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Abstract 
Background: Sleep quality plays a crucial role in adolescents' health and well-being. 
The aims of this study is to predict the sleep quality of female students in Iraq by using 
interpretable machine learning algorithms. 
Methods: A cross sectional data-driven study was carried out on 890 female students 
in Iraq in 2026. After data cleaning, variable preprocessing, and class balancing using 
the Synthetic Minority Oversampling Technique, three machine learning models were 
trained and tested for predicting sleep quality: Logistic Regression, Random Forest, 
and XGBoost. Model performance was evaluated by determining Accuracy, F1 score 
and Area Under the Receiver Operating Characteristic Curve (ROC-AUC). SHAP was 
used to explain and assess the contribution of the most influential factors associated 
with sleep quality, to boost the interpretability of the best-performing model. 
Results: The machine learning models showed good performance in sleep quality 
prediction. In terms of the classification performance, among the evaluated models, 
XGBoost was the highest with accuracy 83.1% and macro F1-score 81.6%, and 
Random Forest was the highest with ROC–AUC 0.904 in terms of discriminative 
ability. SHAP analysis showed sleep duration, age, physical activity status, 
psychological domain of quality of life and mobile phone use as the most powerful 
predictors of sleep quality. 
Conclusion: the results of this study confirm that the use of machine learning models 
in conjunction with interpretable techniques of artificial intelligence like SHAP has 
improved the predictive performance and also helped to establish the most important 
determinants of sleep quality. This strategy could help shape the creation of intelligent 
screening systems in the schools and tailored prevention interventions that will 
enhance the sleep health of adolescents. 
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Introduction 

Sleep is one of the most basic bio-needs of humans and a key component to physical, psychological and social health. Thus, it 

has a crucial role in brain development and growth, cognition, emotional regulation, integrity of the immune system, and 

improving overall quality of life [1, 2]. The National Sleep Foundation and American Academy of Sleep Medicine recommend 

that teenagers need 8 to 10 hours of good sleep per night. Most importantly, sleep quality is not just reduced to sleep length; it 

takes into account sleep onset latency, continuity, sleep efficiency, nocturnal awakenings, and daytime functioning. Therefore, 

the quality of sleep is considered as an important measure of overall health in adolescents [3] 

In recent years, sleep disorders have become an important public health problem worldwide and sleep disturbance in adolescents 

is reported in many countries at a rate of 30-60% [4, 5]. Poor sleep is strongly linked to poor school performance, attention and 

cognitive learning problems, depression, anxiety, poor health, and reduced quality of life (QoL). Sleep quality is multi-faceted  
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and depends on the person, their socioeconomic status, 

physical activity, the use of electronic devices, mental health, 

academic stress, and quality of life [6, 7]. These determinants 

have been well recognized, but the inter-relationships are 

very complex and are mainly non-linear, meaning that 

conventional statistical techniques often do not provide an 

accurate representation of these complex interactions. 

Females are one of the most vulnerable subgroups with 

respect to sleep disorders. The various changes in hormones 

during the pubertal period, along with increased emotional 

sensitivity, academic stress, social pressures, burden of 

familial responsibilities, and higher rates of psychological 

distress among adolescent girls in comparison to boys, place 

adolescent girls at a heightened risk of poor sleep quality [8, 

9]. This is supported by the literature in other countries, which 

invariably shows that insomnia rates and sleep duration are 

much higher in adolescent girls than in adolescent boys. This 

has made it a priority to address sleep disturbances and sleep 

health in adolescent girls both in the health care and 

education sector around the world [10, 11]. 

This is a very important issue in the context of Iraqi society. 

Iraq has experienced significant socio-political changes in the 

last two decades, where social insecurity, economic 

volatility, swift changes in lifestyle and lack of mental health 

infrastructure are constant features. These negative 

experiences have an adverse effect on the physical and 

psychological health of adolescents at the macro level and 

especially for adolescent girls. The multi-faceted financial 

burden on families, social fears, increased educational stress, 

limited recreational activities, growing use of digital devices 

and new lifestyle patterns all contribute to increased 

vulnerability of Iraqi female students to poor sleep hygiene 
[12, 12]. 

While many studies have examined the factors that influence 

good sleep quality in adolescents [14-16], most of these studies 

have used traditional statistical techniques, including linear 

and logistic regression models. These traditional methods 

have their drawbacks in understanding the complex, 

multidimensional and non-linear interactions between 

variables. In addition, empirical studies specifically focusing 

on Iraqi learners (especially females) are very limited. To the 

best of our knowledge, there has been no published extensive 

research that compares the predictive ability of contextual 

factors with a range of quality-of-life dimensions for this 

marginalized group in relation to their sleep quality. 

The machine learning algorithms have been widely used in 

health sciences in recent years due to their ability of detecting 

complex patterns and enhancing the predictive accuracy in 

recent years. However, the models are inherently "black-box" 

and many of them are not easily interpretable. By using the 

interpretable machine learning (IML), highly accurate 

predictive models can be developed that also inform about 

how much each predictor contributes to the sleep quality 

estimate and how important each predictor is. This makes the 

results more interpretable, clinically meaningful and 

actionable for researchers, health workers and health policy 

makers [17, 18]. 

Conversely, quality of life, a broad measure of overall health, 

includes physical, psychological, social and academic 

functioning of adolescents and could be one of the most 

significant factors affecting sleep quality [19, 20]. However, it 

is not known to what extent the various components of 

quality of life, along with demographic and contextual 

factors, predict sleep quality among female students in Iraq, 

and how much more important are these components than the 

others in predicting high or low likelihood of a good night's 

sleep. 

