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ABSTRACT

Sleep quality has become a growing public health issue worldwide, mainly
due to a lack of awareness about its long-term consequences. Despite existing
strategies to address this problem, there remains a need for more effective
approaches. In this study, an early detection model for sleep disorders
was implemented using the extreme gradient boosting (XGBoost) algorithm,
following the knowledge discovery in databases (KDD) methodology, which
includes the phases of selection, preprocessing, transformation, data mining,
and interpretation. A dataset extracted from the Kaggle platform in CSV format
was used, consisting of 374 records. With an overall accuracy of 91.5%,
a recall of 100% for the insomnia class, and a precision of 100% for sleep
apnea, the proposed model demonstrated exceptional performance. It also
received an area under the curve (AUC) of 0.909 and an average F1-score of
0.913. With a mean accuracy of 91%, a 95% confidence interval (0.89–0.94),
and a p-value of 0.0012, cross-validation confirmed its robustness and showed
a statistically significant change from the baseline model. The error rates
remained within clinically acceptable ranges, confirming its applicability as a
diagnostic support tool. Overall, the results demonstrate the effectiveness of the
model in identifying patterns related to sleep disorders.
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1. INTRODUCTION
The scientific community is currently becoming more interested in learning more about human sleep

indicators. Numerous studies have demonstrated that sleep quality significantly affects one’s physical and
mental health. Lifestyle choices, eating habits, stress levels, and particularly the frequency and intensity of
personal physical activity are among the primary determinants of this quality [1], [2]. In response to this issue,
data science and machine learning (ML) have emerged as essential tools for addressing the large-scale analysis
of biometric and behavioral data related to sleep. These technologies also enable the identification of complex
patterns and the extraction of key variables that facilitate informed decision-making in the fields of public
health and the prevention of sleep disorders. The availability of valuable data on sleep habits, the calculation of
relevant physiological indicators, and the assessment of lifestyle choices provide an unprecedented opportunity
to investigate risk factors that affect the overall health of the population.
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Although there is extensive evidence linking sleep to various aspects of health, there are still
challenges in accurately predicting the potential negative health consequences caused by poor sleep patterns.
Moreover, many studies rely on traditional statistical analyses, whose main limitation lies in their inability to
capture nonlinear relationships between the studied variables [3], [4]. For this reason, there is a growing interest
in complementing these approaches with ML techniques, which enable the modeling of complex patterns and
the delivery of more precise and in-depth knowledge.

Sleep is a vital physiological function for human beings, and its sustained deprivation or disruption
can significantly compromise functional performance in daily activities and promote the onset of various
non-communicable chronic diseases [5]. In this regard, scientific evidence has shown that sleep disorders
are closely associated with an increased risk of developing hypertension, type 2 diabetes mellitus, obesity, as
well as mental health disorders, including anxiety and depression. Despite this, many individuals prioritize
their daily responsibilities without considering that chronic sleep restriction represents a significant risk factor
for their overall well-being. This neglect has contributed to a high prevalence of chronic stress conditions and
sleep-related pathologies [6]. In light of this, people must become aware of the key aspects of achieving proper
sleep at appropriate times in order to maintain a healthy life.

In this context, the application of ML techniques, framed within the knowledge discovery in databases
(KDD) methodology, enables the exploration and analysis of large volumes of data with the aim of identifying
non-trivial patterns and developing highly accurate predictive models. This approach not only strengthens
research in public health and behavioral sciences but also provides advanced analytical tools for prevention,
early diagnosis, and the personalization of health interventions [7], [8]. It is important to consider that ML is a
key factor in generating knowledge that adds value in addressing a public health issue [9], [10].

The present research is justified by its capacity to generate applied knowledge in the field of preventive
health through the design and implementation of an algorithmic model capable of predicting health risks
based on the analysis of variables related to sleep quality and lifestyle. This contribution not only expands
the scientific evidence base but also provides relevant inputs for decision-making by healthcare professionals,
public policy makers, and developers of technologies aimed at promoting population well-being. The objective
of this research is to develop a predictive model using ML techniques specifically the extreme gradient boosting
(XGBoost) algorithm that enables the identification and prediction of potential impacts on physical and mental
health based on the analysis of sleep patterns.

2. LITERATURE REVIEW
This section focuses on related works by various authors on the topic, thus providing a holistic

overview for the investigation. Likewise, the theoretical foundations support the identification and justification
of the variables to be studied. This comprehensive approach ensures a solid framework for the current study.

