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Application of Exploratory Data Analysis for Investigating Factors
Influencing Sleep Quality

Relevance. The research of the multifactorial nature of sleep quality requires the analysis of large datasets, which is impossible
without the use of exploratory data analysis (EDA) methods to identify hidden patterns. In this regard, the development of
approaches for the intelligent analysis of factors influencing sleep is a relevant scientific and technical task. Goal. To examine
and identify the relationships between physiological, behavioral, and environmental factors and sleep quality using exploratory
data analysis methods. Research methods. The research was based on exploratory data analysis (EDA) methods, primarily
aimed at examining the presence of correlations between sleep quality and variables such as sleep duration, stress level, and
physical activity. The subsequent construction of a heatmap was necessary to identify latent relationships and to extract the most
relevant features. In addition, a linear regression model, a decision tree model, and a logistic regression model were employed
to investigate the factors influencing human sleep quality. The results. The results obtained using the developed software
application with a graphical user interface for analyzing factors influencing human sleep quality are presented. The software
application enables data loading, exploratory data analysis, model construction, and result visualization in a user-friendly format.
It supports the application of both classification and regression algorithms, allowing it to be adapted to a wide range of analytical
tasks. An analysis of the obtained results was conducted, and models with the highest accuracy, adaptability to complex
relationships, and interpretability were identified. Conclusions. The obtained results confirm the versatility of decision tree
methods for the analysis of sleep-related factors. Their accuracy and algorithmic transparency make this approach optimal for
modeling complex interrelationships within the scope of the study. Overall, the analysis of factors influencing sleep using EDA
methods enables the transformation of complex data into meaningful analytical models, which represents a relevant task for
digital medicine.
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1. Introduction

Under contemporary conditions of increased psychological and emotional stress, an unstable socio-
economic environment, and prolonged exposure to stressors, the issue of sleep quality has become
particularly significant. Chronic sleep deprivation and disturbances in sleep architecture adversely affect
an individual’s physical, mental, and cognitive functioning, increasing the risk of cardiovascular,
endocrine, and mental disorders. Moreover, reduced sleep quality is associated with decreased
productivity, impaired attention and memory, as well as elevated levels of anxiety. [1]. Sleep quality is
regarded as a complex multifactorial characteristic shaped by the influence of a range of physiological,
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psychological, and behavioral factors. These factors include age, body mass index, level of physical
activity, stress level, blood pressure, sleep duration, as well as the presence of chronic diseases or sleep
disorders such as insomnia or sleep apnea [2]. In countries where societies are exposed to unusual stressful
conditions, there is an observed increase in the incidence of insomnia, nocturnal awakenings, difficulties
falling asleep, and elevated anxiety levels, which negatively affect the overall health of the population
[3]. In Ukraine, according to sociological surveys, nearly half of the population reports a decline in sleep
quality since the onset of the full-scale invasion, which is associated with elevated levels of anxiety,
forced displacement, and an unstable living environment [4, 5].

Sleep quality is traditionally assessed using questionnaires, clinical instruments, or wearable trackers.
However, these methods have certain limitations, ranging from subjectivity to the high cost of equipment,
which reduces the accessibility of comprehensive diagnostics for a wide range of users. Consequently, in
recent years, there has been growing interest in the application of analytical approaches and machine
learning algorithms to study and predict sleep quality based on available physiological and behavioral
parameters.

Regression and classification methods allow for the identification of key factors affecting sleep, as
well as the construction of predictive models capable of detecting potential disorders or forecasting sleep
quality levels [6]. Their application provides flexibility, adaptability to various types of data, and high
accuracy, provided that proper approaches to input data processing are employed. Research findings
indicate the effectiveness of such models in addressing tasks related both to sleep quality prediction and
insomnia diagnosis [7, 8]. The relevance of this research is driven by the need to develop tools that enable
the effective analysis of factors influencing sleep using open data and mathematical models. This is
particularly valuable in the context of psychoprophylaxis, early risk detection, and the promotion of
population mental health.

2. Objective of the study and research tasks

The primary objective of this study is to investigate and identify the relationships between
physiological, behavioral, and environmental factors and sleep quality using exploratory data analysis
(EDA).

To achieve this objective, the following research tasks are defined:

1. To analyze the characteristics of studying factors influencing human sleep quality.

2. To conduct an analytical review of machine learning methods relevant to achieving the study
objectives.

3. To perform exploratory data analysis on the datasets considered in the study.

4. To develop algorithmic models for investigating factors affecting human sleep quality using
machine learning techniques.

5. To implement a software application for conducting the study, including visualization of the
obtained results.

6. To assess the obtained results.

Obiject of the Study: The process of investigating factors influencing human sleep quality.

Subject of the Study: Applying Machine Learning Techniques to the Analysis of Factors Affecting
Sleep Quality.

