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Objective: To evaluate the effect of an Al-assisted attentional monitoring system
on the perception of class dynamism and the self-assessment of attention
among university students.

Methods: A quasi-experimental design was employed with 160 students divided
into an experimental group, which attended classes with attentional monitoring
and real-time feedback provided to the teacher, and a control group, which
received traditional instruction. Perception of attention and dynamism was
assessed pre- and post-intervention using the AIDA questionnaire.

Results: The experimental group exhibited significant increases in perceived
class dynamism and attentional self-regulation compared to the control group
(p < 0.05), demonstrating improved engagement during the session.
Conclusion: Al-assisted immediate feedback was associated with enhanced
attention and student participation, highlighting the potential of such tools to
support and strengthen teaching dynamics in in-person educational settings.

KEYWORDS

artificial intelligence (Al), behavioral engagement, computer vision, deep learning,
higher education, real-time feedback, student attention

1 Introduction

Student attention is a dynamic process manifested through observable behaviors, such as
body posture, head movements, and gaze direction. These indicators reflect not only the
student’s cognitive engagement but also their affective disposition toward learning. Recent
research has empirically validated this relationship: the combination of trunk posture and gaze
orientation allows predicting attentional state with moderate accuracy (75.3%) (Zaletelj and
Kosir, 2017), and these visual features correlate with neurophysiological measures of cognitive
engagement (Sukumaran and Manoharan, 2025). It is important to clarify that in this study,
the term ‘attention’ is operationalized through these observable behavioral indicators (posture,
head orientation, and gaze). We acknowledge that these are external proxies for cognitive
engagement, serving as a ‘behavioral attention’ metric rather than a direct measure of internal
cognitive processes. Furthermore, sitting posture has been identified as a key indicator of
behavioral engagement in the classroom (Lucia Bernal Castro et al., 2017). Therefore, its
monitoring in educational settings has become a priority line of pedagogical research.
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Classroom attention levels do not depend solely on the student’s
intrinsic motivation but also on teaching strategies, group dynamics,
and the physical conditions of the environment. The ergonomic
design of school furniture influences the sitting posture adopted by
students during prolonged class periods, affecting their physical well-
being (Lucia Bernal Castro et al., 2017). Moreover, teacher support
in the classroom—understood as timely feedback, clarity of
instructions, and pedagogical adaptation—has been identified as the
strongest predictor of behavioral and cognitive engagement, even in
vulnerable contexts (Fernandez-Vega et al., 2021). Digital competence
in higher education is crucial for the effective integration of emerging
technologies (Fernandez et al., 2018).

Recently, advances in artificial intelligence have enabled the
automation of student behavior recognition using computer vision.
Systems based on architectures such as YOLOV8 can detect postures,
head movements, and gaze direction in real time, offering an objective
and non-invasive alternative to traditional observational methods
(Han et al., 2025). These tools not only reduce human bias but also
allow for the generation of continuous metrics that can inform
pedagogical decisions in real time (Qureshi et al., 2024).

In the last decade, advances in computer vision and deep learning
have enabled multimodal approaches that combine signals of posture,
facial orientation, and expression to evaluate student engagement more
comprehensively. Qi et al. (2023) demonstrated that multimodal
analysis models outperform traditional unimodal methods in accuracy
by simultaneously capturing cognitive and emotional components of
attention. This type of evidence reinforces the relevance of the
AIDA-TA design as a system capable of integrating visual and
perceptual dimensions into the measurement of attention in real time.

The combination of computer vision models with behavioral
variables improves the accuracy of cognitive pattern recognition in
natural environments (Han et al., 2025). In particular, the integration
of object detection, body pose estimation, and gaze analysis constitutes
a multimodal approach that more accurately reflects the student’s
attentional states (Zaletelj and Kosir, 2017). This type of approach has
inspired the creation of hybrid systems that combine Al-generated
data with validated psychopedagogical instruments, strengthening the
triangulation between objective evidence and subjective perception
(Qureshi et al., 2024).

This design aligns with contemporary approaches that understand
school engagement as a multifaceted phenomenon, composed of
behavioral, emotional, and cognitive dimensions (Fredricks et al.,
2004). This holistic view has recently been supported by
neurophysiological and virtual reality evidence confirming the strong
influence of emotional states on the modulation of sustained attention
and cognitive performance (Luo et al., 2025; Shen et al., 2024). From
this perspective, attention is not limited to visual passivity but implies
an active agency of the student in their formative process, modulated
by personal, pedagogical, and contextual factors (Aspeé et al., 2018).

Within the framework of this research, the authors developed the
AIDA (Artificial Intelligence for Dynamic Attention) system, which
evaluates student attention across three complementary dimensions:
the student’s perceived dynamism, attentional self-assessment, and the
perception of change in teaching methodology. This instrument was
validated by expert judgment and designed to be applied alongside an
artificial intelligence system that analyzes three objective indicators in
real time: sitting posture, head movement, and gaze direction. The
integration of both tools allows for obtaining a mixed, objective, and
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subjective measurement of the attention level during in-person classes
(Liand Liu, 2024).

Han et al. (2025) state that the introduction of artificial attention
mechanisms within architectures such as YOLOvS improves accuracy
in behavior detection in classrooms with multiple students and
variable visual conditions. These improvements are pertinent to
university contexts where body positions and gaze directions
constantly change, and where systems must adapt without interfering
with the natural flow of the class. In this sense, artificial intelligence is
proposed as a supportive pedagogical resource that enhances, but does
not replace, the teaching role.

