context of
the study, this approach made it possible to clarify why the
regular application of recommendations was more impor-
tant than occasional access to digital tools. The reduction
in academic stress was associated with the integration of Al
support into students’ ordinary learning behaviour, where
explanations, planning prompts and self-regulatory actions
were adapted to the specific difficulties encountered during
independent study.

The results demonstrated a high level of agreement
between algorithmic recognition of emotional state and
students’ self-assessments, confirming the suitability of the
algorithms used for pedagogical support of the learning
process. More frequent use of Khanmigo, Wysa and Woe-
bot Health was associated with a more pronounced reduc-
tion in academic stress, academic anxiety and emotional



exhaustion. Students rated the features providing explana-
tions of learning material, step-by-step recommendations,
emotional check-ins and self-regulation tools most highly.
Regression analysis confirmed that the greatest influence
on the reduction of academic stress was exerted by the reg-
ularity of use of digital tutors, the initial level of academic
stress and the level of trust in the recommendations of arti-
ficial intelligence systems. This made it possible to consider
the combination of academic and emotional support as one
of the factors enhancing the effectiveness of digital support
for students in higher education institutions.

CONCLUSIONS
The study found that the sample had a balanced structure
in terms of universities, study programmes, specialisms
and distribution between the experimental and control
groups. A total of 240 students from three universities
in Spain took part in the study. Baseline measurements
showed that academic stress was prevalent among a sig-
nificant proportion of participants: moderate and high
levels of academic stress predominated. At the same time,
no statistically significant differences were found between
the experimental and control groups prior to the use of
AT tools, which provided a basis for further comparison
of the results. After eight weeks of using Khanmigo, Wysa
and Woebot Health, the experimental group showed a
reduction in academic stress, study-related anxiety and
emotional exhaustion. The average level of academic stress
fell from 3.69 to 2.81 points, whilst in the control group it
remained close to the initial value. A reduction in the pro-
portion of students experiencing high levels of stress and
an increase in satisfaction with the learning process were

Panchenko 5]

also observed. According to the participants’ responses,
these positive changes were linked to the ability to obtain
explanations of the course material more quickly, plan the
completion of assignments, check progress, and use brief
emotional self-regulation tools.

Mood recognition algorithms demonstrated a suffi-
cient level of correlation with students’ self-assessments,
particularly when identifying states of calm, tension and fa-
tigue. Regular use of Al support was associated with a more
pronounced reduction in academic stress. Students rated
the functions for explaining learning material, step-by-step
recommendations, emotional check-ins and brief reflective
dialogues most highly. Regression analysis showed that the
strongest associations with reduced academic stress were
the regularity of digital tutor use, the initial level of stress
and trust in the recommendations of artificial intelligence
systems. The results confirmed the pedagogical value of
combining academic and emotional Al support within
a university educational setting. Prospects for further re-
search include expanding the sample size, extending the
duration of observation, and comparing the effectiveness
of different Al tutor models and emotional state recogni-
tion algorithms within the context of university education.
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