2.1. Related works
The article evaluates various ML models for predicting sleep disorders, considering their significant

impact on public health. The study utilizes a dataset of 400 individual records classified by sleep disorder
status (none, insomnia, and sleep apnea) and incorporates demographic, lifestyle, and health metrics.
Different ML models, including logistic regression, decision trees, ensemble methods (like random forest
(RF) and gradient boosting), support vector machines, and neural networks are assessed for their diagnostic
accuracy. Key findings indicate that ensemble methods, particularly RF and extreme gradient boosting
classifier (XGBClassifier), outperform other models, achieving high accuracy and F1-scores (up to 0.93). The
results highlight the importance of advanced ensemble techniques in accurately diagnosing sleep disorders,
suggesting their integration into clinical practices for improved outcomes. The research methodology includes
data collection and preprocessing, model development, training, and evaluation using metrics like accuracy,
precision, recall, and F1-score. The study emphasizes the complexity of sleep disorders and the potential of
ML to enhance diagnostic tools in sleep medicine, advocating for future research into optimizing these models
for real-world applications [11], [12].

Sleep problems pose an important challenge for human health. In this study, a cross-validated
XGBoost–bidirectional long short-term memory (BiLSTM) model was implemented using 75 variables and
a dataset of 10,765 aging-related records. The proposed model reached 97% accuracy and demonstrated better
performance than traditional long short-term memory (LSTM) models and other machine-learning approaches.
The results demonstrate its effectiveness in the diagnosis and treatment of sleep apnea by identifying risk
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factors. In previous studies, the XGBoost algorithm was also employed, applying training strategies focused
on the most relevant features of the dataset. As in the previous study, k-fold cross-validation was implemented
to optimize model performance. The results were obtained by retraining on subsets of the training set using
test data, achieving an accuracy of 90.6% in predicting the different stages of sleep [13], [14].

On the other hand, some authors investigated obstructive sleep apnea (OSA) in the pediatric
population, linking it to developmental aspects such as physical growth, cardiovascular function, and cognition
through ML techniques. Using a sample of 3,139 children, the XGBoost algorithm was applied after randomly
splitting the data into training and testing sets. In the testing set, the model achieved area under the curve (AUC)
of 0.95, 0.88, and 0.88 for the classification of mild, moderate, and severe OSA, respectively, with accuracies of
90.45%, 85.67%, and 89.81%, outperforming regression-based models. Similarly, complementary approaches
have been explored using techniques such as entropy and linear feature analysis for the selection of relevant
variables. In this context, a model based on the XGBoost algorithm was trained using the Sleep Heart
Health Study 2 dataset. Through feature selection strategies, the most significant attributes for diagnosis were
identified. When evaluating the model with a validation subset composed of 422 participants not included
in the training phase, an accuracy of 68.83%, a precision of 71.61%, and a recall of 67.84% were achieved,
demonstrating acceptable performance in scenarios involving previously unseen data, as reported by [15], [16].

In contrast to other studies [17], [18] conducted a longitudinal analysis on 239 patients with insomnia
using the XGBoost algorithm, which achieved a multiclass AUC of 80% and a binary AUC of 83%, with
adequate sensitivity and specificity, facilitating the identification of patients with low response to conventional
depression treatments. In line with previous studies on the relationship between sleep-wake cycle disorders
and major depressive disorders in adolescents, various ML models were evaluated, with XGBoost standing out
by achieving an AUC of 85% in predicting the risk of depression. Multiple investigations have demonstrated
that the XGBoost algorithm is highly effective in anticipating the onset of depressive disorders associated
with sleep-wake rhythm disturbances, thus supporting the development of personalized treatments and more
precise preventive strategies. Likewise, conditions such as OSA, the comorbidity of insomnia and sleep apnea
(COMISA), and insomnia as an independent disorder represent significant manifestations of sleep disorders. In
order to predict the risk of these conditions, XGBoost was implemented on clinical data collected from medical
centers, selecting nine relevant variables through the Shapley additive explanations (SHAP) explainability
method. These features were used to construct the schedule, light, eat and drink, environment, physiology,
and stress (SLEEPS) model, which demonstrated outstanding predictive capacity, with AUC values exceeding
89% across all three analyzed disorders. As a result, SLEEPS is positioned as an innovative diagnostic
tool that enables early and accessible detection of sleep disorders without relying on invasive methods
such as polysomnography.