Hence, the main limitation in this research is the lack of a 

correct, understandable and machine learning-based 

predictive model that can detect the most important factors 

affecting the quality of sleep among Iraqi female students. In 

order to fill this gap, the current study utilizes interpretable 

machine learning algorithms to determine the most influential 

predictors of sleep quality, and to quantify the relative 

contributions of the demographic characteristics and the 

dimensions of the quality of life to the prediction of sleep 

quality. 

Based on this, the first research question of this study is: 

How well can demographic factors and the multiple 

dimensions of quality of life explain sleep quality among 

females in school in Iraq, using interpretable machine 

learning algorithms? 

This research could help inform current knowledge about 

adolescent sleep health and serve as a scientific basis for 

designing new screening models, identifying youth who are 

at risk for poor sleep quality, developing early screening 

educational and psychological interventions, improving the 

quality of life, and their academic performance. Moreover, 

the results of this study can offer useful information to 

support decision making in the Iraqi Ministry of Health, the 

Ministry of Education, School administrators, educational 

counselor, educational psychologist, psychiatrist, sleep 

medicine doctor, public health researchers, health care 

planners, and educational policy makers for developing 

evidence-based prevention and intervention strategies. 

Furthermore, the use of interpretable machine learning in this 

research could pave the way for a new research methodology 

in the future in the field of adolescent health and predictive 

medicine and may be useful in data-driven decision making 

in the healthcare and education systems in Iraq. 

 

Methods 

Study Design and Participants 

The study was a cross-sectional study that was carried out in 

2026 in the city of Mosul in Iraq. In the multistage sampling 

technique, 890 female students were enrolled in 10 schools 

of two education districts in Mosul.A total of 890 eligible 

female students were recruited using multistage sampling 

technique in 10 schools in two education districts in Mosul. 

The schools were randomly selected in each district and a 

simple random sampling technique was used within each 

school to sample student’s representative of each grade level 

to complete questionnaires. 

The students were selected according to the following 

criteria: female students, lower secondary school (grade 2 

intermediate), and ability to understand the items of the 

questionnaire. Patients were excluded if they had a pre-

existing medical condition/illness; and were not willing to 

participate in the study. Data collection began once 

permission was granted by the Ministry of Education and 

school authorities as well as written informed consent was 

obtained from school authorities and participants. 

The data collection tool consisted of three parts. The first 

section collected demographic and background information, 

such as age, height, weight, parental level of education, 

parental occupation, family size, household income, sport 

clubs participation, physical activity engagement, hours of 

sleep per day, quality of sleep, outdoor physical activity and 
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usage of smartphones each day. Sleep quality was the 

primary dependent variable and was divided into optimal vs. 

sub-optimal. 

The third instrument was the 26-item World Health 

Organization Quality of Life (WHOQOL-BREF), which has 

been previously validated and reliable (34). This tool 

measures four areas: Physical health (7 items), Psychological 

health (6 items), Social relationships (3 items), and 

Environmental health (8 items). The domain scoring did not 

include item 1 (perception of overall quality of life) and item 

2 (perception of health), as these items were examined 

separately. Answers were scored on a 5-point Likert scale (5 

= very good, 1 = very bad). The total scores were classified 

as: 0–20 (poor), 21–40 (moderate), 41–80 (good/very good), 

and 81–100 (excellent) quality of life. The students were 

given questionnaires and reviewed after completion to check 

for blank data which were returned to the respondents for 

immediate completion. All students invited to participate 

were 100% responsive. The total average time of the survey 

was about 15-20 minutes. 

In the first phase the information so collected, was carefully 

reviewed for completeness, quality of data entered, and 

consistency. Inconsistencies, missing data and implausible 

values were corrected or removed according to pre-

established data cleaning procedures. After cleaning and 

quality checking, 890 valid samples were kept for final 

statistical analysis and model development with machine 

learning. 

After preparing the data, different machine learning models 

were developed and tested using the final dataset. The 

robustness and reliability of the predictive outcomes were 

achieved by adopting standard data processing and 

standardization, partitioning training and testing sets, class 

balancing methods, and training multiple ML algorithms. A 

standard set of metrics were used to assess model 

performance. In addition, the most important predictors 

affecting sleep quality were selected using Explainable 

Artificial Intelligence (XAI) methods for improving the 

transparency and interpretability of the models. 

 

Data Collection and Quality Control Procedure 

At the end of the data collection period all questionnaires 

were carefully audited for completeness of answers, logical 

consistency and general data entry quality. The raw data was 

then imported into the analytical environment, where it 

underwent rigorous data quality control, data cleaning and 

data pipelines. After discarding incomplete and invalid data, 

a clean dataset of 890 valid observations was left for further 

statistical analysis downstream and to build predictive 

machine learning models. 

 

Identify Variables and Measurement Instruments in The 

Study 

Demographic variables were age, family size, household 

income, education of parents, and occupations of parents. 

Anthropometric measures included height, weight and Body 

Mass Index (BMI). BMI was determined using the formula: 

 

BMI =
Weight (kg)

Height (m)
2  

 

Self-reported sleep quality and the length of the sleep period 

were analyzed as sleep-related variables. The sleep quality 

was used as the main target (dependent) variable in the 

machine learning models. In the binary classification task, it 

was dichotomized into two classes: optimal sleep quality 

(n=583) and sub-optimal sleep quality (n=307). 

Other lifestyle and demographic factors were the duration of 

daily usage of the smartphone, social media engagement 

scores, physical exercise behavior, involvement in sports 

activities, membership in fitness clubs, and involvement in 

athletic associations. In addition, the participants quality of 

life was evaluated by the World Health Organization Quality 

of Life (WHOQOL-BREF) questionnaire, which consists of 

four domains: physical health, psychological health, social 

relationships and environmental health. Calculations of the 

scores for these domains were performed according to 

standard WHO scoring rules and used as input to the 

predictive models. 