The analysis of factors influencing sleep quality requires the completion of the following tasks:

Prediction of the numerical value of a respondent’s sleep quality score (ranging from 1 to 10) based
on parameters such as age, sleep duration, stress level, and physical activity;

Determination of the presence or absence of a sleep disorder in an individual based on their
physiological and behavioral characteristics. Classification is performed by dividing the data into two
categories: ‘sleep disorder present’ and ‘sleep disorder absent.

3. Research methods

3.1 Exploratory data analysis

Exploratory data analysis (EDA) is a fundamental stage in the data analytics lifecycle, aimed at
thoroughly familiarizing oneself with the available dataset prior to the construction of machine learning
models or statistical hypotheses. The concept of EDA was first formulated by the American
mathematician and statistician John Tukey in the 1970s. In his seminal work, he emphasized the
importance of studying data in their “raw” form to uncover hidden patterns, rather than merely confirming
pre-established assumptions [9]. In practice, EDA serves as an intermediate bridge between the data
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acquisition stage and data preparation for modeling. Its primary objective is to examine the data structure,
identify outliers, missing values, anomalies, potential relationships between variables, and possibly
erroneous or incorrect observations. The quality of EDA directly influences both the accuracy of the
constructed models and the validity of the analytical decisions made [10].

Within a typical Data Science lifecycle, EDA is usually conducted after the data cleaning stage and
prior to the construction of predictive or classification models. Its outcomes can significantly influence
the selection of variables, determine the appropriateness of transformations, or reveal new relationships
that were not initially apparent. In particular, identifying strong correlations between predictors or
visualizing their distributions enables the formulation of valid hypotheses regarding causal relationships
[11].

Structurally, EDA encompasses a range of approaches: descriptive statistics (mean, median, variance),
graphical visualization (boxplots, histograms, scatter plots), and basic tools for identifying relationships
(correlation matrices, cluster analysis). In most modern approaches, EDA results serve not merely as an
auxiliary tool but as a full-fledged analytical component that informs the subsequent strategy for model
development or decision-making. Thus, EDA is not simply a preparatory stage but a comprehensive
analytical practice that enables a researcher to interact with data in an informed manner. Its systematic
application helps to avoid critical errors in subsequent stages, improves model quality, and fosters a
deeper understanding of the subject domain.

In modern data science, the process of information analysis is implemented as a cycle comprising
several sequential stages: data collection, cleaning and preparation, exploratory data analysis, model
construction, evaluation of results, implementation, and subsequent monitoring [12]. Within this
sequence, the EDA stage functions as a bridge between preliminary data processing and formal modeling,
allowing for a deeper understanding of the nature of the data, as well as an assessment of its quality,
structure, and statistical patterns.

EDA enables the identification of trends, anomalies, missing values, and multicollinearity, as well as
the formulation of hypotheses regarding potential relationships between variables. For this reason,
performing EDA is a necessary prerequisite for making informed decisions about the choice of an
appropriate machine learning algorithm, the method of data normalization, or the feature engineering
strategy [13].

3.2 Methods for studying factors affecting human sleep quality

The investigation of factors influencing human sleep quality is a complex interdisciplinary task that
integrates medical, psychological, and analytical aspects. Sleep quality is shaped by a set of interrelated
variables: physiological (age, body mass index, heart rate, blood pressure), psychological (stress level,
anxiety, depression), and behavioral (physical activity, number of steps, sleep duration and latency, daily
routine). In real-world conditions, these variables can exert both independent and combined effects, which
significantly complicates the construction of a definitive analytical model.

The complexity of the analysis is further heightened by the high variability of individual
characteristics: for example, age and sex may modify the impact of stress on sleep, while physical activity
can either improve sleep or worsen it in the case of excessive exertion. Moreover, a significant portion of
the variables in sleep quality studies are latent (i.e., not directly observable) and require indirect
assessment methods, such as questionnaires, biometric sensors, or psychophysiological testing [2].

Traditionally, scientific practice employs descriptive statistics, correlation analysis, regression,
classification, and factor analysis methods to study such complex systems. For example, research on the
relationship between BMI and the frequency of nighttime awakenings typically begins with describing
mean values within groups and formulating hypotheses regarding their dependence. Subsequently,
multivariate analysis methods are applied, allowing the simultaneous consideration of the effects of
multiple variables on sleep quality [6].

In contemporary conditions, with the availability of large volumes of data from sleep trackers,
questionnaires, and medical devices, machine learning algorithms are increasingly used, allowing for the
consideration of nonlinear relationships between parameters. This enables researchers not only to confirm
the influence of individual factors but also to develop predictive models of sleep quality for specific
population groups. Thus, the study of sleep quality factors requires an integrated approach that combines
classical statistical methods with modern data-driven algorithms. This approach allows for the
consideration of variable interdependencies, improves diagnostic accuracy, and opens prospects for
personalized interventions in the field of sleep medicine.
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One of the key directions in the study of factors affecting sleep quality is regression analysis—a
classical statistical approach that enables modeling relationships between variables in the form of
functional dependencies. In the context of sleep research, this approach makes it possible to predict
guantitative characteristics, such as sleep quality scores or sleep duration, based on the influence of
predictors including age, stress level, physical activity, body mass index (BMI), and heart rate.