Finally, this study analyzes the effect of using the AIDA system
with artificial intelligence on the attention level of university students,
analyzed through its three dimensions: perceived dynamism,
attentional self-assessment, and perception of teacher change. The
research establishes that the impact is more significant in the first two
dimensions as they are directly linked to the individual student
experience, while the third could manifest indirect effects mediated
by pedagogical practice. This approach constitutes a non-invasive
educational innovation, contextualized within the Peruvian university
environment, combining visual analytics with psych pedagogical self-
assessment to comprehensively understand the phenomenon of
attention in the classroom.

Zhang et al. (2025) state that recent artificial intelligence-based
models, such as YOLOVS visual detection architectures, have enabled
the automation of student behavior recognition through real-time
video analysis. These tools offer advantages over traditional
observational methods by reducing human bias and enabling
continuous, non-invasive, and multimodal monitoring. Their
application in education allows for obtaining objective metrics on
attention, movement, and interaction, which facilitates data-driven
pedagogical decision-making (Han et al., 2025).

Complementarily, Huang et al. (2022) demonstrated that human
pose analysis using deep neural networks allows for identifying
patterns of attention and fatigue in educational environments,
contributing precision to the detection of non-verbal behaviors
associated with active learning. This approach aligns with the trend of
integrating computer vision with pedagogical analysis, strengthening
the ecological validity of the models.

Likewise, Anh et al. (2019) developed a computer vision
application to monitor student behaviors in the classroom through
facial recognition and gaze estimation, achieving an accuracy greater
than 90%. These results support the viability of applying automated
detection models to analyze attention in real-world classroom settings,
consistent with the systems used in this research.

Finally, Khan et al. (2024) proposed an approach based on the
Deep Face Profiler (DeFaP), which allows for the non-invasive
understanding of facial expressions and eye trajectories in real time,
consolidating the relationship between facial recognition, posture, and
cognitive evaluation. This type of method reinforces the possibility of
capturing multimodal attention indicators without affecting the
natural dynamics of the classroom.

The present research is framed within this emerging context of
artificial intelligence applied to education, analyzing the impact of an
automated student attention level detection system in university
classrooms by integrating the dimensions of sitting posture, head
movement, and eye tracking, in conjunction with the students’ own
perception using the AIDA instrument.
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2 Methodology

The study of attention in educational contexts requires considering
both individual cognitive processes and the social, physical, and
technological conditions that modulate them (Fredricks et al., 2004;
Luo etal., 2025; Machado-Bagué et al., 2021). Therefore, this research
adopted a quantitative, quasi-experimental, and cross-sectional
approach, aimed at evaluating the effect of using the AIDA system
with artificial intelligence on the attention level of university students
during in-person classes.

This design aligns with contemporary approaches that understand
school engagement as a multifaceted phenomenon, composed of
behavioral, emotional, and cognitive dimensions (Bhavani et al., 2025;
Fredricks et al., 2004). Accordingly, the methodology was organized
into two complementary components: (1) the development and
integration of an artificial intelligence system for the automated
detection of attention indicators, and (2) an educational experimental
design focused on the application of a psychopedagogical instrument
and the comparison between control and experimental groups.

2.1 Development of the AIDA-IA system

Recent advances in computer vision have enabled the development
of systems capable of detecting attentional behaviors in real time in
dynamic environments such as the classroom. In particular,
architectures like YOLOv8 have demonstrated high precision in
detecting human postures and movements (Han et al., 2025). The
selection of the YOLOVS-Pose architecture was supported by its state-
of-the-art performance benchmarks on the COCO Keypoints dataset.
The model demonstrates high reliability with a mean Average
Precision (mAP) at 0.5 IoU ranging from 79.7 to 85.8% (depending
on the model variant, nano or small). Furthermore, given the reported
CPU inference latency of approximately 130 ms to 230 ms per image,
the implementation of a frame-skipping strategy (processing 1 frame
per second) was technically justified to maintain system stability and
avoid latency accumulation during real-time monitoring. Following
this line, the AIDA-IA system integrated three technical modules (Ji
etal., 2025):

« Sitting posture detection, based on evidence that body posture is
a key indicator of behavioral engagement and correlates with
attentional stability (Lucia Bernal Castro et al., 2017);

» Head movement tracking, adapted from the OpenPose model, to
detect turns or deviations that indicate distraction (Zaletelj and
Kosir, 2017);

The choice of these indicators is justified because, in the absence
of eye-tracking, the combination of head orientation and sitting
posture allows for inferring the student’s attentional focus with greater
precision than the analysis of each signal separately. In online learning
environments, head pose estimation using Euler angles combined
with the analysis of the face bounding box area has proven to achieve
an accuracy of 85.5% in detecting attentional states (mAP on
WiderFace), functioning efficiently in real time with conventional
cameras and low-cost hardware (Li and Liu, 2024). Furthermore,
multimodal research combining electroencephalography with
automatic visual feature analysis has validated that postural and facial
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signals can serve as non-invasive proxies of attentional engagement,
showing that head pose and facial expression data consistently
correlate with brain patterns of attention in cross-validation studies
(Sukumaran and Manoharan, 2025).

Regarding the nature of the artificial intelligence implementation,
the system is defined as an automated detection tool based on
pre-trained Deep Learning models (YOLOV8) used for real-time
inference. It does not employ online learning or adaptive mechanisms
that update model parameters during the class session; rather, it
provides immediate feedback based on established thresholds.