After data cleaning, quality control, categorical variable 

encoding and modeling preparation, 53 final features 

(numerical and categorical) were identified for building the 

machine learning models. 

 

Data Preprocessing and Quality Control 

Before the machine learning models were developed, a 

thorough data preprocessing pipeline was run that has been 

used to improve the quality of the data, to reduce 

measurement errors, and to prepare the dataset for 

computational analysis. All the pre-processing were 

performed in Python programming language (version 3.11) 

using specific data analysis and machine learning libraries. 

The first step to the data analysis was to audit the raw data 

that was exported from the SPSS software. Quality Control 

methods involved missing value checks, duplicate checking, 

logical checking, and implausible value checks. Observations 

that contained data that were missing or were incorrectly 

recorded were corrected or omitted according to established 

standards. After this step, the final data set included 890 

participants for further analyses down-stream. 

Methods used to detect the outliers of numerical variables 

were range checking, Interquartile Range (IQR) method, and 

distribution analysis. Only in the presence of explicit 

evidence of data entry error was an outlier modified or 

corrected, and only when the omission of such data points 

from a model would significantly diminish its 

generalizability. 

Due to the nature of the data (mixed numerical and 

categorical), feature transformation was conducted. One-Hot 

Encoding was used to transform categorical variables into 

numeric values appropriate for machine learning algorithms. 

In addition, numerical characteristics were standardized to 

reduce the scale differences which might affect the 

performance of the scale-sensitive algorithms, like Logistic 

Regression. The standardization process was carried out 

using the following formula: 

 

𝑍 =
𝑋−𝜇

𝜎
  

 

Sleep-related variables evaluated were daily sleep duration 

and self-reported sleep quality. The sleep quality was used as 

the dependent (primary target) variable for the machine 

learning models. For the binary classification task, it was 

classified into two groups: optimal sleep quality (n = 583) and 

sub-optimal sleep quality (n = 307). 

Other lifestyle and demographic factors consisted of average 

time spent using a smart phone per day, scores for social 
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media use, physical exercise behaviors, sports activities 

participation, fitness club membership and athletic 

association membership. Additionally, participants' quality 

of life measured by the World Health Organization Quality 

of Life (WHOQOL-BREF) questionnaire on four core areas: 

physical health, psychological health, social relationships and 

environment. The scores for these domains were derived in 

line with the standard WHO scoring guidelines and used in 

the predictive models. 

After data cleaning, quality control, categorical variable 

encoding, and modelling preparation, 53 final features (both 

numerical and categorical) were selected for developing the 

machine learning models. 

The data was preprocessed and quality controlled.The data 

was preprocessed and quality controlled. 

To ensure high-quality data, reduce measurement 

inaccuracies and prepare the data for computational analysis, 

a comprehensive data preprocessing pipeline was run before 

the development of the machine learning models. 

The implementation of all the pre-processing steps has been 

done in Python programming language (version 3.11) with 

the help of some data analysis and machine learning libraries. 

The raw data from SPSS software were audited in the first 

phase. Quality control procedures involved checking for 

missing data, duplicate data, data with logical inconsistencies 

and extreme values. Incomplete data and/or recording errors 

were either corrected or removed by using predetermined 

criteria. After this, a down-streamed dataset of 890 

participants was drawn up. 

To detect any outliers in the numerical variables, statistical 

methods such as range verification, Interquartile Range 

(IQR) method, and distribution analysis were used. Data 

points were modified or corrected only when there was 

explicit evidence from the data points that they were data 

entry errors; otherwise, they were not corrected because the 

removal of valid data points can reduce the generalizability 

of predictive models. 

The data was a mixture of numerical and categorical, so 

feature transformation was done. One-Hot Encoding 

technique was used to encode categorical variables into 

numerical values suitable for machine learning algorithms. 

Moreover, numerical features were standardized so that they 

are scaled between 0 and 1 to avoid scale differences causing 

bias in the performance of scale sensitive algorithms like 

Logistic Regression. Standardisation procedure was carried 

out as follows: 

Note the notation: Z is the standardized value of the feature; 

X is the observed value of the variable; μ is the mean 

(average) of the variable; and σ is the standard deviation of 

the variable in the set. 

To avoid leakage, all the parameters for feature 

transformation and feature standardization were calculated 

only on training data and then applied to the test data without 

any changes. This allows for the model to be evaluated in a 

way that is true to its predictive ability on new data. Thus, 

after the preparation process, a feature matrix, comprising 53 

input features, was created and used to train the machine 

learning algorithms. The entire data preparation and model 

building process is summarized in Figure 1. 

 

 
 

Fig 1: Machine Learning Workflow 

 

Machine Learning Model Development and 

Interpretability Analysis 

A supervised machine learning approach was employed to 

create predictive models of sleep quality, utilizing Python 

(version 3.11). Various specialized libraries such as scikit-

learn, XGBoost, imbalanced-learn, and SHAP were used. 