The simplest method is linear regression, which assumes a linear relationship between independent
variables and the target variable. In sleep studies, linear regression is often used to assess the extent to
which a change in one factor (e.g., the number of daily steps) is associated with an improvement or
deterioration in sleep [8]. However, when relationships are more complex or involve interactions among
multiple factors, multivariate regression is applied, allowing the simultaneous modeling of the effects of
several variables. Furthermore, in the field of behavioral sleep medicine, regression models are used not
only for prediction but also to evaluate the importance of individual variables. For example, in the study
by Lundgren O., Moneta G. B. (2011) the relationships between depression, anxiety, and physical
symptoms (headache, somatic complaints) and subjective sleep quality were analyzed. It was found that
depressive symptoms and anxiety were the strongest predictors of poor sleep quality [14]. In the study by
Lemma et al. (2012), predictors of poor sleep quality were identified, including stress, anxiety,
depression, excessive use of electronic devices, and poor sleep hygiene [15]. The study demonstrates a
strong association between psychological state and subjective sleep quality. Such approaches enable a
more targeted strategy for addressing factors that contribute to sleep disturbances.

Another popular method is regression trees (decision tree regressors), which offer advantages in
interpretability and the ability to account for nonlinear relationships. Unlike linear regression, trees split
the data into subgroups based on specific features (e.g., age > 45), allowing for more precise identification
of patterns within different respondent groups. The application of regression tree methods in sleep
research has practical significance: the resulting models enable the development of automated systems
for predicting sleep quality and timely risk detection. When combined with EDA methods, this approach
enhances the accuracy and adaptability of solutions in the field of medical technologies.

When the objective of a study is to identify the presence or absence of a sleep disorder, classification
methods are employed—a machine learning approach that allows the dataset to be divided into discrete
categories. In this case, the target variable is binary or categorical (e.g., 0 - no disorder, 1 - presence of a
sleep disorder), while the independent variables consist of physiological, behavioral, or psycho-emotional
factors.

One of the fundamental tools of classification is logistic regression—a mathematical model that
estimates the probability of belonging to a particular class based on the logistic function. In sleep quality
research, logistic regression is used to identify the factors that most strongly influence the likelihood of
disorders such as insomnia or sleep apnea [9]. This method also allows for the calculation of the weight
of each factor, enabling not only prediction but also the interpretation of the contribution of each feature.

Another popular approach is decision tree classification, which hierarchically splits the dataset based
on features, forming rules such as: “if stress level > 6 and sleep duration < 5 hours, then the probability
of insomnia is high.” The advantage of this method lies in its interpretability—the researcher can easily
trace which factors were decisive in assigning an observation to a particular class. [16].

For tasks with imbalanced classes (for example, when the majority of respondents do not have
disorders and only a small portion do), more advanced algorithms such as Random Forest or Support
Vector Machines can be applied. These methods improve classification accuracy by simultaneously
accounting for multiple factors [17].

Classification models are indispensable in the field of sleep research, as they enable the automated
and highly accurate identification of at-risk groups. This is particularly relevant in large population
studies or in the development of personalized health monitoring systems.

In contemporary sleep quality research, combining exploratory data analysis (EDA) with the
development of predictive or classification models is considered an effective approach. This methodology
not only allows for the description of the structure of the available data but also facilitates a deep
understanding of the relationships between variables and the identification of hidden patterns, which can
subsequently serve as the foundation for machine learning models.

EDA serves as the initial stage—visualizing the distributions of sleep duration, stress level, BMI, heart
rate, and other factors allows for the formulation of hypotheses regarding their influence on sleep quality.
Using histograms, boxplots, or heatmaps, one can identify, for example, a negative correlation between
stress level and sleep quality, or excessive variability in physical activity across different age groups.
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Based on such insights, predictive models are developed, including regression models for estimating
numerical indicators (e.g., sleep quality scores from 1 to 10) and classification models for determining
the likelihood of disorders (insomnia, sleep apnea, etc.). Thus, models are not constructed “blindly”” but
rely on clearly identified relevant variables revealed through EDA. The integration of EDA and machine
learning enhances the interpretability of results and provides a better understanding of causal
relationships, which is particularly important in sensitive domains such as sleep research, where an
imperfect model may lead to incorrect interpretations of medical risks [18].

Thus, the combination of descriptive, visual, and modeling methods creates an integrated analytical
framework that not only enables predictions to be made but also allows them to be interpreted within an
applied context.