To integrate these three behavioral indicators into a single
attention metric, a deterministic additive logic was implemented. Each
indicator (head orientation, gaze direction, and sitting posture) is
evaluated against calibrated thresholds (e.g., torso angle < 155° for
posture), generating a binary state (Correct = 1/Incorrect = 0). These
threshold values were established based on the ergonomic
classification of ‘active sitting’ proposed by Lucia Bernal Castro et al.
(2017) and were subsequently fine-tuned through empirical testing to
filter out natural body adjustments. The individual attention score is
calculated as the sum of these valid states (Range: 0-3). A score of 3 is
categorized as ‘High Attention, 2 as ‘Medium;, and 0-1 as ‘Low’. This
additive approach provides robustness against common classroom
behaviors such as note-taking. For instance, if a student looks down
to write, they may lose the ‘gaze’ indicator point. However, as long as
their torso remains upright (posture) and their head does not rotate
laterally toward peers (head orientation), the system assigns a score of
2 (‘Medium Attentior’). This prevents the system from misclassifying
productive academic activities as disengagement, addressing the
ambiguity of visual signals without requiring invasive monitoring.

The system was optimized to operate in real time with
conventional cameras, respecting ethical principles of anonymization
and non-intervention (Lara-Jacho et al., 2020). Visual alerts were
triggered when group attention averages fell below predefined
thresholds, a strategy validated in automatic behavior detection
systems to promote timely pedagogical interventions (Han et al., 2025;
Anguera et al., 2020).

The architecture of the AIDA-IA system is grounded in recent
developments integrating computer vision and the Internet of Things
(IoT) in educational contexts, allowing for continuous and ethical
monitoring of student attention. The term IoT (Internet of Things)
refers to the interconnection of physical devices such as cameras,
sensors, and computers that collect and share data through digital
networks to generate real-time feedback. In the educational field, this
integration enables artificial intelligence systems to operate
autonomously during class, without interrupting the pedagogical
process. Riad et al. (2024) implemented a similar model based on
convolutional networks and smart sensors, highlighting the
importance of connectivity and immediate feedback to maintain
participation in real-world classroom environments.

2.2 Educational experimental design

The experimental design was implemented at the Universidad
Peruana Union, Juliaca campus, during the first academic term of
2025. The independent variable was the use of the AIDA-IA system
(present in the experimental group, absent in the control group). A
quasi-experimental design was adopted due to the ecological
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constraints of a real university setting, where randomization of
students was not feasible as academic sections were pre-established by
the university enrollment system. To mitigate selection bias, a pre-test/
post-test design was employed to control for initial differences. The
intervention lasted for 8 weeks (one academic unit), a duration
considered sufficient to overcome the initial novelty effect and observe
stabilization in behavioral patterns. The dependent variables
corresponded to the three dimensions of the AIDA instrument:
perceived dynamism, attentional self-assessment, and perception of
teacher change, in addition to the objective indicator of group
attention derived from the AT system.

This approach addresses the need for triangulation between
objective and subjective data, a central principle in modern
observational methodologies (Anguera et al., 2020). Participation was
voluntary and anonymous, with informed consent and approval from
the Institutional Ethics Committee.

2.3 Technological and psychopedagogical
integration

The proposal is framed within an ecological perspective of
educational technology, in which ICT is not imposed but articulated
with teaching practice, the curriculum, and school culture (Anguera
et al,, 2020). The AIDA-IA system does not replace the teacher but
provides them with contextualized information to adjust their strategy
in real time, in line with the principles of teacher agency and noticing
(van Es and Sherin, 2021).

This integration addresses the need to build intelligent educational
environments that combine visual analytics with self-reflection,
strengthening the ecological validity of attentional monitoring (Anh
etal, 2019; Qureshi et al., 2024; Zhang et al., 2025).

2.4 Experimental procedure

The intervention was carried out over a period of 8 weeks. To
minimize the teacher effect, the sessions were conducted by two
instructors who followed a standardized pedagogical protocol. Both
instructors coordinated weekly to ensure consistency in the syllabus
content, teaching style, and the application of the AIDA system’s
feedback. Additionally, the experimental and control groups were
balanced between the two instructors to prevent bias.

3 Population and sample

The population consisted of 160 students enrolled in the
Communication Skills course at the Juliaca campus of Universidad
Peruana Union, during the first academic unit of the year 2025. The
participants belonged to the Civil Engineering, Environmental
Engineering, and Systems Engineering programs, corresponding to
the first cycle of university studies.

In compliance with ethical principles of confidentiality and
anonymity, gender information was not recorded. However,
information regarding age was obtained, ranging between 17 and
20 years, with a mean of 18.4 years (SD = 0.9), which corresponds to
the typical range for students recently entering higher education. This
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data reinforces the age homogeneity of the sample and the pertinence
of the group for analyzing attentional processes in initial university
learning contexts.

The sample was determined through non-probabilistic
convenience sampling, based on existing academic sections. During
the data collection process, variations in enrollment were recorded
due to transfers, absenteeism, and non-participation in the AIDA
questionnaire, which reduced the effective number of valid cases
analyzed.

For the Wilcoxon tests, the effective sample consisted of 89
students, distributed by professional school as follows: Environmental
Engineering (n=26), Civil Engineering (n=28), and Systems
Engineering (n = 35). In the case of the Mann-Whitney U intergroup
tests, 60 valid participants were considered, distributed across
Environmental (n = 17), Civil (n = 22), and Systems (n = 21).

In the global analyses, the research team, with the advice of a
statistical specialist, carried out a process of data cleaning and case
matching to ensure the validity of the comparisons. Thus, the final
samples consisted of 61 participants for Wilcoxon and 122 participants
for Mann-Whitney U, respectively.

