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ABSTRACT

The article presents the results of a comprehensive study examining the relationships between students’
psychological characteristics and their digital learning behavior in a distance education system. Using a
sample of 912 students, the authors analyzed the influence of motivation, self-regulation, and anxiety on
learning activity metrics recorded with the educational platform. A multi-method approach was employed,
combining psychometric measurements with machine learning analysis of digital activity traces.The study
has identified three types of learning behavior: a group characterized by high engagement with low results, a
group with an optimal strategy and a group with intensive but ineffective activity.Paradoxical relationships
were found: a positive correlation between the number of completed tasks and dropout risk (f = 1.00),
as well as a positive correlation between engagement and risk (B = 0.12). It was established that anxiety
indirectly affects academic performance by reducing motivation and engagement.The practical significance
of the study lies in establishing empirically derived behavioral markers of academic risk: completion of
more than 20 tasks serves as an indicator of perfunctory engagement, an engagement score exceeding 67
points signifies a dysfunctional learning state, while system time surpassing 27.8 hours emerges as a robust
marker of procrastinatory behavior. These evidence-based thresholds enable the enhancement of existing
early warning systems for student dropout and the development of tailored pedagogical support strategies
addressing the specific needs of distinct student types.

Keywords: Distance learning, psychological characteristics of students, digital learning behavior,
paradoxical behavioral patterns, behavioral markers of risk.

INTRODUCTION

Modern e-learning systems provide unique opportunities for studying the relationships between students’
psychological characteristics and their digital learning behavior. Unlike traditional education, digital
platforms enable objective recording of various aspects of learning activity, in particular, work time patterns,
intensity of interaction with the provided material, and task completion dynamics.

Theoretical frameworks, including self-determination theory and models of self-regulated learning, posit
consistent relationships between psychological factors (motivation, self-regulation, anxiety) and academic
outcomes. However, empirical evidence regarding how these psychological characteristics manifest in digital
traces of learning activity remains fragmented and inconclusive.
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Numerous studies confirm this ambiguity: while some investigations report a significant link between self-
regulation and academic performance in an online environment (Ustun et al., 2024; Atherton et al., 2017),
others find only weak and unstable correlations between psychological traits and behavioral metrics (Lo et
al., 2022; Klimenskikh et al., 2019). Such contradictions strongly indicate the presence of unaccounted
moderators and methodological difficulties in measuring digital behavior.

The scientific problem addressed in this study stems from the need to resolve the following key contradictions:

1. Between theoretical models (for example, the theory of self-determination) predicting a strong
influence of psychological factors on learning activity (Wang S., 2022; Hamzah M. et al., 2022) and
empirical data showing weak and ambiguous correlations (Lo et al., 2022)

2. Between the growing capabilities of digital platforms to collect objective data on student behavior (Nkomo
et al., 2021; Alyahyan E. et al., 2020) and the lack of development of methods for their meaningful
interpretation through the prism of psychological constructs (Tellakat et al., 2019; Chorfi, 2019)

3. Between the need for personalized approaches to supporting online learning and the lack of reliable
behavioral markers for different student psychological profiles.

Thus, as numerous studies show (Lo et al., 2022; Ulum, 2022; Dedov et al., 2023), despite the recognized
importance of psychological factors and the abundance of digital data collected, there is currently no consistent
and empirically sound model linking these two domains for reliable risk forecasting and personalization in
distance learning.

The study aims to identify stable patterns of relationships between students’ psychological characteristics
(motivation, self-regulation, anxiety) and parameters of their digital learning activity, as well as to determine
significant behavioral markers of academic failure risk in distance learning conditions.

LITERATURE REVIEW

The theoretical basis of this study is the theory of self-determination (Deci, E. et al., 1985; Ryan, R. et al.,
2020) and models of self-regulated learning (Zimmerman B., 2000). According to these approaches, meeting
basic psychological needs and the ability to manage one’s learning activities are key to academic achievement.
However, empirical evidence on the manifestation of these constructs in the digital environment remains
contradictory and fragmentary. This review systematizes existing studies by examining the impact of key
psychological factors on digital learning behavior.