One of the fundamental tools is linear regression, which models the relationship between predictors
(age, sleep duration, stress level) and the sleep quality score. Such a model is easily interpretable, enables
the evaluation of each variable’s contribution, and helps identify the main factors affecting nighttime rest.
At the same time, in cases where nonlinear relationships or a high degree of interdependence among
predictors (multicollinearity) are observed, regression trees (Decision Tree Regressors) are preferred.
This method constructs the model as a sequence of conditions, allowing for the identification of complex
interdependencies between variables without the need for prior transformation.

In the context of sleep research, regression models are often used to estimate the average level of sleep
quality based on physiological and behavioral characteristics, such as the frequency of physical activity,
the presence of daytime stress, or the average duration of awakenings. Additionally, regression models
are employed to assess the effectiveness of corrective interventions—such as changes in sleep hygiene,
physical activity, or reduction of stressors. In this way, regression serves not only as an analytical tool
but also as a means of monitoring quality of life, particularly within clinical diagnostics or studies of
psycho-emotional state.

Another effective method is the decision tree classifier, which constructs a model as a sequence of
branching conditions based on predictor values. This structure allows researchers not only to classify
subjects but also to trace the logic of decision-making, which is especially valuable in medical or
psychological contexts. In more complex cases, where data contain a large number of variables or exhibit
high levels of noise, ensemble methods such as Random Forest or Gradient Boosting are applied. These
algorithms combine the advantages of multiple decision trees, enhancing result stability and reducing the
risk of overfitting. Studies demonstrate that such methods allow for highly accurate classification of sleep
disorders even when only a limited number of variables are available [19-22].

4. Research Results

4.1 Initial Data

The study utilized a structured dataset, referred to as the ‘Sleep Health and Lifestyle Dataset’ [23],
which comprises information on individuals’ physiological, behavioral, and social characteristics
potentially affecting sleep quality. This dataset serves as a well-structured source of input information for
the developed software application. The data were stored in a tabular format (.csv), ensuring ease of
processing and compatibility with the selected tools in the Python programming language.

The table contains 374 rows, each representing an individual respondent, and twelve variables that are
important for modeling purposes. Below is a list of the main columns included in the input data:

1. Person ID - a unique identifier for each study participant. This variable serves an administrative
purpose and is not considered in subsequent analysis.

2. Occupation - type of professional employment. A categorical variable reflecting social status and
lifestyle.

3. Gender - the respondent’s sex (Male or Female). A nominal variable.

4. Age - age of the respondent (quantitative variable).

5. Sleep Duration - number of hours of sleep per day (float).

6. Quality of Sleep - subjective assessment of sleep quality on a scale from 1 to 10. This variable
serves as the target in the regression task.

7. Physical Activity Level - level of physical activity, represented as a quantitative value from 0 to
100. Reflects the respondent’s overall daily movement, with higher values corresponding to more active
individuals. Used as a quantitative predictor in modeling.

8.  Stress Level - the respondent’s stress level on a scale from 1 to 10 (self-reported).

9. BMI Category - body mass index category (Underweight, Normal, Overweight, Obese).
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10. Blood Pressure - arterial blood pressure, presented in the “systolic/diastolic” format, e.g.,
“120/80.”

11. Heart Rate - heart rate (beats per minute).

12. Daily Steps - average number of steps per day.

13. Sleep Disorder - type of sleep disorder, if present. Possible values: “None,” “Insomnia,” or
“Apnea.” This variable serves as the target in the classification task.

For the purpose of further processing, these variables were classified into quantitative, categorical,
and target types. Specifically, the variable “Quality of Sleep” serves as the target in the regression task,
while “Sleep Disorder” serves as the target in the classification task. The remaining parameters are used
as predictors.

During the initial analysis stage, a verification of missing values, variable types, and a visual
assessment of proper formatting was conducted. Before proceeding to model construction, each variable
was checked for missing or anomalous values, adherence to realistic ranges within the context of the
study, and the presence of excessive repetition. Basic visualization methods—nhistograms, boxplots, and
scatter plots—were used to better analyze the distribution of values and to identify potential anomalies.
Additionally, the degree of differentiation among variables was assessed to avoid situations in which two
features are nearly identical, which could affect model stability. This analysis ensured that the selected
factors genuinely influence sleep quality and can be useful for training algorithms.

4.2 Original Dataset

After completing the preliminary data processing, the software automatically generates modeling
results, which are presented in an interpretable format—numerical, graphical, or combined. The type of
output depends on the chosen task: regression or classification.

When the selected task involves predicting sleep quality, i.e., a numerical indicator representing the
respondent’s subjective assessment of sleep, the model produces a point estimate on a scale from 1 to 10.
This prediction is based on a combination of input variables, including age, sleep duration, stress level,
and physical activity. Such an approach enables analytical forecasting of individual sleep quality prior to
direct medical or clinical evaluation. If the user selects a classification task, i.e., determining whether an
individual has a sleep disorder, the model analyzes the input features and outputs a categorical result as
one of two classes: “sleep disorder present” or “sleep disorder absent.” This approach enables the early
identification of potential sleep disorder risks and can be used as an auxiliary tool for preliminary
screening.