The reduction in the effective sample size was due to natural
factors inherent to the ecological validity of the study, such as
student absenteeism and withdrawal from the course. Strict data
cleaning criteria (listwise deletion) were applied to ensure that
only students with complete paired data (pre- and post-test) were
included in the Wilcoxon analysis, prioritizing data quality over
quantity (Table 1).

3.1 Instruments

The assessment of complex cognitive constructs, such as attention,
requires multimodal approaches for a comprehensive evaluation.
Recent research indicates that, while observational metrics (such as
eye-tracking) are valuable, they have limitations in capturing the
entirety of cognitive processes. In line with this, and seeking an
integration of quantitative and qualitative data, this research employed
two complementary instruments:

The automated AIDA-IA system, based on computer vision. The
psychopedagogical instrument AIDA (Artificial Intelligence for
Dynamic Attention), designed by the authors and validated through
expert judgment.

TABLE 1 Baseline characteristics of participants by group.

Characteristic Experimental

group (n = 89)

Age (years) 18.4+0.9* 18.4+0.9*

Gender Unregistered® Unregistered®

Academic program

Environmental Engineering 26 (29.2%) 36 (34.6%)

Civil Engineering 28 (31.5%) 25 (24.0%)

Systems Engineering 35(39.3%) 43 (41.3%)

Data derived from the initial pre-test enrollment (N = 193). “Age data was collected at the
cohort level; due to the homogeneity of the sample (all first-cycle students), no significant
age differences are assumed between groups. "Gender data was not recorded to ensure strict
anonymity.
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Recent advances in computer vision have enabled the development
of systems capable of detecting attentional behaviors in real-time in
dynamic environments such as the classroom. In particular,
architectures such as YOLOv8 have demonstrated high accuracy in
detecting human postures and movements (Han et al., 2025). Indeed,
the application of video-based approaches for real-time monitoring,
through the analysis of multiple facial and body features, is considered
a robust method for detecting distraction and engagement in learning
environments (Wang et al., 2025). Following this line, the AIDA-IA
system integrated three technical modules:

Sitting posture, detected using a YOLOv8 model adapted to the
lighting and spatial conditions of the classroom, a choice based on
evidence linking body posture with behavioral engagement and
attentional stability (Lucia Bernal Castro et al., 2017); head movement,
calculated from the estimation of keypoints obtained with OpenPose,
allowing for the recording of turns or deviations associated with
distraction (Zaletelj and Kosir, 2017); and gaze direction, determined
through facial orientation analysis using the OpenFace library, which
estimates visual attention toward the teacher or class material (Li and
Liu, 2024). The system processed data in real-time and generated a
continuous visualization of the group attention level. When a
collective decrease was detected, a non-intrusive visual alert was
issued to the teacher, who could perform immediate pedagogical
interventions (Qureshi et al., 2024). The design was non-invasive, used
conventional cameras, and respected ethical principles of
anonymization and confidentiality, consistent with best practices in
educational research with AI (Moreno Padilla, 2019).

3.1.1 AIDA psychopedagogical instrument

The AIDA (Artificial Intelligence for Dynamic Attention)
questionnaire was developed and validated with the purpose of
evaluating student attention from a multidimensional perspective. The
instrument consists of 14 items distributed across three theoretically
grounded dimensions:

Perceived Student Dynamism (5 items), Attentional Self-
Assessment (5 items), and Perception of Teacher Change (4 items).
Each item was answered on a five-point Likert scale (1 = strongly
disagree; 5 = strongly agree). Items included statements such as: “The
teacher maintained my interest for a period of time (20-30 min),”
“The teacher modifies their methodology when class attention is lost,”
or “I maintain an adequate physical posture that favors my attention
during class”

Although the questionnaire was applied for the first time in this
research, its content aligns with constructs validated in the literature:

The attentional self-assessment dimension reflects cognitive self-
regulation, a key predictor of academic performance (Cid-Sillero et
al., 2020). The dimension of perception of teacher change is linked to
pedagogical credibility and adaptability, factors that directly influence
emotional and behavioral engagement (Froment et al., 2021). The

TABLE 2 Reliability analysis of the AIDA instrument (Cronbach’s alpha).

10.3389/feduc.2026.1753873

instrument was reviewed by specialists in education and applied
technology, who confirmed its conceptual coherence and adequacy
for the university context. During its application, no comprehension
difficulties were reported, suggesting acceptable content validity and
promising practical reliability.

3.1.1.1 Psychometric validation

Although the instrument was initially validated through expert
judgment, a post-hoc reliability analysis was conducted using JASP
software to ensure internal consistency. The Cronbach’s alpha
coeflicient () was calculated for the global scale and for each of the
three dimensions. The results indicated excellent reliability, with a
global o of 0.970. The specific dimensions also demonstrated high
internal consistency, ranging from 0.900 to 0.932, well above the
acceptable threshold of 0.70 (see Table 2). These values confirm that
the AIDA questionnaire is a reliable instrument for measuring student
attention perceptions in this context.

3.1.1.2 Technological and psychopedagogical integration

The combination of computer vision models with behavioral
variables improves the accuracy of cognitive pattern recognition in
natural environments (Han et al., 2025). Consistent with this evidence,
the AIDA-IA system and the AIDA instrument were designed to
function in an articulated manner: the visual data obtained by artificial
intelligence were interpreted in light of the perceptions reported by
the students.