Intrinsic Motivation and Psychological Needs in the Digital Environment

From the standpoint of the theory of self-determination, the support of intrinsic motivation and basic
psychological needs is critically important in a distance learning environment where the student has greater
autonomy. Empirical evidence confirms that it is intrinsic motivation and independence that have a stronger
impact on learning effectiveness than external technological factors (Hamzah M. et al., 2022; Ustun et al.,
2024). The need for competence is reflected in studies on the motivational basis of information behavior,
where the strategy of “The Internet as a motivating force” demonstrates the greatest number of correlations
with educational strategies and performance indicators (Abakumova et al., 2022). At the same time, there is a
risk that students, instead of an active cognitive position, begin to try on the role of passive users of information
content (Dedov et al., 2023). The need for connectivity is reflected in research on the adoption of platforms,
where social factors such as teacher quality and social influence positively influence student motivation (Wen
et al., 2020; Octoyuda et al., 2025). Therefore, the key task is to create conditions that support intrinsic
motivation and curiosity, which is directly related to improving academic performance (Mahama et al., 2023).

Self-Regulation and Self-Efficacy as Key Competencies of Online Learning

The ability to self-regulate is crucial for organizing learning in a flexible and often less structured distance
education environment. Research highlights as key components the skills of planning, monitoring and
evaluating one’s own academic work, which are closely related to personal qualities such as conscientiousness
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(Klimenskikh et al., 2019). An important aspect is also self-efficacy, which remains highly reliable as a
predictor of success in online learning (Wang S., 2022; Vorobyeva, 2015). At the same time, empirical
evidence on the relationship of self-regulation with objective behavioral metrics is ambiguous. While some
studies confirm a significant link between self-regulation and academic performance (Ustun et al., 2024;
Atherton et al., 2017), others find only weak and unstable correlations (Lo et al., 2022). This contradiction
points to the possible indirect influence of other variables, such as the specifics of the course and the
individual preferences of students.

Anxiety and Emotional State

The psychological state of students, and, in particular, the level of anxiety, is of particular importance in
the distance learning format, which is characterized by an increased stress on the emotional sphere and
can cause stress (Abakumova et al., 2022). Research convincingly shows that the emotional experiences a
student gets during learning activities can be a more significant factor in achieving educational results than
stable personality traits (Radchikova et al., 2023). The specifics of distance learning place special demands
on psychological well-being, which necessitates the development of special recommendations to maintain it
(Borodovitsyna, 2020). At the same time, the central place in the optimization of e-learning is occupied by
the problem of students realizing the gap between their expectations and real indicators of interaction, which
in itself can be a source of stress and frustration (Chorfi, 2019). Thus, anxiety acts not just as a concomitant
factor, but as a significant element of the educational process that mediates the student’s perception and
interaction with the educational platform.

Digital Behavior and Engagement

The analysis of objective digital activity traces opens up new possibilities for measuring engagement and
learning behavior. Numerous studies are aimed at identifying behavioral patterns that correlate with
academic results. Online learning engagement is a multicomponent construct that includes factors such
as skills, involvement/interaction, productivity, and emotional state (Dixson, 2015; Nkomo et al., 2021).
Empirical studies specify these components in relation to the digital environment. Thus, Dubey . et al.
(2023) determined that the following key factors influence student engagement in the e-learning process:
perception, hedonistic motivation, usefulness, empowerment. These factors directly correlate with the basic
psychological needs of the theory of self-determination (autonomy, competence, connectivity) and self-
regulation skills. Research confirms that well-chosen course content and the adaptation of educational
materials to students’ learning styles positively affect their engagement and, as a result, academic results
(Atherton et al., 2017; El-Sabagh, 2021). Machine learning methods are actively used to diagnose and
predict academic performance, from fuzzy clustering algorithms to identify key aspects of success (Han,
2023) and mathematical models that assess the impact of a set of psychological characteristics on learning
success (Belushkina et al., 2013; Dolganov et al., 2018) to psychometric analysis of digital footprints as, for
example, in the work of Tellakat et al. (2019), where the clique behavior of students has become a reliable
indicator of learning processes. These approaches, including fuzzy clustering algorithms to identify aspects
of success (Han, 2023), allow us to move from establishing relationships to creating working models for
predicting academic risks.