To evaluate the performance of each model, the software automatically calculates a set of relevant
quality metrics. For regression models, MAE (Mean Absolute Error) is used to reflect the average
deviation of predicted values from actual values; MSE (Mean Squared Error) assigns greater weight to
larger errors; and R? (coefficient of determination) indicates the degree of agreement between the model
and the actual data. For classification tasks, performance is assessed using metrics such as Accuracy,
which measures the overall classification correctness.,

Precision - the accuracy of predicting the positive class; Recall - the completeness of identifying the
positive class; F1-score - a combined metric representing the harmonic mean of Precision and Recall.

4.3 Exploratory Data Analysis and Data Preprocessing

The developed application allows EDA to be performed directly through the interface, which
implements the construction of four main types of plots. By clicking the “EDA (Data Analysis)” button,
the user is presented with graphical visualizations that help form an initial understanding of the data.

The first plot—a boxplot of BMI by sleep disorder type (Figure 1)—illustrates the distribution of body
mass index across the groups None, Sleep Apnea, and Insomnia. It can be observed that the mean BMI
values differ slightly between groups. For example, respondents with sleep apnea tend to have higher
BMI values. The presence of outliers in the plot indicates individual atypical values, which could
potentially influence model performance.



ISSN 2304 -6201

Bulletin of V.N. Karazin Kharkiv National University

12 series «Mathematical modeling. Information technology. Automated control systems» issue 69, 2026
40
35 A
2 m @ 8 ® & o
S
E 5
v
©
E -2 ~——“_— -—-v*—‘
< 25
[}
o
e —— e Oe oo * @O ee 9
20 A
15 Ll T T
None Sleep Apnea Insomnia

sleep disturbance

Fig. 1. Boxplot of Body Mass Index (BMI) distribution by sleep disorder type
Puc. 1. Boxplot posnodiny inoexcy macu mina (BMI) 3a munamu nopywens cry

The second plot—a scatterplot showing the relationship between age and sleep duration (Figure 2)—
reveals a slight trend: as age increases, the average sleep duration tends to decrease slightly. It is also
evident that respondents with different sleep disorders are concentrated in specific ranges. For example,
most individuals with insomnia fall within the 30-45-year age range and have sleep durations of less than

7 hours.
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The third plot—the distribution of sleep disorder types (Figure 3)—illustrates class imbalance. The
largest number of respondents belongs to the “None” group, indicating no sleep disorders, whereas the
“Sleep Apnea” and “Insomnia” groups are represented by significantly fewer individuals. This
distribution should be taken into account when constructing classification models, as the imbalance may
lead to bias toward the majority class.

200 -

150 -

100 -

number of cases

50 -

None Sleep Apnea Insomnia

Fig. 3. Histogram of respondents by sleep disorder type
Puc. 3. l'icmoepama po3nodiny pecnoHOeHmis 3a Munamu ROPYuLeHb CHy

The fourth plot - a correlation heatmap (Figure 4) - visually illustrates the relationships between
numerical features. The strongest positive correlation is observed between sleep duration and sleep
quality (coefficient ~ 0.88), whereas stress level shows a negative correlation with sleep quality (= -0.90).
This supports the hypothesis that chronic stress significantly reduces sleep quality. A strong correlation
is also observed between daily steps and physical activity level (= 0.77), which is consistent with the
nature of these indicators. The provided heatmap illustrates how various factors (such as age, sleep, stress,
and activity) are interrelated. Red colors indicate that as one variable increases, the other tends to increase
as well (positive correlation), while blue colors indicate that as one variable increases, the other tends to
decrease (negative correlation). The intensity of the color reflects the strength of the correlation.

Considering the variable “target” (the dependent variable), it shows a moderate positive correlation
with Age (coefficient 0.43) and Person ID (0.45). This suggests that, in general, the target value slightly
increases with age. The Person ID is almost perfectly correlated with Age (0.99), indicating that older
individuals have higher IDs in this dataset. In contrast, Sleep Duration (-0.34) and Sleep Quality (-0.31)
exhibit a weak negative correlation with the target, meaning that longer and higher-quality sleep is
somewhat associated with lower target values. Heart Rate shows a weak positive correlation with the
target (0.33). Meanwhile, Physical Activity Level, Stress Level, and Daily Steps display very weak or
nearly nonexistent linear relationships with the target, with coefficients close to zero.