This study was aimed at determining the best algorithm that 

Classifies Sleep Quality of Iraqi female students according to 

a wide range of demographic, anthropometric, physical 

activity, digital behavior, and quality of life parameters . 
The final dataset of 890 participants was randomly divided 

into two sets by stratified split procedure, 80% being used to 

train the models and the remaining 20% for independent 

assessment of the performance of the models. Stratified 

partitioning was used to ensure that the distribution of sleep 

quality classes was similar for training and testing sets and 

reduce the possibility of class imbalance bias . 
In the preprocessing step, the missing values and outliers 

were carefully checked and adjusted. To ensure that the 

numerical variables could be used by the machine learning 

algorithms, they were standardized. For categorical variables, 

they were encoded using One-Hot Encoding. Most 

importantly, the data did not leak into the model because all 

the preprocessing transformations were applied just to the 

training dataset; all testing data was processed after the 

training data was preprocessed. 
The inherent class imbalance of the sleep quality target 

variable was accounted for by the synthetic minority 

oversampling technique (SMOTE), which is only applied to 

the training set. This method creates synthetic observations 

of the minority class to create a balanced class distribution 

when training. In contrast, the test data was kept intact, with 

no modifications, to ensure that the models' performance was 

evaluated in a unbiased and realistic way. 
Three classifiers were developed and compared: Logistic 

Regression, Random Forest and Extreme Gradient Boosting 

(XGBoost). The choice of Logistic Regression as a baseline 

model was made because it is a statistically interpretable 

model, while Random Forest and XGBoost were chosen 

because they have good power to detect non-linearities and 

interactions between features. Each of the models was 

configured with different parameters and hyperparameters as 

detailed in Table 1. 

The performance of the model was evaluated using a number 

of standard metrics: Accuracy, Sensitivity (Recall), 

Precision, F1-score, Macro-F1 average, Weighted-F1 

average, and Area Under the Receiver Operating 

Characteristic curve (ROC-AUC). 
To improve the transparency of the model and understand the 

reasons behind sleep quality, an Explainable Artificial 

Intelligence (XAI) technique, known as SHapley Additive 

exPlanations (SHAP), was used. The value of SHAP can be 

written as the sum of the feature importance contributions, 

allowing for a mathematically precise evaluation of the 

relative importance of each feature, which will help measure 

how vital it is for the model to make its final classification 
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decision. In this way, feature importance was extracted, the 

decision-making process of the final model was made  

completely transparent, and the features most important to the 

sleep quality of students were ranked. 
 

Table 1: Hyperparameters of machine learning models 
 

Setting Hyperparameter Model 

1000 Maximum iterations 

Logistic Regression 
LBFGS Solver 

L2 Regularization 

42 Random state 

300 Number of trees 

Random Forest 
Default Maximum depth 

Gini Criterion 

42 Random state 

300 Number of estimators 

XGBoost 
0.05 Learning rate 

5 Maximum depth 

42 Random state 

Class Imbalance Solution: SMOTE 

The Synthetic Minority Oversampling Technique (SMOTE) 

was used to equalize the distribution of the target variable 

(sleep quality) because of the class imbalance and ensure that 

the machine learning models do not become biased. In the 

case of classification models, an imbalance can have a huge 

impact on its ability to correctly classify minority class 

instances and thus lower the overall performance of 

classification algorithms. Therefore, it was necessary to use 

suitable oversampling methods to improve the learning of the 

model. 

In this work, SMOTE algorithm was used exclusively on the 

training set and the independent test set was preserved as it is 

without modifications. This was specifically done to avoid 

leakage of data and also maintain the high validity of the final 

model evaluation. That is, no information in the unseen data 

was used in the generation of the synthetic data, and the 

testing data were only used to evaluate the performance of the 

trained models. 

The dataset was first randomly split into a training dataset and 

a testing dataset, with 712 (80%) samples used for training 

and 178 (20%) samples used for testing. Later, the SMOTE 

algorithm was used to increase the number of minority class 

samples by creating new synthetic samples in the feature 

space so as to achieve a balanced class distribution. The 

training set was then increased to a balanced data set of 932 

samples, with 466 and 466 samples from two sleep quality 

classes. The machine learning models such as Logistic 

regression, Random Forest and XGBoost were then trained 

using these balanced data. 

 

Statistical Analysis and Model Evaluation 

The statistical analysis and evaluation of the machine 

learning models were done to shed light on the characteristics 

of the participants' demographics, the performance of the 

algorithms, and the most accurate predictive algorithm for 

sleep quality in this study. The statistical analyses were 

performed using SPSS software (version 26.0) and the 

machine learning modeling and evaluation pipelines were 

carried out using Python (version 3.11). 

Firstly descriptive statistics were used to describe the 

baseline data of the sample. For continuous variables, mean, 

standard deviation (SD), minimum, and maximum were 

provided. Frequencies and percentages were computed for 

categorical variables. The descriptive statistics of the 

participants are reported in Table 1. 

In order to comprehensively evaluate the classification 

models, we calculated a number of standard evaluation 

metrics: Accuracy, Precision, Recall, F1 score, and Area 

Under the Receiver Operating Characteristic curve (ROC-

AUC). These metrics were chosen as they possess good 

properties for assessing different facets of classification 

accuracy, especially when dealing with a binary classification 

problem with class imbalance. 

Overall Model Accuracy: The percentage of instances that 

are classified correctly, which is computed as shown below: 

 

Accuracy =
TP+TN

TP+TN+FP+FN
  

 

Precision quantifies the ratio of true positive predictions to 

the total positive predictions generated by the model, 

expressed as: 

 

Precision =
TP

TP+FP
  

 

Recall (or Sensitivity) measures the model's capacity to 

correctly identify actual positive instances, formulated as: 

 

Recall =
TP

TP+FN
  

 

To establish a balance between Precision and Recall, the F1-

score was computed as the harmonic mean of these two 

metrics: 

 

F1-score = 2 ×
Precision×Recall

Precision+Recall
  

 

Note: In the formulas above, TP, TN, FP, and FN denote True 

Positives, True Negatives, False Positives, and False 

Negatives, respectively. 