In the present study, three predictive models were developed using the Python programming language:
logistic regression, XGBClassifier, and support vector classifier (SVC). After evaluating their performance, the
XGBClassifier model was identified as the most effective. The results showed that occupation is the main
factor associated with insomnia, while body mass index (BMI) category significantly influences the occurrence
of sleep apnea. Additionally, BMI, stress level, blood pressure, and sleep duration were identified as key
variables affecting sleep quality. These findings suggest that interventions aimed at controlling BMI and blood
pressure could significantly contribute to improving nighttime rest [19], [20].

On the other hand, a study focused on estimating the risk of insomnia in breast cancer patients used
data obtained through surveys. In the predictions performed, logistic regression models with L2 regularization
and the XGBoost algorithm achieved predictive accuracies of 71.5% and 70.6%, respectively, with AUC values
of 0.76 and 0.75. Additionally, population subgroups at high risk of insomnia were found by using the RuleFit
algorithm. The findings demonstrated that among breast cancer survivors, cancer-related fatigue is a significant
predictor of the onset of sleeplessness. In contrast to the study that examined insomnia in patients with breast
cancer, the current study used the XGBoost algorithm to find risk factors linked to sleep disturbances. A
total of 7,929 patients who satisfied the inclusion criteria were included in the sample; their mean age was
49.2 years (standard deviation (SD) = 18.4), with 4,055 (51%) for women and 3,874 (49%) for men. The
ethnic composition was distributed as follows: 2,885 (36%) white individuals, 2,144 (27%) African Americans,
1,639 (21%) Hispanics, and 1,261 (16%) from other ethnic groups. Of the 684 variables analyzed, 64 were
statistically significant p < 0.0001 and were incorporated into the predictive model. The performance of the
XGBoost model was reflected in an area under the receiver operating characteristic curve (AUROC) of 0.87,
with both sensitivity and specificity equal to 0.77, demonstrating a robust capacity to identify risk factors related

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3888–3902



Int J Artif Intell ISSN: 2252-8938 ❒ 3891

to sleep disorders [21], [22].
In a different study, Haque et al. [23] created a predictive model to assess the connection between

academic achievement and sleeplessness in kids and teenagers between the ages of 4 and 17. For this
purpose, the “Young minds matter” database was used, applying the Boruta algorithm in combination with
the RF classifier to select the most relevant features. Subsequently, the tree-based pipeline optimization
tool-classifier (TPOTClassifier) was used to identify the best-performing supervised models, evaluating the
RF, XGBoost, decision tree, and Gaussian naive Bayes algorithms. As a result, the RF model demonstrated the
best performance, achieving a precision of 99% and an accuracy of 95%, outperforming the other evaluated
models and showing greater effectiveness in predicting insomnia in relation to academic performance.

2.2. Theoretical bases
2.2.1. Extreme gradient boosting

XGBoost is defined as a supervised ML algorithm based on decision trees. Its main goal is to perform
classification and regression tasks with a high level of accuracy. It is based on the idea of gradient boosting, a
method that entails training models one after the other, with each new model fixing the mistakes of the preceding
ones. What makes XGBoost particularly effective is that it is optimized to deliver high speed, performance,
and computational efficiency. One of its most notable features is its ability to handle large volumes of data
quickly, thanks to a highly optimized internal architecture that includes parallel processing, efficient memory
usage, and advanced tree pruning techniques [24], [25].

In addition, XGBoost incorporates regularization mechanisms (L1 and L2 penalties), which help
prevent overfitting and enhance the model’s generalization ability when applied to new data. Another significant
advantage is its ability to automatically handle missing values, making it a robust and practical tool for
real-world applications where incomplete data is common. The algorithm also allows fine-tuning of multiple
hyperparameters, such as tree depth, learning rate, and the number of estimators, providing a high degree of
customization and facilitating model optimization according to the specific problem [26], [27].

2.2.2. Sleep quality
Sleep quality is a multidimensional construct that refers to the efficiency, continuity, depth, and

subjective perception of nighttime rest. Medically, it is assessed by considering multiple objective and
subjective parameters, including sleep latency, sleep efficiency, nocturnal awakenings, total sleep duration,
and the presence or absence of sleep disorders such as insomnia, sleep apnea, or periodic limb movements.
From a clinical standpoint, healthy sleep is typically defined as taking no longer than about 30 minutes to fall
asleep and maintaining a sleep efficiency the percentage of time actually sleeping while in bed above 85%, a
total duration of 7 to 9 hours per night in adults, and a reduced number of prolonged nocturnal awakenings.
Additionally, the individual’s subjective perception upon waking-such as feeling rested and alert is a relevant
component in the clinical assessment of sleep quality [28], [29].