Among other factors, several very strong relationships stand out. The most notable is the extremely
strong negative correlation between Sleep Quality and Stress Level (-0.90), indicating that higher stress
levels are associated with a marked decrease in sleep quality. Sleep Duration also decreases significantly
with increasing stress levels (-0.81). It is logical that Sleep Duration and Sleep Quality are strongly
positively correlated (0.88), meaning that longer sleep is generally of higher quality. Additionally, higher
Stress Levels are noticeably correlated with higher Heart Rate (0.67), whereas better Sleep Quality and
longer Sleep Duration are associated with lower Heart Rate (-0.66 and -0.52, respectively). Physical
Activity Level is also strongly correlated with Daily Steps (0.77), which is expected.
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In summary, performing EDA allowed for verification of the dataset quality, identification of key
relationships, and formulation of hypotheses regarding significant factors. These findings subsequently
serve as the foundation for constructing regression and classification models.

4.4 Analysis of the results obtained

As a result of running the linear regression model, predictions of sleep quality were made based on
the variables age, sleep duration, stress level, and physical activity level. The obtained numerical
indicators indicate high model quality. The Mean Absolute Error (MAE) is 0.32, reflecting a small
average deviation of predicted values from the actual values. The Mean Squared Error (MSE) is 0.18,
demonstrating model stability with a low incidence of large errors. The coefficient of determination (R?)
is 0.88, indicating that 88% of the variance in the target variable is explained by the selected predictors.

For a visual representation of the model’s accuracy, a scatter plot was constructed (Figure 5), with the
true sleep quality values on the X-axis and the predicted values on the Y-axis.
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Fig. 5. Scatter plot for the Linear Regression model
Puc. 5. liazpama poscitosanns ons modeni Linear Regression

The ideal line is represented by a dashed line and corresponds to a perfect match between predicted
and actual values. Analysis of the scatter plot shows that most points are clustered along this line,
confirming the adequacy of the model. No visible systematic deviations or outliers are observed.

Thus, the linear regression model demonstrated a high capacity to predict the target variable based on
the available parameters, making it a suitable baseline tool for predictive analysis in tasks related to sleep
quality assessment.

The next stage involved using a Decision Tree algorithm for the regression task, which allows the
construction of an interpretable model based on a hierarchical splitting of the dataset according to feature
values. After training the model, the resulting metrics indicate very high prediction accuracy. The MAE
is 0.03, reflecting an almost negligible average error. The MSE is also 0.03, indicating minimal deviations
in the predictions. The highest performance is demonstrated by the coefficient of determination, R? =
0.98, meaning that 98% of the variance in the target variable is explained by the selected features.

Such an R? value indicates an almost complete correspondence between predicted and actual values.
At the same time, this very high accuracy may suggest a risk of overfitting, especially given the limited
size of the training dataset, which necessitates additional validation on an external dataset. It should be
noted that the structure of the decision tree allows interpretation of the decision-making process, which
can be useful when applying the model in medical or social research.

In the scatter plot (Figure 6), almost all points lie on or very close to the ideal prediction line.
Deviations are minimal, so the graph practically demonstrates a match between predicted and actual
values. This confirms the high accuracy of the model as well as its potential for further use in sleep quality
prediction tasks.

104 e predicted value
real meaning 7
-
w
8 e I)f
V] ”
=2 -
o ’
> 2
©
U o /t
k)
- P
© ~
@ p
g
[=X
o]
24
04 '_]
0 2 4 6 8 10

real meaning

Fig. 6. Scatter plot for the Decision Tree Regressor model
Puc. 6. [liaepama poscirosanns ons mooeni Decision Tree Regressor
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Thus, the decision tree model demonstrates high predictive accuracy, making it suitable for tasks
where minimizing error, ensuring interpretable decision logic, and adapting to new input data are
important. For the classification task, a logistic regression model was used to predict the probability of
each respondent belonging to one of two classes: absence of sleep disorders or presence of a sleep
disorder. Features included age, stress level, and physical activity. The target variable was formulated as
a binary indicator: class “0” - normal sleep, class “1” - presence of a disorder (insomnia or apnea).

The obtained results indicate moderate performance of the model. Accuracy is 0.72, meaning that 72%
of predictions were correct. Precision = 0.68 indicates that nearly 7 out of 10 predictions regarding the
presence of a sleep disorder were correct. Recall = 0.61 shows that the model identified 61% of all actual
sleep disorder cases. F1-score = 0.64 reflects the balance between precision and recall and characterizes
the overall classification quality.

Additionally, a histogram of predicted classes was constructed (Figure 7), illustrating the distribution
of respondents with and without sleep disorders.
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20

number of cases

10
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Fig. 7. Predicted class distribution for the Logistic Regression model
Puc. 7. Po3noodin nepedbauenux xracis ons mooeni Logistic Regression

The plot shows that the model slightly favors predicting the “no disorder” class, which may be related
to the class imbalance in the dataset. However, the overall shape of the distribution corresponds to the
actual data structure, indicating that the algorithm behaves adequately.