In addition, the ROC curve and the AUC values were 

computed to evaluate the discriminative power of the models 

in determining whether optimal or sub-optimal sleep quality 

groups. The AUC value is the likelihood that the model labels 

a randomly selected positive instance as positive, and a 

randomly selected negative instance as negative. A closer 

AUC to 1.0 means better discriminative capability while an 

AUC closer to 0.5 means performance similar to that of a 

random guesser. 

In the final model selection, the predictive performance of the 

Logistic Regression, Random Forest, and XGBoost 
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algorithms were extensively compared and contrasted, again 

using the same metrics. The best algorithm in terms of overall 

performance (Accuracy + F1 + AUC) was chosen as the best 

final model. 

 

Explainable Artificial Intelligence (ExAI) with SHAP 

An Explainable Artificial Intelligence (XAI) framework 

based on SHapley Additive exPlanations (SHAP) was 

applied to improve transparency, interpretability and 

comprehensibility of the machine learning decision-making 

pipeline. Despite having some of the best features in 

predicting non-linear and complex relationships among 

variables such as ensemble tree-based models like Random 

Forest and XGBoost, their internal decision-making 

processes appear as a "black box. In order to tackle this 

problem, SHAP decomposes the model predictions, 

quantifies the contribution of each input feature to the model 

prediction, and visualizes the results. 

SHAP analysis was performed in this study for the best model 

that was selected using the highest predictive performance 

among the other models (Random Forest). For every 

observation and feature, SHAP values were calculated to 

show how much each variable contributed to the model's 

prediction. SHAP values were computed for each individual 

observation and feature, indicating the positive or negative 

effect each variable had on the final classification of the 

model. A SHAP value for a particular feature reflects the 

magnitude of the effect that the feature has on the model's 

prediction, and the further away from zero the larger the 

absolute value, the greater the relative importance of the 

feature in the model's decision-making process. 

The theoretical basis for SHAP is based on the field of 

cooperative game theory (SHAPLEY values), which 

measures the contribution of each feature by considering all 

possible combinations of features (coalitions). The final 

model prediction for one case is represented by the additive 

feature attribution method: 

 

𝑔(𝑧′) = 𝜙0 + ∑ 𝜙𝑖
𝑀
𝑖=1 𝑧′𝑖   

 

where 𝑔(𝑧′) represents the final model prediction in the given 

instance, 𝜙0 is the base value (the expected value or the mean 

prediction across the whole dataset), M is the total number of 

input features, and 𝜙𝑖 is the SHAP value for feature 𝑖, which 

indicates the contribution of the feature to the model's change 

in prediction for the given instance. 

 

Statistical and Computational Environment 

This particular study was completed using statistical and 

computational tools in the Python programming environment 

(version 3.11). All the process (data preparation, 

preprocessing, machine learning model development, 

evaluation, interpretability analysis of the model) was done 

through dedicated Python libraries. In particular, Pandas and 

NumPy were used for data manipulation and numerical 

processing, Scikit-learn for implementing the core machine 

learning algorithms and computing the evaluation metrics of 

performance, Imbalanced-learn for execution of SMOTE 

algorithm for class balancing, XGBoost for the creation of 

gradient-boosted tree models, and SHAP library for the 

Explainable Artificial Intelligence (XAI) and model 

interpretability analysis. 

 

Ethical Considerations 

The ethical principles of the Declaration of Helsinki and 

those of international ethical standards for human subject 

research were adhered to in this study. Before data were 

collected, formal approval and required clearances were 

gained with the relevant institutional scientific and ethical 

review boards. A clear explanation of the objective of the 

study, research methodology, nature of the data needed and 

the intended use of the data collected were provided to all 

participants and data collection commenced only after 

obtaining written informed consent. 

All data collected was treated with strict confidentiality, and 

the data was anonymized extensively before going into the 

statistical analysis and machine learning modelling steps in 

order to protect the rights and privacy of the participants. 

Personally identifiable information was not used in the 

analysis, reporting of the results or in the writing of the 

manuscript. Moreover, the participants were explicitly told 

that they could withdraw from this study at any time, without 

any negative consequences. All subsequent data 

preprocessing, data cleaning, statistical computation and 

machine learning models development data pipelines were 

carried out on the anonymised version of the data only, to 

ensure absolute data privacy and uphold the highest standard 

of research ethics. 

 

Results 

Participant Characteristics and Descriptive Statistics 

The mean age of participants was 16.03 ± 0.63 years, with an 

average BMI of 22.61 ± 3.85 kg/m². The mean sleep duration 

was 7.79 ± 1.81 hours per day, while daily mobile phone use 

averaged 3.95 ± 2.63 hours. Approximately one-third of 

participants reported gym participation (32.7%), whereas the 

majority were classified as physically inactive (87.9%). The 

mean scores of WHOQOL domains indicated moderate 

levels of quality of life among the participants. Table 1 

summarizes the demographic, anthropometric, lifestyle, 

physical activity, and quality-of-life characteristics of the 

study participants. 
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Table 2: Demographic, anthropometric, lifestyle, physical activity, and quality-of-life characteristics of study participants (N = 890) 
 

Variable Category / Unit Value 

Demographic characteristics 

Age Years, Mean ± SD 16.03 ± 0.63 

Family size Number of members,Mean ± SD 4.13 ± 0.69 

Household income Mean ± SD 19.27 ± 10.58 

Anthropometric characteristics 

Height m, Mean ± SD 1.65 ± 0.06 

Weight kg, Mean ± SD 61.75 ± 11.32 

BMI kg/m², Mean ± SD 22.61 ± 3.85 

Sleep-related characteristics 

Sleep duration 
hours/day, Mean ± SD 7.79 ± 1.81 

Sleep quality classification 

Good sleep quality n (%) 583 (65.5%) 