Sleep quality is closely related to multiple neurophysiological functions, including memory
consolidation, emotional regulation, cellular repair, and endocrine balance. Disruptions in sleep have been
linked to an increased likelihood of psychiatric conditions including major depressive disorder and anxiety
as well as long-term medical problems such as hypertension, type 2 diabetes, and cardiovascular disease.
For this reason, evaluating sleep quality is considered a key element both in clinical settings and in research on
general health [30].

Blue light, with wavelengths between 450 and 495 nanometers, is emitted both by the sun and by
electronic devices such as cell phones, computers, and televisions. While beneficial during the day, its exposure
at night can negatively affect sleep. The circadian rhythm, which regulates the sleep-wake cycle, is controlled
by the suprachiasmatic nucleus (SCN) of the hypothalamus and responds primarily to ambient light. Melatonin,
a key hormone for inducing sleep, is secreted in darkness, and its production decreases when exposed to light.
When the retina detects blue light at night, specialized cells (intrinsically photosensitive retinal ganglion cells
(ipRGCs) containing melanopsin) are activated and send signals to the SCN indicating that light is still present.
This inhibits melatonin secretion, delays sleep onset, and disrupts the circadian rhythm. As a result, using blue
light-emitting devices before bedtime can lead to insomnia, fatigue, and a decrease in sleep quality [31], [32].
It is important to raise awareness of this issue, as the majority of people use electronic devices excessively,
often ignoring the health risks associated with blue light exposure.
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3. METHOD
3.1. Definition of the knowledge discovery in databases methodology

The KDD methodology is an iterative and interactive process that integrates expert knowledge about
a specific problem with a diverse set of data analysis techniques, particularly those based on ML algorithms.
This process consists of five fundamental stages: selection, preprocessing, transformation, data mining, and
interpretation/evaluation of results. Figure 1 shows that each of these phases is articulated in a sequential
and logical manner, allowing input data to be cleaned, transformed, and subsequently analyzed in order to
extract useful patterns or knowledge. Finally, the results are interpreted and evaluated according to the initial
objectives [33]. One of the main advantages of this approach is its flexibility, as it allows returning to previous
stages of the process if the results are unsatisfactory or if it becomes necessary to adjust certain assumptions.
This ensures greater accuracy and coherence in the extraction of knowledge from large volumes of data.
Ultimately, this methodology represents a robust and adaptable framework for various projects and promotes
continuous improvement thanks to its iterative nature.

Figure 1. KDD methodology

3.1.1. Selection
In this section, an exhaustive search was conducted on the Kaggle platform, a widely used repository

within the scientific and technological community due to its vast variety of public datasets from different
fields of knowledge. During the search process, specific criteria were employed to ensure the relevance and
quality of the selected dataset. Keywords such as sleep health, sleep disorders, sleep quality, mental health,
among others, were used within Kaggle’s search engine to find databases containing relevant variables related
to sleep habits, associated disorders, and their possible connection to other dimensions of physical and mental
health [34], [35]. Likewise, priority was given to selecting a dataset in CSV format due to its tabular structure,
compatibility with statistical analysis tools (such as Python), and ease of manipulation. This format allows for
efficient data processing, facilitating cleaning, segmentation, and descriptive or inferential analysis according
to the objectives of the study.

3.1.2. Preprocessing
In the preprocessing stage, descriptive statistics reveal that the 374 participants have a mean age of

42.18 years (SD = 8.67; range = 27–59), with an average sleep duration of 7.13 hours (SD = 0.80; Q1 = 6.40;
median = 7.20; Q3 = 7.80; minimum = 5.80; maximum = 8.50), and an average sleep quality score of 7.31
(SD = 1.20; range = 4–9). The average physical activity level is 59.17 (SD = 20.83; Q1 = 45; median = 60;
Q3 = 75; range = 30–90), and the mean stress level is 5.39 (SD = 1.77; range = 3–8). The average heart rate
is 70.17 bpm (SD = 4.14; Q1 = 68; median = 70; Q3 = 72; range = 65–86), and the average daily steps are
6,816.84 (SD = 1,617.92; Q1 = 5,600; median = 7,000; Q3 = 8,000; range = 3,000–10,000), as shown in
Table 1. Finally, all numerical variables were standardized using the StandardScaler() function, and this
information is presented in Table 2.
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Table 1. Descriptive statistics of the dataset
Statistics Age Sleep duration Quality of sleep Physical activity level Stress level Heart rate Daily steps