This multimodal and interdisciplinary approach strengthens the
ecological validity of the study by capturing both observable aspects
(posture, gaze, and movement) and self-referential ones (subjective
perception of attention and dynamism). Furthermore, it aligns with
contemporary  approaches

advocating for methodological

triangulation in complex educational contexts (Anguera et al., 2020).

3.2 Implementation

3.2.1 Practical implementation and system
interface

To guarantee viability and acceptance by the teacher, the AIDA-TIA
system was designed with an intuitive and non-intrusive user
interface. The practical implementation was carried out in the
classroom during face-to-face sessions, using conventional cameras
installed on the ceiling or on the front wall (Figures 1, 2).

The system processes data in real-time and generates two types of
visual outputs:

o Teacher dashboard: A web platform accessible from any device,
displaying key metrics such as the class average attention level,
the number of alerts generated, and details of the current class

Dimension Cronbach's a McDonald'’s @ Internal consistency
Global Scale (14 items) 0.970 0.970 Excellent
D1: Perceived Dynamism 0.932 0.932 Excellent
D2: Attentional Self-Assessment 0.932 0.932 Excellent
D3: Perception of Teacher Change 0.900 0.901 Excellent
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PHASE 1:
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postura humana.

PROCESSING

Field Capture

Reliability and Optimization

Pre-entrenado en COCO Dataset (200,000+ imagenes)

para alta precision.

> Deteccion auto de GPU (““cuda*’).

> ‘ThreadPoolExecutor(max_workers=4)" para
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> Redimencion de frames a ‘(840, 480)" (Optimizacion).

> ‘FRAME_SKIP = 28" (Process 1de cada 30 frames).

Personas’

Attention Logic (Analysis of 3 Variables)
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_9 “head_orientation()': Posicién y rotacién de la

cabeza.
escuela, aule).

‘eye_orientation()': Direccion de la mirada (ejos-

’I ) " “back_posture()': Anguio del torso (columna
erguida).

Refinement and Final Result

‘detect_arm_movement()' ajusta el score para no penalizar
la participacion (e). meno levantada).
‘categorize_attention_score(}' combina todo para el
resultado final: Alta, Media, Baja, Muy Baja.

FIGURE 1
Engineering design of the attention system.

Engineering Design of the Attention System

Complete Process of Acquisition, Analysis, and Al-based Response

IMPLEMENTATION AND

Camera IP con protocolo ‘RTSP".

instalacion en aula delantera, esquina superior.
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PHASE 3: q\
OPERATION AND VISUALIZATION 0

Monitoring Dashboard (Teacher)

Anusnete

Tempo

Graéficos de lineas en Panel Web (React), actualizacion

coda 30s.
Schedule Management
Funcion * _monitor’ activa/ ive

cémaras segun horarios de clase.

Post-Class Summary
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generar un resumen al finalizar la clase.

Alert Thresholds (Browser E ion)

260%: Alta (Sin alerta)
245% y < 60%: Media (Sin alerta)
225% y < 45%: Baja (jAlertal)
< 35%: Muy Baja (jAlertal)

Generic Suggestions + Push Notification
Alerta: El sistema muestra una **sugerencia genérica** (ej.
"Pausa active").

n

Notificacion Push (SG) al docente con Alerta + Sugerencia
Genérica.

(course, school, classroom, and schedule). This interface allows
the teacher to monitor class dynamics without the need to
interpret complex technical data.

o Real-time visualization on video: Overlaid on the camera video
feed, the system tags each student with their estimated attention
level (low, medium, and high), along with the percentages of
sitting posture and head orientation. This analysis is performed
using the YOLOV8 architecture and pose estimation models, as
described in the previous section.

The complete dashboard interface is shown during a class session.
It is observed how the system presents a general summary (total
classes, average attention, alerts) and a line graph reflecting the
attention level in real-time, allowing the teacher to identify moments
of low concentration (Figure 3).

It illustrates the real-time visualization on the camera video. Each
student is identified with a bounding box and text labels indicating
their attention state based on three indicators: sitting posture, gaze
direction, and head movement. The colors (green, yellow, red) provide
a quick coding of the attention level, facilitating immediate
pedagogical decision-making.

Frontiers in Education

Finally, Figure 4 notification generated by the operating system
on the teacher’s equipment shows an example of the alert
functionality. When the class average attention level drops below a
predefined threshold (for example, 42%), the system activates a visual
alert (a warning icon) and displays a textual recommendation (“Low
attention level detected”). This immediate and contextualized
feedback is the core of the system’s pedagogical approach, as it seeks
to empower the teacher to adjust their strategy at the precise moment.

4 Results

During the experimental process, data from the AIDA
questionnaire and automatic records from the AIDA-IA system were
collected. Statistical analyses were performed using non-parametric
tests: Wilcoxon signed-rank for intragroup comparisons (pre and
post)
(experimental and control), with a significance level of & = 0.05.

and Mann-Whitney U for intergroup comparisons
The detailed score distributions, median changes, and visual

comparisons between groups are presented in Figures 5-13,
complementing the statistics presented in the tables below.
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FIGURE 2
AIDA-IA system dashboard interface for the teacher.
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Class in Progress Endsinth23min

# Course
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Oral and Written Communication
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© RoomE103

Date Schedule
= Wednesday, April 23 10:20 - 13:00 (2h 40m)

FIGURE 3
Real-time visualization of student attention on the camera video.

4.1 Intra-group results (Wilcoxon
signed-rank test)

In the Environmental Engineering Program (n = 26), significant
differences were observed between the pre-test and post-test in two
dimensions of the AIDA instrument: Perceived Dynamism and
Attentional Self-Assessment. In both dimensions, the results
suggest an improvement following the AIDA-AI system
intervention, while the total score showed only a non-significant
trend (see Table 3).