Poor sleep quality n (%) 307 (34.5%) 

Digital behavior characteristics 

Mobile phone use hours/day, Mean ± SD 3.95 ± 2.63 

Social media use score Mean ± SD 16.70 ± 5.09 

Physical activity characteristics 

Gym participation  

Yes n (%) 291 (32.7%) 

No n (%) 599 (67.3%) 

Sport association membership  

Yes n (%) 205 (23.0%) 

No n (%) 685 (77.0%) 

Physical activity status  

Active n (%) 108 (12.1%) 

Inactive n (%) 782 (87.9%) 

Exercise status 

Regular exercise n (%) 382 (42.9%) 

Occasional exercise n (%) 96 (10.8%) 

Exercise preparation stage n (%) 79 (8.9%) 

No current exercise n (%) 225 (25.3%) 

Previous exercise n (%) 108 (12.1%) 

Quality of life characteristics (WHOQOL domains) 

WHOQOL Physical domain Mean ± SD 6.39 ± 1.38 

WHOQOL Psychological domain Mean ± SD 3.70 ± 0.68 

WHOQOL Social domain Mean ± SD 3.63 ± 0.84 

WHOQOL Environment domain Mean ± SD 3.63 ± 0.75 

Footnote 

Values are presented as mean ± standard deviation (SD) or 

number (%). BMI: body mass index; WHOQOL: World 

Health Organization Quality of Life assessment. 
 

Distribution of Sleep Quality Classes 

In this study, the main study endpoint was sleep quality, 

divided into two clinical groups. The 890 participants 

evaluated were divided into two groups: optimal sleep quality 

(583, 65.5%) and sub-optimal sleep quality (307, 34.5%). 

The absolute necessity of using advanced data-balancing 

methods, such as the Synthetic Minority Oversampling 

Technique (SMOTE), during the computational phase, to 

avoid a predictive bias toward the dominant class and achieve 

good generalization performance was revealed . 
 

Data Balancing using SMOTE 

The distribution of the baseline was also strongly imbalanced, 

meaning that an untuned model would have a "training bias" 

towards the majority class, significantly limiting its ability to 

detect instances of the minority class. The Synthetic Minority 

Oversampling Technique (SMOTE) was applied to handle 

the issue of class imbalance and to improve the performance 

of the models trained on the downstream machine learning 

models in terms of generalization . 
Importantly, the SMOTE algorithm was applied only in the 

training partition (80% of the original data set) to avoid data 

leakage and adding synthetic artifacts that contain 

characteristics of the test set. SMOTE works by generating 

new, artificial samples for the minority class instead of by just 

copying samples. These new synthetic observations are 

created on line segments connecting any and all of the k-

nearest neighbors in the feature space. 
The training set had a total of 712 observations before 

oversampling. After applying SMOTE the training set 

became a perfectly balanced subset of 932 observations (466 

optimal, 466 sub-optimal). This even-weighted training 

process made the machine learning algorithms learn the 

predictive patterns in both groups equally, leading to the best 

classification performance. This optimised and balanced 

training matrix was then used to train the Logistic 

Regression, Random Forest and XGBoost algorithms which 

were then tested against standard metrics such as Accuracy, 

Precision, Recall, F1 score and ROC-AUC. 
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Table 3: Distribution of sleep quality classes before and after SMOTE balancing 
 

After SMOTE Before SMOTE Sleep quality class 

466 466 Class 1 

466 246 Class 2 

932 712 Total 

Machine Learning Model Performance 

Table 3 compares the predictive performance of the Logistic 

Regression, Random Forest and XGBoost algorithms in 

predicting sleep quality. The overall performance of the 

ensemble tree-based models was systematically better than 

the linear baseline model (Logistic Regression). Logistic 

Regression had the lowest prediction ability with an 

Accuracy of 69.1% and an ROC-AUC of 0.722. 

The overall performance of the XGBoost model was the best 

in terms of the classification accuracy and balanced metrics, 

with Accuracy of 83.1% and Macro F1-score of 81.6%. The 

RF model had a slightly lower classification accuracy than 

the XGBoost model, but had the highest discriminative power 

with an ROC-AUC score of 0.904. This suggests that the 

Random Forest architecture has a better ability to accurately 

distinguish between the optimal sleep quality and sub-

optimal sleep quality groups in the study sample. 

 

Table 4: Performance comparison of machine learning models 
 

Model Accuracy Macro F1-score Weighted F1-score ROC-AUC 

Logistic Regression 0.691 0.663 0.694 0.722 

Random Forest 0.826 0.804 0.825 0.904 

XGBoost 0.831 0.816 0.833 0.883 

The Performance of The Random Forest Model in 

Classification 

Random Forest model turned out to be the best discriminative 

power with the highest ROC-AUC score and was chosen for 

detailed classification analysis. The performance of this 

model on the independent testing data set is reported in detail 

in Table 4. 

The Random Forest model was able to get an overall 

Accuracy of 82.6% on the unseen test data. The model 

achieved the best results (good quality class) with a Precision 

of 0.86, a Recall of 0.88, and an F1-score of 0.87. The model 

achieved Precision of 0.76, Recall of 0.72, and F1-score of 

0.74 for both classification targets for the sub-optimal (poor) 

sleep quality class, showing a good and balanced 

performance across both targets. 