Study Justification

The analysis of the literature has revealed significant gaps. Despite the recognized importance of psychological
factors and the abundance of digital data collected, there is currently no consistent and empirically sound
model linking these two domains for reliable risk forecasting and personalization in distance learning (Lo et
al., 2022; Ulum, 2022; Dedov et al., 2023). The existing data is fragmentary and often contradictory, which
strongly indicates the presence of unaccounted moderators and methodological difhiculties, in particular,
regarding the objective measurement of the psychological state (Gushchina & Ochepovskiy, 2017). Thus,
our study aims to overcome these contradictions through a comprehensive analysis of the relationships
between students’ psychological profiles and their objective digital behavior.
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METHOD
Research Design

This study employed a comprehensive approach for data collection and analysis to examine factors influencing
student academic performance and dropout risk, incorporating both psychological instruments and methods
for analyzing students” digital activity patterns. This design allows us to overcome the limitations of research
based only on self-reports and obtain a more objective picture of learning behavior (Gushchina & Anikina,
2021). Data collection was carried out during one academic semester, which provided an opportunity to
analyze the dynamics of engagement.

Participants

The study involved 912 students enrolled in a distance learning platform. Participants’” ages ranged from 18
to 45, ensuring a high sample representativeness. Of the total participants, 58% were female and 42% male.
The students represented diverse academic disciplines, enhancing the universality and practical applicability
of the findings in educational practice.

Instruments

To examine the psychological factors influencing learning performance, validated and widely-used
instruments were employed:

* Motivational Questionnaire is a validated instrument assessing levels of intrinsic and extrinsic
motivation, presence of amotivation. The scales are used to measure such parameters as autonomy,
control, and external stimuli. The questionnaire has proven constructive validity and demonstrates
high reliability (Cronbach’s a= 0.85-0.92, according to various investigations).

* The Self-Regulated Learning Scale is a complex of methods for assessing the development level of
planning, monitoring, and evaluation skills in one’s own academic work. The technique has undergone
psychometric adaptation and shows stable reliability (a0 = 0.88).

* The adapted anxiety scale is a tool designed to assess students’ anxiety levels in an academic
environment, which represents an important aspect for understanding their psychological state. The
scale has good psychometric characteristics (o0 = 0.79) and correlates with generally accepted measures
of anxiety.

* The engagement questionnaire is developed based on existing models. It is used to assess levels of
activity, interest, and sense of belonging within the learning environment. The questionnaire is based
on the Schaufeli model and demonstrates reliability (o = 0.87).

Data Collection Procedure

The data were collected over 10 weeks of the fall semester (September to November 2024). Students completed
questionnaires via the Yandex.Forms platform, which ensured anonymity and ease of participation. In
addition to the questionnaires, activity logs were collected, including login time, number of completed tasks,
frequency of interactions with educational content, and total time spent on the platform.

At the initial stage, all collected data from questionnaires and log files were organized into DataFrame tables
(Table 1), which significantly simplified their interpretation and further statistical processing, ensuring high
accuracy of analysis.
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Table 1. Source Data from Questionnaires and Log Files
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Data Analysis Methods

To analyze students’ digital activity, a comprehensive set of analytical methods was employed:

Correlation analysis — to identify relationships between psychological variables and learning activity
metrics.

