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Abstract. Sleep disorders become a public health issue in view of the association 

with numerous detrimental physical, cognitive, and emotional outcomes. The 

problem has been focused on toward predicting and classifying medical 

conditions related to late-night sleeping habits through supervised machine 

learning applied on behavioral and lifestyle data. Anonymized secondary data on 

self-reported sleep routines, psychological symptoms, and related demographic 

variables were pre processed to counter class imbalance by oversampling 

employing SMOTE. Feature selection is done using Mutual Information. The 

four classifiers considered include Random Forest, XGBoost, Decision Tree, and 

K-Nearest Neighbor, which are compared. The XGBoost had the highest 

classification accuracy of 97.06%, followed by Random Forest at 96.30% and 

Decision Tree at 95.79%, showing the capabilities of ensemble classifiers in 

dealing with heterogeneous health data prediction problems. A rule-based 

recommendation engine was also added to the system to provide personalized 

recommendations for sleep based on predicted risk classes, user sleep patterns, 

and BMI score. The data tends to acknowledge that data-driven machine-learning 

systems can empower large-scale early detection and individualized intervention 

for sleep disorder health problems, especially in resource-constrained academic 

environments. Such results add to the body of literature extolling digital 

behavioral health analytics and point to possible avenues of appeal for tech-

enabled health promotion among at risk students. The developed ML pipeline has 

high reproducibility and generalization capability to be deployed in scalable and 

interpretable manner for behavioral health analytics. 
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1 Introduction 

Sleep health-related issues are the critical area of focus in digital healthcare, having a 

deeper impact on physical well being, mental stability, and performance academically 

or occupationally. Students are likely to have erratic sleeping habits because of aca-

demic stress, constantly being on their digital devices, and disturbed lifestyles. The tra-

ditional methods of blockage diagnoses are polysomnography which is dependable yet 

costly; hence these methods cannot be used for screening large populations or many 

subjects, thus opening the door for data-driven solutions. Recent advances in the super-

vised machine-learning system have enabled the detection and accurate classification 

of various sleep-related health problems, considering behavioral, demographic, or life-

style data. In previous works, however, sensor-type signals were usually considered, or 

small, homogeneous samples were used, limiting the scope of their conclusions. This 

investigation addresses the aforementioned issue by working on a non-sensory-based 

questionnaire study out of which multiple predictive models are being developed for 

medical conditions associated with delayed sleep practices and risk factors therein for 

heterogeneous student populations. This activity has three objectives: (1) to compare 

performance of classification for Machine learning models like Random Forest, 

XGBoost, Decision Tree, and K-Nearest Neighbors on sleep and lifestyle datasets; (2) 

to provide remedies to imbalanced data using newer techniques such as SMOTE tech-

niques and feature selections; and (3) to bring in a customized recommendation frame-

work that will recommend sleep health advice to the person based on his risk profile 

and anthropometric data. Hence, scalable and interpretable ML solutions presented by 

this study are a cheap, technically viable way for early detection and intervention in 

sleep health that is done on a tailored basis, especially in less resourceful areas where 

the mathematically challenged students in need may reside. 

2 Dataset 

The data were primarily collected using a structured Google Form. The form link was 

distributed among diverse participants across various settings, including university 

campuses, residential halls, urban areas, rural regions, and public streets. In addition to 

online responses, data were also gathered through in-person interactions and verbal 

communication with individuals. The information obtained through these conversations 

was subsequently entered into the Google Form to maintain consistency in data record-

ing. Specific locations in Bangladesh where data collection was conducted include cit-

ies such as Rajbari, Kushtia, Sirajgonj, and Dhaka. Participants were also approached 

in various villages within these cities, as well as at Daffodil International University 

and its associated residential halls (23.875816, 90.323511). Figure 1 shows that this 

broad geographic coverage contributed to the richness and variability of the dataset. 

The dataset consists of 2,610 entries with 20 features of categorical, numerical, or 

multi-select textual nature. It features demographics (age, gender, occupation, weight, 

height), sleep schedule (time to bed and time to wake up), sleep quality (average time 

of sleep and time they take to fall asleep), sleep disturbances (breathing difficulties, 
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restlessness,ary medical condition), behavioral causes (reasons for staying up late), 

health effects (side effects of poor sleep), coping mechanisms (methods to cope with 

sleep deprivation), and environment (rating of the comfort level of the sleeping envi-

ronment). 