 

Table 5: Classification report of Random Forest model 
 

Support F1-score Recall Precision Class 

117 0.87 0.88 0.86 Better sleep quality 

61 0.74 0.72 0.76 Poorer sleep quality 

178 0.83   Accuracy 

178 0.80 0.80 0.81 Macro average 

178 0.82 0.83 0.82 Weighted average 

ROC Curve Analysis 

A Receiver Operating Characteristic (ROC) curve was 

carried out to test the ability of the machine learning models 

developed in this study for accurate discrimination between 

the two sleep quality groups. ROC curve depicts the 

relationship between TPR (Sensitivity) and FPR (1-

Specificity) with respect to different levels of decision 

thresholds. In addition, Area Under the ROC Curve (AUC) 

was calculated as a threshold independent measure, which 

represents overall discriminative power of all models. 

The outcomes of the ROC analysis showed that the developed 

models had strong predictive powers in the classification of 

students' sleep quality. The highest discriminative capacity 

(AUC = 0.904) was found in the Random Forest algorithm 

among the evaluated algorithms. This is indicative of a 

greater predictive value of identifying sleep quality profiles. 

The XGBoost model also performed well with an AUC score 

value of 0.883, while the base model of Logistic Regression 

performed the poorest in discriminative power ("AUC" = 

0.722) among the ensemble tree-based architectures. 

The results indicate that non-linear ensemble approaches, 

such as Random Forest (RF), are better suited for sleep 

quality classification than linear approaches, like Logistic 

Regression (LR), because of their natural capacity to model 

complex covariate space interactions and non-linear 

boundaries. Therefore, the Random Forest model was chosen 

as the final optimal model for further interpretability analysis 

and extracting feature importance from the SHAP 

framework. The comparative ROC curves and AUC values 

of the three machine learning models are shown in Figure 2. 
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Fig 2: Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) values for the evaluated machine learning models 

 

Explainable Artificial Intelligence Analysis (SHAP) 

To decode the decision-making process of the selected 

optimal model and identify the most critical determinants of 

sleep quality predictions, an Explainable Artificial 

Intelligence (XAI) analysis was performed on the final 

Random Forest model using the SHAP (SHapley Additive 

exPlanations) framework. Although machine learning 

architectures excel at identifying complex, non-linear 

interactions among covariates, their internal mechanics are 

inherently difficult to interpret directly. Consequently, 

deploying the SHAP approach enabled a rigorous evaluation 

of each feature's marginal contribution to the model's output, 

thereby enhancing the transparency and interpretability of the 

predictive pipeline. 

The SHAP analysis revealed that daily sleep duration was the 

single most pivotal predictor of sleep quality, capturing the 

highest importance value among all input features. This was 

sequentially followed by age, exercise status, the 

psychological domain of quality of life (WHOQOL 

Psychological), and daily mobile phone usage, which  

collectively exerted the most substantial influence on the 

Random Forest model's classification decisions. 

Furthermore, the results underscored that lifestyle factors and 

daily behavioral routines—specifically physical exercise 

engagement and digital technology usage—alongside 

psychological dimensions of quality of life, play an 

instrumental role in stratifying students' sleep quality. These 

insights indicate that predicting sleep quality extends beyond 

baseline sleep architecture and is multi-factorially driven by 

a complex interplay of individual, behavioral, and 

psychological covariates. 

The global feature importance ranking, derived from the 

mean absolute SHAP values (|SHAP value|), demonstrated 

that features with higher values contributed more heavily to 

shifts in the model's output. In other words, these variables 

had the most profound impact on driving the model's 

probability estimates toward either optimal or sub-optimal 

sleep quality classifications. The comprehensive global 

feature importance plot based on SHAP values is illustrated 

in Figure 3. 
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Fig 3: SHAP-based feature importance ranking for the Random Forest model in sleep quality prediction. 

 

Discussion 

The present study revealed machine learning algorithms and 

especially ensemble learning methods are very effective in 

sleep quality prediction for adolescent girls in Iraq. The high 

classification performance of XGBoost and the high 

discriminative power of Random Forest implies multi-

dimensional and non-linear interactions between the 

demographic, behavioural and psychological features and 

suggest that sleep quality is determined by complex 

interactions. The results are in line with many studies 

showing that tree-based ensemble algorithms are more 

successful than traditional statistical models in predicting 

health outcomes involving multiple factors due to their ability 

to identify nonlinearity among predictors, higher-order 

interactions, and complex interactions between predictors [21, 

22]. Logistic regression, in contrast, showed lower 

performance, suggesting that linear relationships between 

predictors and sleep quality may not be an appropriate model 

for understanding sleep health in adolescence, which may be 

influenced by a complex network of processes. [21, 23]. During 

adolescence, there are significant developmental shifts in 

circadian rhythm, greater academic requirements and 

increased social involvement, which all tend to lead to later 

sleep onset and shorter sleep duration [24]. Therefore, length 

of sleep is a basic indicator of sleep health. This variable was 

also identified as the most powerful predictor, further 

emphasizing the importance of explainable machine learning 

models for early identification of adolescents who are more 

likely to suffer from poor sleep quality [25]. 

Even though the age range of the study population was fairly 

limited, age also proved to be one of the most crucial 

predictors. This finding may be due to developmental 

changes during the adolescent period such as hormonal 

changes, delayed circadian phase preference, and increased 

school workloads and freedom in sleep timing. Previous 

research has shown that sleep patterns worsen over time 

during this period of development in adolescence, and that 

older adolescents have shorter sleep duration and poorer 

sleep quality. Thus, the age contribution in the current model 

could reflect the aggregate of these life course changes in 

biological and behavioral functioning [26, 27]. 

The other predictor variables identified by the model were 

physical activity and. This is consistent with prior 

epidemiological data indicating that physical activity has a 

variety of physiological and psychological mechanisms that 

lead to healthy sleep, such as regulation of the circadian 

rhythm, stress reduction, improved emotional state, and 

increased sleep efficiency. On the other hand, lack of exercise 

has been linked to lower sleep quality in adolescents on many 

occasions. The cross sectional design does not permit causal 

inference, but the contribution of physical activity to the 

prediction indicates that physical activity may be a 

modifiable behavioral risk factor that can be included in 

school-based sleep health promotion interventions [28, 29]. 