Thus, the logistic regression model demonstrated satisfactory accuracy and balance in classifying the
binary variable. Considering its simplicity, interpretability, and stability, the model can be applied for
preliminary screening of sleep disorder risks. Within the binary classification task, a decision tree model
was also employed, allowing the creation of a branched classification logic based on the values of the
input variables. The input features included age, stress level, and physical activity, while the target
variable indicated the presence or absence of a sleep disorder. Unlike logistic regression, the decision tree
allows modeling nonlinear relationships and can adapt to more complex data structures.

The obtained numerical metrics indicate a high quality of classification. An Accuracy of 0.89 shows
that the model correctly classified 89% of the examples. Precision = 0.87 means that predictions of the
“sleep disorder” class were correct in 87% of cases, while Recall = 0.87 indicates that 87% of all true
cases of sleep disorders were detected. The F1-score = 0.87 reflects a high level of model balance and its
ability to handle moderately imbalanced datasets (Figure 4.16).

The histogram (Figure 7) illustrates the distribution of predicted classes after applying the decision
tree model for the classification task. The target variable was “Sleep Disorder”, which was previously
encoded in binary format. The task was to determine whether a respondent had a sleep disorder based on
features such as age, stress level, and physical activity. The plot allows for assessing the balance of
predictions between class 0 (no disorder) and class 1 (disorder present) and confirms that the model does
not favor one class over the other. The histogram shows that the classification is relatively uniform,
without significant bias, which is particularly important when the positive class is underrepresented.
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In conclusion, the decision tree model demonstrated the best performance among all classification
approaches, making it suitable for practical applications in detecting sleep disorder risks, considering its
accuracy, stability, and interpretability. A comparative summary of all models is presented in Table 1.

Table 1. Comparative Performance of Developed Models
Tabnuys 1. [opigusinvha Xxapakmepucmura pe3yibmamis nooyo008anHux mooeiei

Mozenb Tun 3amaqi MAE | MSE | R2 Agclrac Precision | Recall Fl-
y score
Linear Prediction of
. Subjective Sleep 0.32 | 0.18 | 0.88 - - - -
Regression i
Quality
Decision Prediction of
Tree Subjective Sleep 0.03 | 0.03 | 0.98 - - - -
Regressor Quality
Logistic Detection of the
R gisti Presence or Absence of - - - 0.72 0.68 0.61 0.64
egression .
Sleep Disorders
Decision Detection of the
Tree Presence or Absence of - - - 0.89 0.87 0.87 0.87
Classifier Sleep Disorders

5. Conclusions and prospects for further research

As a result of the practical application of the developed software tool, a complete data analysis cycle
was carried out - from preliminary examination of the variables to the construction of machine learning
models and evaluation of their performance. Each implemented model demonstrated a different level of
accuracy, allowing for a comparative assessment of their advantages in the context of the posed tasks.
The results of the exploratory data analysis (EDA) confirmed the presence of strong correlations between
sleep quality and variables such as sleep duration, stress level, and physical activity. The construction of
a heatmap enabled the identification of hidden dependencies and the determination of the most relevant
features for further modeling. Among the regression models, the decision tree yielded the best
performance, achieving the lowest error values (MAE = 0.03; MSE = 0.03) and the highest coefficient of
determination (R? = 0.98), indicating the model’s strong ability to capture patterns in the data. The linear
regression model also produced satisfactory results, though it was outperformed by the decision tree in
terms of predictive accuracy.

Among the classification models, the decision tree proved to be the most effective, achieving high
values across all key metrics (Accuracy, Precision, Recall, F1-score = 0.87). Logistic regression showed
moderate performance, which may be attributed to the linear nature of the algorithm and the potential
complexity of the data. In summary, the results indicate that the decision tree algorithm is the most
suitable for both regression and classification tasks within this subject area. Its high accuracy, adaptability
to complex relationships, and interpretability make it an optimal choice for further applications in
analyzing factors affecting sleep quality.

Prospects for further research lie in scaling the developed methodology to significantly larger and
more heterogeneous datasets, including those collected in real time via Internet of Things (loT) sensors
and wearable devices. This will enable a transition from identifying general patterns to building high-
precision models for personalized monitoring, capable of adapting to individual user characteristics.
Thanks to the high interpretability of the decision tree algorithm, the obtained results can serve as a
foundation for developing intelligent clinical decision support systems in digital healthcare. In the future,
this approach will not only allow for the prediction of sleep disorder risks but also facilitate the automatic
generation of scientifically grounded lifestyle recommendations to improve the overall
psychophysiological well-being of the population. Further application of this methodology to large-scale
datasets will contribute to additional model validation and assessment of its robustness against variability
in clinical research samples.
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3acTocyBaHHs PO3BIAYBAJBLHOI0 aHAJI3Y JaHUX AJIA A0CIIIKeHHS aKTOpiB,
10 BILUIMBAKOTh HA SAAKICTH CHY