Count 374.00 374.00 374.00 374.00 374.00 374.00 374.00
Mean 42.18 7.13 7.31 59.17 5.39 70.17 6816.84
SD 8.67 0.80 1.20 20.83 1.77 4.14 1617.92
Min 27.00 5.80 4.00 30.00 3.00 65.00 3000.00

Q1 (25%) 35.25 6.40 6.00 45.00 4.00 68.00 5600.00
Q2 (Median) 43.00 7.20 7.00 60.00 5.00 70.00 7000.00

Q3 (75%) 50.00 7.80 8.00 75.00 7.00 72.00 8000.00
Max 59.00 8.50 9.00 90.00 8.00 86.00 10000.00

Table 2. Technical steps for data preprocessing
Passed Technical operation

1 Conversion to numeric: pd.to numeric(df[’Age’], errors=’coerce’)
2 Imputation of NA: df[’Sleep Duration’].fillna(median, inplace=True)
3 Calculate IQR para Heart Rate:

IQR = Q3 −Q1

Outliers = {x < Q1 − 1.5× IQR} ∪ {x > Q3 + 1.5× IQR}
4 Standardization: StandardScaler().fit transform(df[column numbers])

3.1.3. Transformation
During the data transformation phase, several preprocessing techniques were applied to prepare the

health and lifestyle dataset for analysis. Data conversion and standardization were performed extensively,
ensuring that the variables were transformed into a consistent format suitable for model training. Additional
procedures, including missing value imputation and duplicate record removal, were required only to a limited
extent, while outlier detection, variable transformation, and feature engineering were applied selectively to
improve data quality. Data visualization also played an important role in exploring the dataset, together with
the analysis of the variance explained by the principal components, as illustrated in Figure 2. Specifically,
Figure 2(a) summarizes the preprocessing workflow, showing that standardization (100%) and data conversion
(90%) were the most extensively applied techniques, followed by data visualization (80%) and outlier detection
using the interquartile range (IQR) method (70%). In contrast, missing value imputation (7.7%) was only
occasionally necessary, and no duplicate records (0%) were detected, highlighting the high quality of the
dataset prior to preprocessing. Figure 2(b) illustrates the two-dimensional representation generated using
principal component analysis (PCA). The first two principal components explain 93.4% of the total variance
(PC1 = 65.2% and PC2 = 28.2%), revealing a clear separation between the sleep apnea and insomnia classes
with minimal overlap. This distribution suggests that the extracted features effectively preserve the underlying
class structure, providing a solid foundation for the subsequent classification task.

(a) (b)

Figure 2. Data manipulation and transformation of (a) percentages of features in the data and
(b) percentage of variance in components
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3.1.4. Data mining
During the data mining procedure, the required XGBoost algorithm was applied. The results in

Figure 3 indicate that the XGBoost model demonstrates exceptional performance according to the
precision-recall and receiver operating characteristic (ROC) curves. The precision-recall curve, with an
average precision of 0.95, indicates that the model maintains high precision even with a high recall, making it
highly effective at identifying positive classes, as in Figure 3(a). Simultaneously, the ROC curve, with an AUC
of 0.94, confirms excellent discriminative ability, meaning that the model is very capable of distinguishing
between positive and negative classes across a wide range of thresholds, as in Figure 3(b). Together, these
results suggest a robust and reliable classifier for the task at hand.

Both plots demonstrate that the XGBoost model performs exceptionally well for binary classification
tasks. The precision-recall curve, with an average precision of 0.95, shows that the model maintains high
precision (few incorrect positive predictions) even while achieving high recall (detecting most actual positive
cases). Complementarily, the ROC curve, with an AUC of 0.94, confirms the model’s excellent capacity to
distinguish between positive and negative classes over a broad range of thresholds, significantly outperforming
a random classifier [36], [37].

(a) (b)

Figure 3. Classifier performance metrics for XGBoost model: (a) precision-recall curve and (b) ROC curve

4. MATHEMATICAL BASIS OF THE EXTREME GRADIENT BOOSTING MODEL
The following section presents the mathematical foundation of the XGBoost algorithm, adapted to the

binary classification problem aimed at identifying health-related conditions associated with sleep. It describes
the key concepts and equations that govern the model’s learning process. The section also explains how the
algorithm optimizes its objective function to improve predictive performance.