In addition, the psychological domain of quality of life was 

also found to be a significant factor for predicting sleep 

quality. This is corroboration of the known bidirectional 

relationship between psychology and sleep. Psychological 

distress, anxiety, depression and diminished life satisfaction 

can disrupt sleep initiation and maintenance, leading to 

greater cognitive and emotional arousal, while sleep 

disturbances can contribute to emotional dysregulation, 

further influencing psychological dysfunction. The results of 

these studies emphasize the need to incorporate mental health 
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promotion into programs aimed at improving sleep quality 

among adolescents, not to treat sleep problems alone [30, 31]. 

In addition, the use of mobile phones and social media were 

found to be significant predictors of sleep quality. This is 

consistent with growing research suggesting that overuse of 

smartphone and social media, especially in the evening, can 

negatively impact sleep for multiple reasons, such as 

exposure to blue light, a delay in the onset of melatonin, 

longer time to fall asleep, cognitive over-stimulation, and 

displacement of sleep time. With adolescents' widespread use 

of digital technology, these findings highlight the need to 

foster healthy digital behaviors and to use educational 

strategies that decrease screen time at night as part of 

comprehensive sleep health strategies [32, 33]. 

The current study's main advantage is the seamless fusion of 

robust machine learning models and explainable AI (XAI) 

methods. Previous predictive studies have mainly aimed at 

optimizing the accuracy of models, but in this study, the use 

of SHAP significantly enhanced the interpretability of the 

models by providing a quantitative measure of the impact of 

each predictor on the model's predictions. This degree of 

transparency makes prediction models more clinically and 

public health applicable, allowing health professionals and 

school administrators to have a greater understanding of the 

factors that contribute to poor sleep. Therefore, explainable 

machine learning has a great potential to help develop 

intelligent screening systems in schools and personalized 

preventive interventions for improving adolescent sleep 

health. 

 

Limitation 

Although the methods used in this study are interpretable 

machine learning algorithms and a new predictive framework 

for sleep quality, there are some limitations that need to be 

taken into account when interpreting the results and 

generalizing them. First, the cross-sectional design does not 

allow drawing causal inferences with regard to the 

relationships between the demographic indicators, quality of 

life and sleep quality. The interpretations of the findings 

should thus be taken as associations rather than cause-and-

effect. Second, all the study data were obtained by self-report 

questionnaires, which may be susceptible to recall bias, social 

desirability bias, and the different interpretation of the items 

of the questionnaires by the respondents, all of which could 

influence the accuracy of the data. Third, sleep quality was 

measured using self-reported measures not with objective 

methods like polysomnography (PSG) or actigraphy. 

Therefore, the results obtained are largely based on 

participants' self-reported sleep quality, rather than on the 

physiological aspects of sleep. 

Fourth, the study was limited to female students in schools in 

Iraq. Thus, care needs to be taken when extrapolating the 

results to male students, out-of-school adolescents or other 

countries where cultural, social and socioeconomic 

differences could affect sleep patterns and the factors 

associated with them. Fifth, demographic factors and quality 

of life were the most important factors included in the final 

predictive model, but other factors that may influence sleep 

quality such as a genetic predisposition, clinician diagnosed 

sleep disorders, medication use, caffeine intake, dietary 

habits, objectively measured physical activity, exposure to 

blue light, sleep environment characteristics and family or 

social stressors were not included in the final model. 

Therefore there is a potential for residual confounding which 

cannot be ruled out. 

Sixth, machine learning algorithms can represent complex 

and nonlinear relationships between predictors, but the 

quality, quantity and balance of training data can still 

substantially affect the performance of the machine learning 

algorithms. This imbalance in the data set, missing values or 

the small sample size can therefore limit predictive 

performance and model generalizability. Seventh, although 

interpretable machine learning can help provide transparency 

by revealing the relative importance of variables that are used 

to predict the model, feature importance and patterns 

generated from the model should not be interpreted as 

causalities. The results need to be confirmed by further 

studies, especially longitudinal and interventional. 

Despite these shortcomings, this research has several 

significant merits. The combination of interpretable machine 

learning tools with a thorough analysis of demographic 

characteristics and multidimensional quality-of-life domains, 

combined with the study of an under-researched 

population—females in the context of Iraq—offers a 

powerful and novel approach to the study of sleep quality. 

The results can inform future research and evidence-based 

screening, interventions, and policy development to promote 

adolescent sleep health. 

 

Conclusion 

It improved sleep quality in adolescent girls while providing 

informative analysis of factors affecting sleep health via the 

interpretable artificial intelligence (AI) methods of SHAP. 

These findings underline the complexity of sleep quality and 

the need for considering behavioral and psychosocial factors 

in predictive models, with sleep duration, age, physical 

activity, psychological well-being and mobile phone use 

being identified as the most influential factors. The 

implications for practice are important with regard to the 

creation of data-driven, school-based screening systems and 

personalized preventive interventions that will allow the early 

identification of at-risk adolescents for poor sleep quality and 

for targeted health promotion interventions. However, the 

cross-sectional study design does not allow for causal 

inferences to be drawn, and the results need to be interpreted 

with that in mind. To further validate these models in larger, 

more diverse populations and include longitudinal and 

multicenter data to assess temporal changes and model 

generalizability, and to explore the feasibility of using 

additional objective data, such as data from wearable devices 

and digital behavioral measures, to increase the predictive 

accuracy and to implement EAI in adolescent health settings. 
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