    Because the dataset was self-reported, several measures to mitigate reporting bias 

were performed such as random manual verification and consistency checks. Physio-

logical sensor data (EEG, HRV) will be included in the future to cater for validation of 

behaviour inputs. 

 

 

Fig. 1. Data Collection Questions. 

3 Related Works 

Machine learning (ML) applications in sleep research have seen considerable expan-

sion in areas pertaining to sleep staging, disorder detection, behavioral health modeling, 

and genomic studies. 

 A paper used the ML approaches of SVM, KNN, and others in optimizing sleep 

schedules for individual college students, with accuracies surpassing 65% [1]. In an-

other study convolutional and recurrent neural networks have been applied to sleep 

staging and narcolepsy diagnosis, exhibiting the learned power of deep learning in the 

execution of complex clinical tasks[2]. A research work presented a hybrid approach 

using feature selection and logistic regression, producing an accuracy of 95% in the 

diagnosis of early-stage sleep disorders [3]. 

 LSTM networks have been applied by [4] to HRV signals to carry out sleep stage 

classification, with the accuracy achieving 77%. Extreme learning machines together 

with particle swarm optimization have also shown promising results [5]. Automated 

multiclass classification of sleep disorders using ensemble approaches like Random 
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Forest and SVM was again broached [6]. Such challenges are still noted for model gen-

eralization, class imbalance, and acceptance of personalized recommendations by [9]. 

EEG-based features with nonlinear dynamics improved the accuracy of detection of 

sleep disorders [7]. 

A study shows systematically reviewed the association between sleep timing and 

health outcomes, thereby strengthening the case for sleep regularity in cognitive and 

metabolic health. Recent fronts have seen the use of biofeedback and wearable sensor 

data for predicting sleep quality in real-time[8]. Another research team emphasizes the 

data-driven revolution for sleep health and advocates integrated ML with personalized 

interventions. The current study expands the scope by resolving class imbalances via 

SMOTE, feature selection through mutual information, and associating predictions 

with customized sleep recommendations [10]. 

 Subject-specific machine learning based models to estimate sleep parameters from 

actigraphy data performed also better than population level models, with accuracies 

around 86%. These findings demonstrate that personalized modeling enhances the pre-

diction for both sleep quality and wake state [11]. ML classifiers could automatically 

stage sleep in rodents with the best classifier (Random Forest) resulting to be 95.78% 

accurate. This approach holds promise for sleep stage detection in animal models, 

where preclinical research is concerned [12]. Another study forecasted OSAS severity 

in 313 patients with a maximum accuracy of 44% from SVMs and Random Forest. 

Machine learning has potential for a preliminary screen, but it’s still far from ideal in a 

clinical setting [13]. A work compared sleep-wake classification based on MESA Sleep 

data for machine learning and deep learning approaches. LSTMs yielded the highest 

24-hour accuracy (88.2%) and CNNs were not far behind (87.7%), establishing a strong 

baseline for scalable sleep classification [14]. In another study, sleep-wake cycles were 

analyzed in DOC patients using machine learning and the correspondence between pre-

dictions and visual confirmation was strong (F1 score 0.87). Results indicate that sleep-

wake organization could differentiate between MCS vs. UWS states [15]. A research 

comparison discovered that modern analysis (TB LSTM, CNN) was superior to classi-

cal sleep quality prediction with wearable activity data using a logistic regression. TB-

LSTM had the best result with AUC = 0.9714 which demonstrated that the deep learn-

ing technique has the potential to achieve accurate and non-invasive sleep quality esti-

mation [16].  

Table 1. Comparative Analysis Table. 