Linear and logistic regression — to assess the impact of motivation, self-regulation, and anxiety on
learning engagement and dropout risk.

Cluster analysis (k-means method)- to identify typological student groups based on combined
psychological and academic indicators.

Time series analysis - to examine activity patterns and detect cyclical learning behaviors.
Multimodal feature importance analysis- to determine key risk factors for dropout.
ROC analysis - to establish threshold values for key predictive indicators.

Structural equation modeling- to develop a model of relationships between psychological characteristics
and academic outcomes.

Data processing and statistical analysis were performed using the Python programming language and its

libraries:

Pandas for efficient tabular data processing and analysis.
NumPy and SciPy for numerical computations in Python.
scikit-learn for machine learning and data mining.
Statsmodels for statistical modeling and regression analysis.

Matplotlib, Seaborn, and Plotly for data visualization and graphical representation.
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FINDINGS
Correlation Analysis of Psychological and Behavioral Indicators

At the next stage of the study, a correlation analysis was conducted to identify the relationships between the
psychological characteristics of students and their behavior in the learning environment. In particular, the
relationship between the level of anxiety and the frequency of logins to the educational platform was studied.
The results of the analysis demonstrated that this relationship is very weak and statistically insignificant. The
correlation coeflicient was r = -0.03, and the significance level was p = 0.313. This indicates that anxiety has
virtually no effect on student activity in distance learning.

An analysis of the relationship between the level of self-regulation and the number of completed tasks was
also conducted. The results, presented in Figure 1, showed a similar weak and statistically insignificant
relationship (r = -0.04, p = 0.275).
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Figure 1. Relationships between Level of Self-Regulation and Number of Tasks Completed

Regression Analysis of the Influence of Psychological Factors

To better understand the influence of psychological factors on students’ learning activities, a regression analysis
was conducted, the results of which demonstrated a limited influence of motivation and self-regulation on
students’ activity indicators. In particular, the analysis of the level of engagement revealed a weak negative
effect of motivation (B = -0.11), while self-regulation demonstrated a moderately positive effect (B = 0.64).
Similar results were obtained when assessing the number of completed tasks, where motivation (8 = -0.02)
and self-regulation (B = -0.35) demonstrated statistically insignificant coefficients (Figure 2).
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Impact of motivation and self-regulation on activity metrics
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Figure 2. Impact of Motivation and Self-Regulation on Activity Indicators

These results highlight the need to search for other factors that may have a more significant impact on
academic outcomes. In particular, variables such as cognitive ability, the competence of a certain tutor, and
organizational conditions may have a greater impact on students’ academic productivity and engagement.

Analysis of Engagement Dynamics

Analysis of weekly indicators of students’ academic
engagement revealed significant inter-individual
variability in the frequency of using the educational
platform. The dynamics of engagement are
characterized by heterogeneity: from stable patterns of
cognitive activity to pronounced fluctuations (Figure
3). Some subjects showed cyclical fluctuations with
a period of 2-4 weeks, which may correlate with the
well-known phenomena of motivation cyclicality and
the dynamics of self-regulated learning in educational
psychology. These results are consistent with modern
ideas about the non-linear nature of academic
engagement and emphasize the need to develop
personalized trajectories of pedagogical support.
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Cluster Analysis of Student Profiles

The study involved the cluster analysis of the academic and psychological indicators of 912 students using the
k-means method (k=3). Seven key parameters were included in the analysis: motivation level, self-regulation
ability, anxiety index, engagement level, activity on the educational platform, number of completed tasks,
and total learning time. The results of the analysis revealed an even distribution of students between the three
identified clusters, indicating the existence of fundamentally different types of learning behavior among

students (Figure 4).
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Figure 4. Cluster Analysis of Academic and Psychological Performance of Students

A detailed analysis of paired distributions revealed the following patterns:
* Three clusters are clearly differentiated based on motivation level (high, medium, and low), indicating
the existence of different motivational strategies among students.