Conversely, in the Civil Engineering (n =28) and Systems
Engineering (n = 35) Programs, no statistically significant changes
were evidenced between the pre- and post-measurements. Scores
maintained a relative stability, which may indicate lower system
sensitivity to the pedagogical conditions of these specific environments
or a higher homogeneity in initial attention levels.
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Figure 2 illustrates the average attention level estimated by the
AIDA-AI system during a 90-min session with Civil Engineering
students. The graph shows natural fluctuations in the attentional
level, with peaks occurring during participatory activities and
decreases during traditional lectures. These objective records
complement the AIDA questionnaire data by providing a dynamic
visualization of group behavior.

4.2 Inter-group results (Mann—Whitney
U test)

In the comparison between groups (experimental group with
AIDA-AI system use and control group without technological
intervention), the results showed significant differences exclusively
within the Environmental Engineering Program, particularly in the
Attentional ~Self-Assessment dimension. In this program,
experimental group students reported a more favorable perception of
their attention level after the intervention (see Table 3).

In Civil Engineering and Systems Engineering, no significant
differences were found between the groups, suggesting that the
effectiveness of the AIDA-AI system may depend on contextual

factors such as teaching style, interaction modality, or class structure.

4.3 General results

Following data cleaning and case matching (n =61 for the
Wilcoxon signed-rank test and N = 122 for the Mann-Whitney U
test), the global analyses did not show significant differences in any
of the evaluated dimensions. In both tests, the obtained values
suggest a tendency toward stability between the pre-test and post-
test, with no statistically relevant changes in perceived attention at
the general level (see Tables 4, 5).
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FIGURE 4
Example of objective data from the AIDA-AI system during a class session.
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FIGURE 5

Results for environmental engineering (Wilcoxon signed-rank test). (A) Pre-test vs. post-test score distribution across dimensions. (B) Median change
(post — pre) highlighting significant improvements in perceived dynamism and self-assessment.
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FIGURE 6

Results for civil engineering (Wilcoxon signed-rank test): (A) pre-test vs. post-test score distribution and (B) median change showing stability in scores
across dimensions.
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Results for systems engineering (Wilcoxon signed-rank test). (A) Pre-test vs. post-test score distribution. (B) Median change per dimension showing no
significant variations.
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FIGURE 8

Inter-group comparison for environmental engineering (Mann—-Whitney U). (A) Distribution of post-test scores for experimental vs. control groups.
(B) Effect size indicating the magnitude of the difference between groups.
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FIGURE 9
Inter-group comparison for civil engineering (Mann—Whitney U). (A) Distribution of post-test scores. (B) Effect size per dimension.

4.4 Synthesis of findings exclusively within the Environmental Engineering Program.
o In the inter-group analysis, significant differences were also
Synthesis of findings collectively, the results indicate that: concentrated in the Attentional Self-Assessment dimension for
the same program.
« In the intra-group analysis, significant improvements in Perceived « In the global analyses, no significant differences were found
Dynamism and Attentional Self-Assessment were identified between groups or between measurement time points.
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FIGURE 12

Comparative intra-group analysis by program. (A) Detailed pre-post distribution comparing the three engineering programs. (B) Median change
contrasted by school, highlighting the specific increase in environmental engineering.
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These results suggest that the use of the AIDA-AI system may be
associated with specific, localized improvements in the attentional
perception of Environmental Engineering students, although no
generalized effects were evidenced across the entire sample. These
quantitative findings provide a solid basis for the pedagogical
interpretation developed in the Discussion section (Table 6).
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4.5 Objective attention metrics and
group-level consistency

Due to the privacy-by-design architecture of the AIDA-AI system,

which processes anonymized group metrics in real-time without
storing individual biometric profiles, a direct student-level correlation
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FIGURE 13
General inter-group results (N = 122). (A) Overall comparison between experimental and control groups. (B) Post-test distribution broken down by
academic program.

TABLE 3 Wilcoxon signed-rank test results by program (pre vs. post): W, z, p y r_rb statistics by dimension and total.

Program Dimension N A median w V4 P r_rb
Environmental DIM 1 26 -0.50 124.50 —0.411 0.691 —0.098
Environmental DIM 2 26 ~3.00 44.00 -2.277 0.024* —0.581
Environmental DIM 3 26 ~2.00 46.00 -1.972 0.050% -0.516
Environmental Total 26 —4.00 93.00 —1.870 0.063 —0.428
Civil DIM 1 28 1.50 174.50 1.110 0.272 0.264
Civil DIM 2 28 1.00 123.00 0.672 0.511 0.171
Civil DIM 3 28 —0.00 126.00 -0.016 1.000 —0.004
Civil Total 28 2.00 187.50 0.673 0.509 0.154
Systems DIM 1 35 1.00 249.00 0.681 0.502 0.145
Systems DIM 2 35 0.00 218.50 0.022 0.991 0.005
Systems DIM 3 35 -0.83 178.00 ~0.569 0.576 —0.123
Systems Total 35 1.00 296.00 0.277 0.789 0.055

N = = sample size; A Median = difference of medians (Hodges-Lehmann Estimate); W = Wilcoxon statistic; z = standardized z-value; r_rb = rank-biserial correlation as a measure of effect

size. *p < 0.05.

analysis was not ethically feasible. However, to address the relationship
between objective monitoring and subjective perception, a group-level
analysis was conducted across the effective sessions captured during
the 8-week intervention period.