Study Data/Signal Method/Model Best  Reported Key Contribution 
(Author, 
Year)  

Type 
Applied  Accuracy 

Azuara 
Hernandez 
& Gillette 
(2022) 

EEG (Muse 
headset), 
single subject 

SVM, KNN, 
LDA, DTC  

SVM:  

>65% Accuracy 

Optimal schedule 
estimation for college 
students  
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Stephansen 
et al. (2018)  

Multi-cohort 
PSG, genetics 

CNN, RNN, GP, 
Ensemble  

El-Kenawy 
et al. (2022)  

Health & 
lifestyle (400 
records)  

bDTO + Logistic 
Regression  

Radha et al. 
(2019)  

HRV (292 
participants, 
584 nights) 

LSTM Neural 
Network 

Surantha et 
al. (2021)  

ECG-HRV 
(MIT-BIH 
dataset)  

ELM + PSO 82.1% Accuracy  Hybrid ML with 
improved speed 

Dritsas & 
Trigka 
(2024)  

Health/lifestyle 
questionnaire 

SVM 
(Polynomial), 
Logistic 
Regression 

Tiwari et al. 
(2022)  

EEG (CAP 
Sleep 
Database)  

SVM-RBF on 
NLDF features 

Chaput et al. 
(2020)  

41 cohort 
studies 
(>92,000 
adults)  

Systematic 
Review  

Farrahi and 
Rostami 
(2024) 

EEG/EMG 
(rodents, 427 
hrs)  

RF, ANN, DT, 
LR, NB  

Perez 
Pozuelo et 
al. (2020)  

Multi-modal 
data (review)  

Digital Sleep 
Framework  

Khademi et 
al. (2019) 

Actigraphy + 
PSG 

Personalized ML 
(RF, RLR, XGB, 
AB)  

Smith et al. 
(2021)  

EEG/EMG 
(rodents, 427 
hrs) 

RF, ANN, DT, 
LR, NB  

Mencar et 
al. (2020)  

Clinical (313 
OSAS 
patients)  

SVM, RF, k-NN ~44% Accuracy OSAS severity 
prediction (limited)  

Palotti et al. 
(2019)  

PSG + 
actigraphy 
(MESA, 1817) 

CNN, LSTM, 
Extra Trees  

Wielek et al. 
(2018)  

PSG + video 
(23 DOC 
patients)  

RF, FFNN, 
clustering 

Sathyanara 
yana et al. 
(2016)  

Wearable 
actigraphy 
(adolescents) 

CNN, LSTM, 
TB-LSTM  

High accuracy; 
improved specificity 
with the HLA test  

Narcolepsy diagnosis 
biomarker 

95% Accuracy Feature optimization + 
classification  

77% Accuracy; κ = 
0.61  

Low-cost EEG 
alternative 

91.44% Accuracy; κ = 
0.85 

Multi-class disorder 
screening 

93.5% Accuracy  Bruxism disorder 
detection  

Evidence quality: low 
moderate  

Timing/ consistency 
linked to health  

RF: 95.78% Accuracy  Preclinical sleep 
classification  

N/A Data-driven sleep 
science roadmap  

~86% Accuracy 
(personalized)  

Personalized vs 
generalized 
comparison  

RF: 95.78% Accuracy  Preclinical sleep 
classification  

LSTM: 88.2% 
Accuracy 

Benchmark for sleep 
wake classification 

F1-score: 0.87 (subset) Sleep organization in 
DOC patients  

TB-LSTM: AUC = 
0.9714 

Predict sleep quality 
from wake data  
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4 Methodology 

With respect to Figure 2, A workflow representing an end to-end ML-based sleep rec-

ommendation system is divided into three major categories or modules: preparation, 

data processing, and modeling. At first, during preparation, the idea is to plan, collect, 

and prepare data deemed relevant to the problem, so that one clearly understands the 

dataset. Data processing essentially involves systematic preprocessing of all steps 

needed to clean and encode the data: checking for missing values, visualizing data for 

insights where necessary, and firmly selecting features (like variable correlation analy-

sis) to accept only those informative variables. 

    Modeling follows a two-step training process where decision-making of the initial 

model and hyperparameter tuning are followed by further adjustments using mutual 

information-based feature selection oversampling and SMOTE for class balancing. 

    The final model, optimized for the twin aims of accuracy and generalizability, is 

deployed for automated disease prediction and is seamlessly integrated with a person-

alized sleep recommendation engine. The fully modular pipeline ensures that each 

phase, from processing raw data to drawing actionable health guidance, is rigorously 

prepared and validated-a best-practices, reproducible methodology employed in real-

world application of sleep health analytics.  