* A stable inverse relationship was found between motivation and anxiety indicators (r = -0.67, p <
0.001), which is consistent with modern concepts of the influence of emotional states on learning

activities.
* 'The interaction of the analyzed parameters is nonlinear, forming complex patterns of learning
behavior.
The results of the cluster analysis are presented in Table 2:
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Table 2. Results of Cluster Analysis

cluster Completed Tasks (M+SD) Engagement (M+SD) Time Spent (min, M+SD) Number of students
0 12.12+3.45 81.97+6.12 4086.63 +1124.78 300
1 14.37 £4.02 65.66 +7.83 2432.30+987.45 289
2 25.24+£5.89 76.35+5.67 3314.57 £ 1056.32 323

Cluster 0 demonstrates a paradoxical combination of maximum engagement (81.97) with a minimum
number of completed tasks (12.12) at extremely high time costs (4086 min). This profile may correspond to
cases of “illusory productivity”, when formal activity does not lead to real academic achievements.

Cluster 1 is characterized by balanced indicators for all analyzed parameters, which indicates an optimal
strategy for learning activities. Cluster 2 unites students with maximum academic activity (25.24 tasks), but
at the same time demonstrates a suboptimal ratio between the number of completed tasks and time spent
(3314 min), which may indicate insufficient effectiveness of learning strategies.

Analysis of Dropout Risk Factors

The study included a comprehensive analysis of factors associated with the risk of academic dropout. Cluster
analysis with a pre-defined three-category structure (0, 1, 2) confirmed the validity of the original theoretical

model and revealed stable patterns of academic behavior.

The anxiety level measured on a 5-point scale demonstrated significant variability (min = 1.00, max = 5.00),
which reflects the heterogeneity of the students’ psycho-emotional state (Figure 5).
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Figure 5. Impact of Anxiety Level on Academic Performance and Student Engagement

Multimodal analysis of factor significance (Table 3) was conducted using three metrics: the Gini index,
permutation importance, and logistic regression coefficients, followed by aggregation into an integral

indicator of average importance (Figure 6).
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Table 3. Ranking Predictors of Academic Dropout by their Grade of Influence

Gini Importance Permutation Importance Logit Regression Coef Average Importance
Completed Tasks 1.00 1.00 1.00 1.00
Engagement 0.03 0.06 0.28 0.12
Time Spent 0.02 0.02 0.21 0.08
Motivation 0.01 0.00 0.23 0.08
Anxiety 0.01 0.03 0.05 0.03
Login Count 0.00 0.04 0.05 0.03
Self-Regulation 0.03 0.05 0.00 0.03

Impact of factors on student dropout risk
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Figure 6. Impact of Factors on the Risk of Student Dropout

Multivariate analysis identified the three most relevant predictors of dropout risk (Figure 7):

1. Completed tasks (B = 1.00). There is a paradoxical positive relationship with risk (+12.0 p.p.), which
can be explained by compensatory behavior or formal performance.

2. Engagement (B = 0.12). We can note some minimal increase in risk with high engagement level (+2.3
p-p.), probably associated with its dysfunctional forms.

3. Time spent (B = 0.08). There is some increase in risk by +39.7 minutes, which is consistent with
procrastination models.
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Figure 7. Predictors Showing the Risk of Dropping Out

ROC analysis revealed significant thresholds:

* >20 tasks — a signal of formal performance or compensatory behavior.

* >07 engagement points — a risk of dysfunctional engagement or burnout.

* >27.8 hours — an indicator of low productivity or procrastination.