4.1. General objective function
XGBoost builds an ensemble of additive decision trees by optimizing an objective function that

combines a loss function with a regularization term to prevent overfitting as (1) [38]. This approach allows
the model to sequentially correct the errors of previous trees. It also balances model complexity and predictive
accuracy to achieve robust performance on unseen data.

L(t) =

n∑
i=1

l(yi, ŷ
(t)
i ) +

t∑
k=1

Ω(fk) (1)

Where l(yi, ŷ
(t)
i ) is loss function between the prediction and the actual label; and Ω(fk) is penalty on tree

complexity fk.
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4.2. Model regularization
Regularization controls the complexity of the model by penalizing the depth and the weight of the

leaves in each tree as in (2) [39]. This helps prevent overfitting by discouraging overly complex trees. It
ensures that the model generalizes well to new, unseen data.

Ω(f) = γT +
1

2
λ

T∑
j=1

w2
j (2)

Where T : number of leaves; wj is predicted value on the sheet j; γ is penalty for each leaf; and λ is L2
regularization parameter.

4.3. Logistic loss function
For binary classification, the logistic loss (log-loss) is used [40], which measures the error between

the predicted probability and the actual class, as in (3). This loss function penalizes incorrect predictions more
heavily when the model is confident but wrong. It provides a smooth gradient that facilitates optimization
during the training of XGBoost.

l(yi, ŷi) = − [yi log(σ(ŷi)) + (1− yi) log(1− σ(ŷi))] (3)

Where the sigmoid function is:

σ(ŷi) =
1

1 + e−ŷi

4.4. Optimization by second order expansion
To improve training efficiency, XGBoost uses a second-order (Taylor) expansion [41] around the

current prediction, as in (4). This approximation allows the model to consider both the gradient and the
Hessian when updating tree leaves. It accelerates convergence and enhances the accuracy of each iteration
during training.

L(t) ≈
n∑

i=1

[
gift(xi) +

1

2
hift(xi)

2

]
+Ω(ft) (4)

Where gi =
∂l(yi,ŷ

(t−1)
i )

∂ŷ
(t−1)
i

is gradient and hi =
∂2l(yi,ŷ

(t−1)
i )

∂ŷ
(t−1)2
i

is Hessian.

4.5. Optimal weight of a sheet
The optimal value that a leaf should predict is calculated as (5). This value is derived by minimizing

the regularized objective function for that specific leaf. It ensures that each leaf contributes optimally to
reducing the overall prediction error of the model.

w∗
j = − Gj

Hj + λ
(5)

Where Gj =
∑

i∈Ij
gi is sum of gradients; Hj =

∑
i∈Ij

hi is sum of Hessians; and Ij is set of samples on the
sheet j.

4.6. Profit from a division
To decide whether to perform a split at a node, the resulting information gain is calculated (6). This

gain measures how much the split reduces the overall loss of the model. It helps the algorithm choose the most
informative splits, improving predictive accuracy while controlling model complexity.

Gain =
1

2

[
G2

L

HL + λ
+

G2
R

HR + λ
− (GL +GR)

2

HL +HR + λ

]
− γ (6)

Where GL, HL is sum of gradients and Hessians to the left of the split; GR, HR is sum to the right of the split;
and γ is penalty for creating an additional sheet.
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5. RESULTS
5.1. Evaluation of result

Figure 4 compares three classification models (logistic regression, RF, and XGBoost), showing that
all three exhibit excellent and comparable performance [42]. The ROC curve demonstrates that all models are
equally capable of distinguishing between classes (AUC = 0.95), as shown in Figure 4(a). The precision-recall
curve indicates that XGBoost is slightly superior in maintaining a balance between precision and recall
(AP = 0.92), as shown in Figure 4(b), while the cumulative gain chart confirms that all models are highly
efficient at quickly identifying the majority of positive cases, as shown in Figure 4(c).