 

 
 

Fig. 2. Work Flow Diagram. 
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5 Experimental Result 

Table 2 shows the performance of the key machine-learning algorithms in sleep-related 
medical-condition classification is compared in Table 1, with train and test accuracy 
reported for each. Both ensemble methods XGBoost (train: 100%, test: 97.06%) and 
Random Forest (train: 99.29%, test: 96.30%) outperform all other classifiers, indicating 
strong predictive power and the ability to generalize well to unseen data, respectively. 
Whereas Decision Tree classification appears correct as well, its perfect training accu-
racy (100%) coupled with slightly less test accuracy (95.79%) is suggestive of some 
degree of overfitting. 

K-Nearest Neighbor seems capable of yielding good predictions (train 94.93, test 
85.44) despite having a wider gap between train-test accuracy than the top ensemble 
models. On the other hand, LightGBM and MLP have inferior test accuracy (LightGBM: 
72%, MLP: 67.69%) with respect to their training scores, further emphasizing the prob-
lem of overfitting or sensitivity to data distribution. 

On the contrary stand classic linear models such as Logistic Regression and SVC, 
which perform worse than their nonlinear counterparts: Logistic Regression (train 
43.74%, test 35.63%); SVC (train 37.31%, test 27.71%). While the figures in the paren-
theses denote training and test scores respectively, they state the very fact of the limited 
expressive power of linear and kernel-based methods for this complex, feature-rich sleep 
dataset. 

Models with higher accuracies will withstand higher discriminating power, such as 
XGBoost, Random Forests, and Decision Trees. These algorithms are designed to cap-
ture complex, nonlinear patterns in the data, which simultaneously contain categorical 
and numerical attributes. SMOTE was employed to balance the class imbalance, which 
is best exploited in ensemble tree methods. Another perspective is that algorithms like 
Logistic Regression, SVC, or other linear and kernel-based classifiers fail to capture so-
phisticated feature interactions or nonlinear relationships that appear very much in 
sleep/medical datasets. Models such as KNN, MLP, or LightGBM might also lose accu-
racy due to suboptimal hyperparameter settings, inappropriate feature scaling, or feature 
noise/irrelevance in the dataset. Thus, the performance disparity amongst the different 
ML algorithms can be explained by their suitability to the problem at hand, choice of 
data properties, and their ability to interact between features.  

This comparative analysis rocks, summarizing that Table 2 justifies the selection of 
Random Forest and XGBoost as classifiers for this rather particular task. These algo-
rithms prevent overfitting and perform well under cross-validation---basically suitable 
when integrated into a system providing recommendations on sleep health, as shown 
further with a confusion matrix that will remain untold here. Concentrating on these two 
models rightly follows the appraised literature in your book and current state-of-the-art 
approaches for imbalanced, structured medical datasets. Here is the analytic discussion 
of the best 4 accuracy-gaining model.  

Table 2. Comparative Analysis Table. 

Algorithm Train Accuracy Test Accuracy 

LightGBM 89% 72% 

RandomForestClassifier  99.29% 96.30% 
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Logistic Regression  43.74% 35.63% 

SVC  37.31% 27.71% 

DecisionTreeClassifier  100% 95.79% 

KNN 94.93% 85.44% 

XGBoost 100% 97.06% 

MLPClassifier 93.11% 67.69% 

5.1 XGBoost 

 

Fig. 3. Learning Curves for XGBoost Classifier. 

 

Fig. 4. Confusion Matrix for XGBoost Classifier. 
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XGBoost's learning curves from Fig 3. hint at strong training and generalization per-

formance. The training accuracy is near 100% regardless of training sample size, indi-

cating that the model is virtually perfectly fit on the training data. The accuracy on 

testing data, by the green line, increases steadily with training size, settling near 98% 

as sample size grows-the model is accurate with known data and reliably predictive 

with unseen data. The closeness of the two curves (little overfitting) is the testimony to 

the ability of model regularization and endorses the stability of the XGBoost technique 

for this purpose.  