Structural Modeling of Relationships

At the next stage of the study, an analysis of the structural relationships between the psychological
characteristics of students and their academic performance was conducted (Figure 8).

affects

reduces

Mativation Self-regulation

reduces

increases increases

Engagement

reduces increases

Completed Assignments

Dropout Risk

Figure 8. Structural Relationships Between Students’ Psychological Characteristics and Their Academic

Performance

The results of the path analysis revealed a complex system of interdependencies that explain the mechanisms
of formation of the risk of dropping out. It was found that anxiety has a double negative effect: it directly
reduces the level of motivation and at the same time directly increases the risk of dropping out. At the same
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time, motivation, in turn, demonstrates a positive effect on engagement and acts as an important mediating
link in the chain of academic consequences.

Of particular interest is the identified chain of indirect influence of anxiety on the risk of dropping out
(Figure 9). This sequence confirms the key role of motivational and volitional factors in academic success.

reduction of . .
. . increase in the
. ) decrease in . decrease in . number of . :
anxiety > . > > > risk of
motivation engagement completed dropping out
U
tasks

Along with the observations mentioned, it was found that self-regulation performs a protective function,
exerting both a direct influence on reducing the risk of dropping out and an indirect one through increasing
the level of engagement. These results are consistent with modern ideas about the importance of self-regulated
learning in academic adaptation.

The revealed paradoxical relationships deserve special attention. In particular, the formal completion of
assignments demonstrates a positive correlation with the risk of expulsion, which can be explained by the
compensatory behavior of students with low academic performance or superficial learning activity without
deep acquisition of the material. Similarly, high engagement in some cases is associated with a slight increase
in the risk of dropping out, which allows us to speak about the phenomenon of dysfunctional involvement.

RESULTS

The data analysis revealed the following key patterns:

1. It has been stated that traditional psychological factors such as motivation, self-regulation, and anxiety
have a complex, indirect, and nonlinear effect on learning activity in a digital environment rather than
a direct one. In particular, a complex chain of relationships has been identified. A high level of anxiety
leads to a decrease in academic motivation, which, in turn, leads to a decrease in academic engagement.
The result of low engagement is a reduction in the number of completed study assignments, which
ultimately increases the risk of dropping out.

2. Paradoxical behavioral patterns have been found that cast doubt on the adequacy of traditional
quantitative metrics for assessing academic performance. These include the phenomenon of “illusory
productivity”, when students demonstrate high formal activity (for example, frequent logins and
clicks) with low real academic achievements. Moreover, a positive correlation was found between
the number of completed tasks and dropout risk, which calls into question traditional metrics for
assessing academic performance.

3. Cluster analysis revealed three stable types of learning behavior, which differ statistically significantly
in a combination of psychological characteristics and patterns of digital activity. This confirms the
hypothesis about the heterogeneity of the student population in the digital environment.

DISCUSSIONS AND CONCLUSION

The present study makes a significant contribution to understanding the mechanisms of academic success in
an electronic educational environment. The results are generally consistent with existing studies emphasizing
the importance of motivation and self-regulation for learning. However, our data has also revealed important
discrepancies and clarifications.

There are various practical recommendations arising from the results of the study:

1. For early warning systems of academic risks, it is proposed to use the identified behavioral markers.
These include completing more than 20 tasks in a short period of time as an indicator of compensatory
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behavior, engagement above 67 points as a sign of a risk of dysfunctional engagement, and spending
more than 27.8 hours per week in the system as a possible marker of procrastination.

2. 'The developed model of structural relationships indicates the need for comprehensive monitoring of
both psychological characteristics (especially anxiety) and digital traces of activity. This integrative
approach will make it possible to identify students at risk in a timely manner.

3. The identified types of learning behavior require different strategies of pedagogical support. For
students with “illusory productivity,” developing metacognitive skills and learning deep information
processing strategies will be most effective. For students with compensatory behavior, it is necessary,
first of all, to work with the motivational sphere and anxiety.

Implications for further research are related to an in-depth study of the identified paradoxical effects, the
development of algorithms for automatic recognition of types of educational behavior based on digital
traces, and the creation of adaptive support systems for students with different psychological profiles. Of
particular interest is the study of the influence of cognitive factors and the quality of educational materials
on the identified relationships.
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