AxtyanbHicTs. JlocmimkeHHs GaratoakTopHOI NPHPOIM SIKOCTI CHY MoTpeOye aHamizy BEIMKMX MAacHBiB JAHUX, IO
HEMOXJIMBO 0e3 3aCTOCYBaHHSI METOJIB po3BimyBasbHOro ananizy (EDA) mis BUSBICHHS MPUXOBAaHMX 3aKOHOMipHOCTEH. Y
3B’A3KY 3 MM, PO3pOOKa MiIXOMIB 10 iHTEIEKTYaIbHOTO IOCTIDKEHHS YWHHHKIB BIUTUBY Ha COH € aKTyaJbHOIO HayKOBO-
TeXHIYHOIO 3a1adero Meta. JlocniuT Ta BUSIBUTH B3a€EMO3B'I3KH MK HaOopamu (pi310I0TiHHNX, TTOBEIIHKOBUX Ta 30BHIIIHIX
(axropiB Ta sikicTio cHy 3a momomororo exploratory data analysis. Meroau mociimkennsi. J{ocmimkenss 06a3yBanoch Ha
METOo/IaX Po3BigyBanbHOTrO aHami3y nanux (EDA) mist Toro, mio6 B mepiry 4epry JOCHiIUTH HAasBHICTH KOPEISIIH MiX SIKICTIO
CHY Ta TaKUMH 3MiHHWMH, SIK TPUBAJICTh CHY, PiBEHb CTpecy i (ismuHa akTHBHICTh. [lomanmpima moOymoBa TEIIOBOI KapTH
HeoOXxizHa Oyia IUIsl BHSBIEHHS NPUXOBAaHMX 3aJISKHOCTI Ta OTPHMAHHS HAHOUIBII peNeBaHTHUX O3HAaK. Takox Oyio
BHUKOPUCTAHO MOJIEJb JIiHIIHOT perpecii, MoJielb iepeBa pillieHb, MOAEINb JOTICTUYHOT perpecii [uist JOCIiPKeHHs (haKTopiB, 110
BIUIMBAIOTh HA SIKICTh CHY JMroAuHU. Pesyawbrarn. IlpencraBieHo pe3ynbTaTH, sKi OTPHMaHi 3a JOHNOMOTOIO PO3POOIEHOro
HNpPOrPaMHOro JOJATKy 3 rpadiuyHuM iHTepdeiicoM Ui NOCHiDKeHHs (akTopiB, IO BIUIMBAIOTH HA SIKICTh CHY JIIOJMHH.
TIporpamMHHii 10AATOK JI03BOJISIE BUKOHYBAaTH 3aBaHTaXEHHs JaHUX, IIPOBOJUTH PO3BIAyBAIBHUN aHai3, OyayBaTH Mozemi Ta
BUBOJHTH pe3yJIbTaTH y 3pydHOMY (opMarTi, MATPUMYE 3aCTOCYBaHHS K KIaCH(IKamiiHUX, TaK 1 perpeciiiHiX alropuTMiB,
JIO3BOJISIFOYHM A/IaNTyBaTH il 10 PI3HUX arHANITHYHMX 3aBJaHb. ByJo MPOBENEHO aHAI3 OTPHUMAaHHMX PE3y/IbTaTiB Ta BUSABICHO
MOJIeTTi 3 HalOUIBIIIO TOYHICTIO, aAaNTHBHICTIO 0 CKJIAJHUX 3B’SI3KiB 1 MOsACHIOBaHICTIO. BucHoBKHU. OTpuMaHi pe3ynbTaTtu
I ATBEPIKYIOTh yHIBEPCANBHICT METOY [epeB pillleHb s aHaTi3y paktopis cHy. Moro TouicTs i mpo30picTh anropuTMis
poOIATE 1el MiAXiA ONTHMAaJbHUM JUIs MOJIEIIOBAaHHS CKJIAJHHMX B3a€MO3B’S3KiB y MeXaX MOCITIpKeHHs. B minomy, anaimi3
YHHHUKIB BILIMBY Ha COH 3a jonomMororo MetoiB EDA no3Bossie TpanchopMyBaTi CKIaHi JaHi y 3MiCTOBHI aHATITHYHI MOJIEII,
IO € aKTyaJbHUM 3aBJaHHAM JUIsl HTU(PPOBOi MEANIIMHH.

Knrouosi cnosa: con, sikicme cHy, mawiunne naguamms, pespecis, Kiacugikayis, nocicmuyna peepecis, 0epego piuieHb, eda,
python, sleep health dataset.

Haginwna y nepwii pepaxuii 11.02.2026; pekomergosaHa o apyky 19.03.2026; onybnikoBaHa 03.04.2026.
The first version has been received on 11.02.2026; was recommended for printing on 19.03.2026; published 03.04.2026.


https://www.kaggle.com/datasets/uom190346a/sleep-health-and-lifestyle-dataset
https://orcid.org/0000-0001-5332-9545