    Showing the corresponding confusion matrix in Fig 4. further underscores the prow-

ess of the model. Almost all predictions rest within the main diagonal with a really high 

number of correct classifications of each category (label). What stands out is the in-

credible accuracy of the biggest class ("label 2") with almost all being predicted cor-

rectly (280/281), while the misclassification of minority classes is also very few —

missing samples are scattered off-diagonal mostly by just one or two samples in each 

class. This means that the XGBoost classifier is able to get high recall and precision for 

every class, even on a real-world class-imbalance scenario. There few incidences of 

off-diagonal confusion suggesting slight boundary overlaps between practically similar 

classes; however, these scarcely affect the overwhelming practical reliability of the 

model. Collectively, this evidence pronounces XGBoost as the prima facie for your 

sleep condition prediction task, achieving accuracy and generalization potential that 

favors deployment in health-related recommendation systems. 

5.2 RandomForestClassifier 

 

Fig. 5. Learning Curves for RandomForestClassifier. 
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Fig. 6. Confusion Matrix for RandomForestClassifier. 

In the fig 5. learning curve of the supposed Random Forest classifier, performances are 

both high and ever improving. The train accuracy (blue line) hovers around 99%. The 

test accuracy (green line) rises as we increase data and gets stabilized just below the 

train score at an impressive 96%. The train-test gap thus shrinks as sample size grows, 

indicating good generalization with negligible overfitting. The large variance in perfor-

mance at smaller training sizes was expected and has eventually gone away as more 

instances are used for training.  

    In fig 6. Having analyze the performance of the model from the confusion matrix, 

we found it to indicate a positive assessment of the proposed approach. Most values are 

concentrated along the main diagonal, which means that the model classifies correctly 

a majority of instances from each class. The densest cluster is along row 3 for Class 3; 

hence this class clearly enjoys perfect or almost perfect recall while off-diagonal mis-

classifications really occur only in minimal numbers for the minority classes. There is 

a little bit of confusion among adjacent classes (Class 1 versus Class 2), but this is 

minimal and expected on any real-world, noisy health dataset. In sum, because of the 

high accuracy, excellent tolerance to data variation, and uniform performance across 

all prediction classes, the Random Forest classifier would be best for reliable integra-

tion into a sleep disorder prediction and recommendation system. 



   

 

 

 

Addressing Behavioral Patterns of Late Sleepers Using a …             351

5.3 DicisionTreeClassifier 

 
 

Fig. 7. Learning Curves for DicisionTreeClassifier. 

 
 

 

Fig. 8. Confusion Matrix for DicisionTreeClassifier 

The Fig 7 shows A learning curve exhibits a side show describing the decision tree 

almost touching perfection while training on sample sizes, near 100% training accuracy 

is just one symptom that emphasizes this model among those fitting the training data 

well. Yet test accuracy increases with the number of training examples but never quite 
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reaches that of training-data accuracy. Instead, it converges just below 96%. This small-

to-moderate gap between training and testing, especially for smaller sample sizes, 

marks the existence of some overfitting: the model might be memorizing training pat-

terns rather than generalizing. However, the gap seems to close as more data becomes 

available, thus pointing to the quality of having more data.  

     In fig 8 Inside the 2-D domain of model evaluation, the confusion matrix highlights 

model weaknesses and strengths. Apart from a few permissible exceptions, the majority 

of the predictions fall directly on the matrix diagonal for all classes, signifying reliable 

recall and precision performances. Misclassifications occur sporadically, whereby, for 

instance, some cases of Class 1 are deemed Class 2, and vice versa, while other neigh-

boring classes also suffer slight misattributions. Nevertheless, these counts still rank 

comparatively low against the whole total of each true class, thus suggesting that the 

classifier does a good job aside from some minimal noise around a few category bor-

ders. 

    In a nutshell, Your Decision Tree has shown good predictions and an easy-to-sepa-

rate class, however, with an inclination towards memorizing training details (Figure 

shows the perfect train score and some level of test dropoff). It stands to model complex 

with careful validation and, preferably, model regularization or ensemble if time pem-

its. 