(a) (b)

(c)

Figure 4. Model performance comparison: (a) logistic regression, (b) RF, and (c) XGBoost

Furthermore, other results shown in Figure 5 include normalized confusion matrices for the three
ML models evaluated for the binary classification task, allowing for a detailed comparison between the
predicted and actual class labels. Figure 5(a) shows the performance of the logistic regression model, which
correctly classified 91% of the class 0 samples and 94% of the class 1 samples, with misclassification rates of
9% and 6%, respectively. On the other hand, Figure 5(b) illustrates the results obtained with the RF classifier,
which achieved correct classification rates of 88% for class 0 and 94% for class 1, although it had a slightly
higher false positive rate (12%) than the other models. Finally, Figure 5(c) presents the confusion matrix for the
XGBoost model, which offered the best overall performance by correctly identifying 97% of class 0 instances
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and 94% of class 1 instances, while reducing the false positive rate to 3% and maintaining a low false negative
rate (6%). Overall, the results indicate that all three classifiers achieved high predictive performance, with
XGBoost demonstrating the most accurate and balanced classification.

(a) (b)

(c)

Figure 5. Confusion matrices of classification models: (a) logistic regression, (b) RF, and (c) XGBoost

Table 3 reports the overall error metrics. The model shows a low false positive rate (FPR) of 0.065
and a true positive rate (TPR) of 0.909, indicating high overall sensitivity. The true negative rate (TNR) is also
high (0.935), reflecting good specificity. The overall error rate is relatively low (0.085), which supports the
model’s general reliability.

Table 3. Global error metrics
Metric Value
FPR 0.065
FNR 0.182
TPR 0.909
TNR 0.935

Error rate 0.085

The class-wise metrics presented in Table 4 reflect a balanced performance of the model in classifying
insomnia and sleep apnea. The insomnia class shows a precision of 0.862, a perfect recall of 1.000, and
an F1-score of 0.926, indicating that all insomnia cases were correctly identified with no false negatives.
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In contrast, the sleep apnea class exhibits perfect precision (1.000) and a recall of 0.818, with an F1-score
of 0.900, meaning there were no false positives but some actual cases were missed. Both classes achieve an
AUC of 0.909, suggesting a good discriminative capability of the model.

Table 4. Per-class evaluation metrics
Class Precision Recall Specificity F1-score AUC

Insomnia 0.862 1.000 0.818 0.926 0.909
Sleep apnea 1.000 0.818 1.000 0.900 0.909

Table 5 presents the statistical analysis of the proposed model. The cross-validation results show
an average accuracy of 0.91 with a standard deviation of ±0.03, which reflects consistent performance.
Moreover, the p-value obtained when comparing the model with a baseline classifier is 0.0012, suggesting that
the improvement is statistically significant. The 95% confidence interval, ranging from 0.89 to 0.94, supports
the robustness and capacity of the model to generalize across multiple data partitions.

Table 5. Statistical evaluation summary
Statistic Value
Cross-validation accuracy (mean ± std) 0.91±0.03
p-value (vs baseline) 0.0012
95% confidence interval (accuracy) [0.89, 0.94]

Table 6 provides a summary of the classification model’s performance in detecting sleep disorders.
The model demonstrates outstanding performance in distinguishing between insomnia and sleep apnea, with
a precision of 0.862 and a perfect recall (1.000) for insomnia, as well as a perfect precision (1.000) and a
recall of 0.818 for sleep apnea. The overall accuracy reaches 91.5%, indicating high model reliability. The
macro-averaged metrics precision, recall, and F1-score achieve values of 0.931, 0.909, and 0.913 respectively,
suggesting balanced performance across classes. The results presented in Table 7 further reinforces these
findings, showing strong and consistent metrics that reflect the model’s effectiveness and generalization
capability in classifying sleep related conditions.

Table 6. Model classification report
Class Precision Recall F1-score Support

Insomnia 0.862 1.000 0.926 25
Sleep apnea 1.000 0.818 0.900 22
Accuracy 0.915

Macro average 0.931 0.909 0.913 47
Weighted average 0.927 0.915 0.914 47

Table 7. Summary of overall metrics
Metric Value

Accuracy 0.915
Macro precision 0.931

Macro recall 0.909
Macro F1-score 0.913

5.2. Discussion
In this section, the results obtained from the literature review of other researchers who developed the

same line of research are analyzed. The authors in [11], [12] emphasize that advanced ML algorithms play
a crucial role in integrating clinical practice with reliable outcomes. Their work emphasized the relevance of
properly training models and assessing them with metrics such as accuracy, precision, recall, and F1-score. In
contrast, the proposal adopts a more systematic framework grounded in the KDD methodology, which helps
produce results that are both more reliable and methodologically sound.