Table 7 presents the comparison between the objective attention
levels recorded by the AI system and the self-reported perception
scores. It is important to note that while the intervention spanned an
academic unit of 2 months, the number of analyzed sessions varies per
group due to ecological validity factors common in real-world
university settings (e.g., holidays, institutional events, or hybrid
modality days where camera detection was null).

The heterogeneity in results across programs suggests that
technology alone does not guarantee improvement. While
Environmental Engineering students showed significant gains in self-
perception (p <0.05), aligning with a consistent AI-monitored
attention level (53.7%), the Civil Engineering group exhibited a
decreasing trend in objective attention (dropping from 59% in the first

Frontiers in Education

11

recorded session to 45% in the last). This objective decline provides a
plausible explanation for the lack of significant improvement in their
self-reported AIDA scores. Similarly, although Systems Engineering
maintained the highest average objective attention (55.0%), the lack
of perceived improvement may be attributed to the specific time block
(14:05-16:50), where circadian fatigue could mask the perception of
dynamism despite high behavioral compliance. This highlights that
the AIDA-AI system acts as a pedagogical mediator whose
effectiveness depends heavily on the quality of the subsequent human
intervention and contextual factors.

5 Discussion

The results suggest that the implementation of an Artificial
Intelligence (AI) system aimed at monitoring student attention was
associated with localized improvements in specific dimensions of the
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TABLE 4 Mann-Whitney U test results by program (post-intervention comparison: experimental vs. control): U, p y r_rb by dimension and total.

Program Dimension Median Median Mean Mean
exp ctrl rank exp rank ctrl

Environmental Total 17 53.18 48.65 19.91 15.09 103.50 0.162 —0.284
Environmental DIM 1 17 18.53 17.77 18.03 16.97 135.50 0.767 —0.062
Environmental DIM 2 17 19.59 17.53 20.26 14.74 97.50 0.099 -0.325
Environmental DIM 3 17 15.06 13.35 20.88 14.12 87.00 0.044* —0.398
Civil DIM 1 22 18.32 19.36 21.80 23.20 257.50 0.722 0.064

Civil DIM 2 22 18.86 19.18 2273 22.27 237.00 0.915 —0.021
Civil DIM 3 22 15.00 14.86 22.98 22.02 231.50 0.811 —0.043
Civil Total 22 52.18 53.41 23.07 21.93 229.50 0.778 —0.052
Systems DIM 1 21 18.67 18.86 20.74 22.26 236.50 0.690 0.073

Systems DIM 2 21 18.86 18.90 21.50 21.50 220.50 1.000 0.000

Systems DIM 3 21 14.43 15.24 20.10 22.90 250.00 0.455 0.134

Systems Total 21 51.95 53.00 20.50 22.50 241.50 0.603 0.095

N = sample size per group; Exp = Experimental; Ctrl = Control; U = Mann-Whitney $US$ statistic; r_rb = rank-biserial correlation as a measure of effect size. *p < 0.05.

TABLE 5 General Wilcoxon results (n = 61): W, z, p, 1.

Dimension N A

Median
DIM 1 61 1.00 851.00 | 1200 | 0231  0.189
DIM 2 61 —0.50 57400 | —0.383 0705 | —0.063
DIM 3 61 —0.50 589.50 | —0.463 0.646 | —0.075
Total 61 0.50 85650 | 0238 | 0815  0.036

N = total matched sample size (n = 61 for both pre- and post-tests). The table contains the W
statistic for the Wilcoxon signed-rank test; r_rb = rank-biserial correlation as a measure of
effect size. No statistically significant differences were found (p > 0.05) in the pre-vs-post
comparison across the general sample.

TABLE 6 General Mann—Whitney U test results (N = 122).

Dimension N u P r_rb
Total 122 1738.00 0.531 —0.066
DIM 1 122 1883.00 0.909 0.012

DIM 2 122 1697.50 0.395 —0.088
DIM 3 122 1747.50 0.557 —0.061

N = total sample size (Control n = 61, Experimental # = 61); U = Mann-Whitney U statistic;
r_rb = rank-biserial correlation as a measure of effect size. No statistically significant
differences were found (p > 0.05) between the control and experimental groups 1.

AIDA instrument, particularly in Perception of Teaching Change (D2)
and Attentional Self-Assessment (D3). These improvements were
statistically significant within the Environmental Engineering
program, yielding p < 0.05 values in the Wilcoxon signed-rank test
and moderate to large effect sizes (r_rb = 0.52-0.58), which suggests
a potentially substantive impact of the intervention rather than merely
a marginal change.

These findings articulate with the results reported by Lu and
Cutumisu (2022), who demonstrated that self-regulated attention and
engagement act as mediators between participation and academic
performance. Consequently, the observed increases in the dimensions
of Perceived Teaching Dynamism and Attentional Self-Assessment
suggest that the AIDA-AI system not only facilitates the observation
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of attentional behavior but also promotes more sustained cognitive
engagement.

While the strict privacy-by-design architecture precluded a
traditional student-level correlation analysis (Spearman) between
Al metrics and questionnaire scores, the group-level analysis
(Table 7) revealed a functional convergence. In the Environmental
Engineering group, the sustained objective attention levels (53.6%)
aligned consistently with the significant improvements in self-
perception (p < 0.05). Conversely, in the Civil Engineering group,
the decreasing trend in objective attention (dropping from 59 to
45%) successfully predicted the lack of subjective improvement.
This macroscopic alignment validates the system’s ability to reflect
collective classroom dynamics, satisfying the need to link objective
and subjective measures without compromising student
anonymity.

Complementarily, Trabelsi et al. (2023) developed an attention
detection system based on YOLOV5, demonstrating the feasibility of
using lightweight computer vision architectures for real-time
monitoring of student behavior. Similar to that study, the AIDA-AI
system implemented in this research prioritized a non-invasive and
ethical approach, focusing on the improvement of the pedagogical
process rather than behavioral control.

According to Han et al. (2025), 1 systems based on visual detection
models like YOLOV8 enable the automatic, real-time capture of
behavioral and attentional patterns in the classroom, thereby
facilitating immediate pedagogical interventions. This empirical
evidence supports the principle that educational Al should not only
collect data but also integrate into formative feedback processes that
enhance classroom dynamics. In our case, the visual feedback and
real-time alerts likely served as input for the instructor to adjust their
methodology, which could have fostered the observed improvement
in dimensions D2 and D3.

The heterogeneity in results across programs (significant only in
Environmental Engineering) suggests that technology alone does not
guarantee improvement. The positive effect in the Environmental
group may be attributed to a higher sensitivity or more effective
adoption of the alerts by the instructor in that specific group. This
highlights that the AI system acts as a pedagogical mediator whose

frontiersin.org


https://doi.org/10.3389/feduc.2026.1753873
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Edquén Barboza et al.

10.3389/feduc.2026.1753873

TABLE 7 Comparison of objective Al attention levels vs. subjective perception by program.

Program

Analyzed
sessions (n)

Objective
attention (Al
EEPA) SD)

Subjective perception
(questionnaire mean

Trend observation

Environmental Eng. 3 53.6%

High Improvement (p < 0.05)

Convergence: High Al reactivity aligns with significant

self-perception gains.

Systems Eng. 5 55.0%

Stable/No Signif. Change

Ceiling Effect: High objective attention but lower perceived

change, likely influenced by afternoon fatigue (14:05-16:50).

Civil Eng. 3 52.0%

Stable/No Signif. Change

Divergence: Objective attention showed a decreasing trend
(59-45%) across sessions, consistent with the lack of perceived

improvement.

Al mean % represents the average of the median attention levels recorded per valid session. ‘Analyzed Sessions’ refers to classes with complete valid data streams within the 8-week observation window.

effectiveness depends heavily on the quality of the subsequent human
intervention.

From a statistical standpoint, the combined use of the Wilcoxon
signed-rank test (for intra-group comparisons) and the Mann-
Whitney U test (for inter-group contrasts) allowed the intervention
effects to be analyzed without assuming normality in data
distributions, which was appropriate given the ordinal nature of the
Likert scales employed. The effect sizes, calculated using r_rb and
Cohen’s d, complemented the interpretation of the significance,
indicating that the impact was moderate in Environmental
Engineering but only slight in Civil and Systems. This supports the
methodological recommendations of Fritz et al. (2012), who
emphasize the importance of reporting effect sizes alongside
significance to evaluate the actual magnitude of educational changes.

Pedagogically, the results align with the framework proposed by
Black and Wiliam (1998), who suggest that immediate formative
feedback strengthens both instructor and student self-regulation. In
our study, the Al-instructor system functioned precisely under this
principle, enabling real-time adjustments that favored classroom
interaction and dynamism. Similarly, Marquez-Carpintero et al.
(2023) reported that emerging technologies providing immediate
feedback enhance participation and reduce distraction in university
settings, which is in concordance with our overall results.

We recognize, however, relevant limitations. The effective sample
size was reduced due to variability in student attendance and changes
in enrollment, which may have affected the statistical power of some
tests, particularly within the Civil and Systems Engineering programs.
Furthermore, the AIDA instrument evaluates self-reported
perceptions, making the data susceptible to subjective bias, and the
duration of the intervention (2 months) limits the inference regarding
the sustainability of the effects. Finally, technical conditions (e.g.,
lighting, classroom setup) could have influenced the system’s
precision, as noted by Han et al. (2025) concerning the challenges of
visual detection in uncontrolled environments. Additionally, we
acknowledge the potential influence of the Hawthorne effect, where
students might modify their behavior due to the awareness of being
monitored. However, the system used discreet cameras, and a
habituation process was observed over the 8 weeks, suggesting a
decrease in initial reactivity.

Taken together, these findings are consistent with the hypothesis
that the integration of artificial intelligence systems with adaptive
pedagogical strategies could enhance sustained attention and
engagement in real university contexts. The statistical evidence
obtained, coupled with the theoretical and empirical coherence from
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previous research, suggests that Al can act as an effective pedagogical
mediator, fostering more dynamic, reflective, and data-driven learning.

6 Conclusion

In this research, we implemented and evaluated an instructor
support system aimed at promoting sustained attention in the
university classroom. Based on its application, the results suggest
localized improvements in engagement and attentional self-regulation
within the experimental group. This suggests that attention can be
stimulated when the student actively engages in classroom dynamics
and reflects on their own attentional process.

The system was established not only as a means of recording and
monitoring but also as a resource that facilitated pedagogical
adjustment during the session, promoting more dynamic,
participatory, and group-needs-adapted classes. Thus, these findings
provide preliminary evidence on the utility of integrating immediate
feedback mechanisms into the classroom, highlighting their potential
to support the quality of the educational in experience specific
contexts where teacher adoption is active.

We consider it relevant that future studies explore the application
of this system in other academic contexts or teaching modalities, as
well as its integration with complementary technological tools that
allow for a deeper understanding of the attentional process in real
learning environments.
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