Previous studies have highlighted that the use of advanced ML algorithms has been key to effectively
integrating predictive tools into clinical practice, producing reliable results. These studies emphasize the
importance of a rigorous training and evaluation process using standard metrics such as accuracy, precision,
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recall, and F1-score. In comparison to those works, the proposal is based on a more robust structure supported
by the KDD process, which encompasses everything from data selection and transformation to model evaluation
and statistical validation. This approach resulted in precision metrics of 0.915 and an AUC of 0.909, as well as
consistent cross-validation (0.91±0.03).

The authors in [13], [14] apply the same strategy as the aforementioned authors, including training
and other relevant parameters. Their model achieved a precision of 90.6%, whereas our model surpasses this
performance with a 91% accuracy in sleep quality prediction particularly in parameters such as insomnia or
sleep apnea, as noted by [28], [29]. It is also important to note that one of the most significant sleep-related
issues is OSA. The authors in [15], [16] developed a model evaluation in which they reported relatively low
performance metrics, such as a precision of 68.83% and a recall of 67.84%. However, their study objectives
differ from those of our model, which achieved a higher level of performance. In another instance, the
authors in [17], [18] used a different methodology to select the most important variables, employing the
SHAP method, which resulted in an AUC value above 89% for the described disorders. This aspect is reflected
in the transformation phase of our study model, where key features such as insomnia and sleep apnea are
emphasized. Although these investigations follow different approaches, they use the same model XGBoost for
each specific objective.

In a different context, the authors in [19], [20] developed predictive models using Python and
the algorithms logistic regression, XGBClassifier, and SVC. After evaluating their performance, the
best-performing model was XGBClassifier, which highlighted insomnia as the primary factor associated
with BMI. This suggests that, similar to the previous study, the model performs algorithmic comparisons
to determine the most suitable approach. However, the key improvement lies in fine-tuning values during
the results process to obtain the expected outcome. It is important to consider that sleep disorders are often
associated with other conditions such as breast cancer. The authors in [21], [22] demonstrate the performance
of their model with metrics such as an ROC of 0.87, and both sensitivity and specificity equal to 0.77,
highlighting a robust ability to identify risk factors related to sleep disorders. While the model in this study
exhibits superior performance in these metrics, the comparison suggests the advanced capacity of the XGBoost
algorithm in detecting sleep-related health conditions.

6. CONCLUSION
One of the major issues affecting various populations is sleep quality. When poor, it can lead to

serious long-term consequences such as stress, fatigue, concentration difficulties, and memory loss, among
other factors. These disturbances can develop into severe complications if awareness is not raised about
the importance of maintaining healthy sleep habits and adopting appropriate preventive measures. In this
regard, a CSV-format dataset extracted from the Kaggle platform was consolidated, comprising relevant
clinical variables used as analytical input for the development of the predictive model. The five-stage KDD
approach was used. During the selection process, a number of sources were investigated and assessed
until an appropriate dataset that matched the goals of the study was discovered. The data were then
statistically examined in the preparation stage using mean, mode, and standard deviation computations, and
data cleaning was carried out to deal with discrepancies or missing values. In the transformation phase,
significant variables such as sleep apnea and insomnia were selected and prepared for analysis. During the
data mining phase, the XGBoost ML algorithm was implemented and its performance was evaluated using
metrics such as ROC curve, precision, and recall. Finally, in the interpretation and evaluation phase, the
results were analyzed and compared with other models, which validated the effectiveness of the proposed
approach. Moreover, the predictive model developed using the XGBoost algorithm demonstrated high
performance in identifying sleep disorders, achieving strong precision scores. Based on the results obtained,
there is a need to explore new lines of research to complement and expand the current findings. For
future work, predictive models can be integrated into mobile or web applications through exposure via a
representational state transfer (REST) application programming interface (API), enabling the model’s logic
to be implemented using a backend language (such as Python or Node.js) and visualized using frontend
technologies (such as Angular, React, or Vue.js). It is also possible to connect the model to data storage
systems, whether relational (structured query language (SQL)) or non-relational (not only structured query
language (NoSQL)) databases, to record and manage the results generated based on user input. In scenarios
requiring scalability, the model can be extended within big data architectures. Additionally, it can be deployed
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on cloud platforms such as Amazon web services (AWS), Google Cloud, or Azure, which support training,
versioning, and scaling of ML models, allowing for a robust and sustainable implementation in clinical or
commercial environments.
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