5.4 KNN 

 
 

Fig. 9. Learning Curves for KNN 
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Fig. 10. Confusion Matrix for KNN 

As shown in Fig 9  the KNN learning curve, here is a steady rise in the training accuracy 

with an increase in training set size, with the top peak just below 95%, whereas the 

training accuracy remains significantly above the test accuracy all along. The test 

accuracy curve also climbs as more data is provided and ends just about 90%. The 

constant gap in performance across training and testing and very wide confidence band 

(shaded area) for small sampled sizes only point towards KNN’s inability to work well 

on this very feature-rich, possibly noisy sleeping dataset—so there are always problems 

with overfitting and generalizing well, especially when fewer samples are at hand.  

    The confusion matrix-based analysis in Fig 10 supports these observations of true 

positives and false negatives. While class 2 and class 4 have really good true positive 

rates, with 272 out of 278 and 148 out of 183 correct, respectively, for the other classes, 

the number of misclassifications are more than what we find in ensemble type models. 

In particular, class 3 is often confused with class 4 (35 samples) and class 1 shows 

confusions with classes 2 and 3, thereby revealing the interesting situation in which 

similar classes in feature-space can be difficult for KNN to uniquely separate. In sum, 

KNN does reasonably well when overall accuracy is concerned but it struggles when 

the boundaries of two classes overlap or when we have a high-dimensional feature 

space. It does get the edge when we have more training examples to train with, yet this 

kind of model tends to give in to noises in the data or irrelevant features, hence causing 

KNN models to give more erroneous predictions among similar classes than the more 

robust ensemble algorithms. 
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6 Discussion & Analysis 

In this comparison, the superiority of ensemble tree-based classification techniques, 

mainly Random Forest and XGBoost, emerges for predicting sleep-related medical 

conditions. This model's ability to capture complex nonlinear relationships among fea-

tures and from heterogeneous feature types, combined with an inherent capability to 

remedy class imbalance bias such as with SMOTE, defines the accuracy and generali-

zability of the model. However, for such medical data, nonsensitive to class imbalance 

and additional outlier noises, we consider the most balanced and reliable model to be 

Random Forest due to its highly consistent performance shown by almost similar train-

test accuracies and reliability inferential results by way of confusions. 

    On the other hand, linear models lag in terms of predictive accuracy for such data 

sets since they are limited in modeling the intricate feature interactions of such complex 

health data. K-NN gives moderate performance but is susceptible to noise in high-di-

mensional features, as visualized by the wide variation in the learning curve and con-

fused class boundaries shown in the confusion matrix. 

    It is noteworthy that the comparison between some of the learning curve trends and 

the confusion matrices agreed across models, underscoring the importance of data pre-

processing-selection of features through mutual information and balancing for training-

and in unlocking the full potency of any given model. The integration of SHAP and 

LIME-type interpretability tools has further edified the model's transparency and, 

thereby, its trustworthiness in clinical or consumer-facing applications. 

    It is therefore the smooth connection-from categorization and extrapolation-oriented 

machine learning breakthroughs to personalized sleep recommendation-that validates 

it as useful for behavioral health. The set of principles for this modular pipeline includ-

ing raw data processing thought to ML prediction validation and finally actionable 

guidance sculpt a promising scenario for scientifically-based and scalable sleep health 

management in resource-limited settings. 

    This study’s attention to students provides specific academic information, yet pop-

ulation-wide generalization is constrained. Further studies with longitudinal follow-up 

are required to evaluate changes in behaviour over time. Model interpretability is en-

hanced by using SHAP and LIME, showing important features such as bedtime and 

caffeine. 

7 Conclusion & Future Work 

This study basically validated the application of supervised machine learning tech-

niques in predicting medical conditions related to late-night sleeping behavior through 

questionnaire-based behavioral and demographic data. Both Random Forest and 

XGBoost classifiers emerged as optimal models, all achieving over 96% accuracy now 

establishing the ensemble tree methods as powerful for handling challenging imbal-

anced health datasets. Choice of mutual information-based features, as well as balanc-
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ing strength of the training data by SMOTE were crucial to fine-tune model perfor-

mance. Finally, integrating predictive analytics with a personalized sleep recommenda-

tion system provides an approach to a behavioral health intervention. 

    Future work will explore the incorporation of real-time physiological sensor data, 

such as EEG and heart-rate variability, to complement and enhance prediction accu-

racy. Expanding the cohort size and diversity will help increase model generalizability 

across different populations. Additionally, integrating advanced explainability tech-

niques and adaptive feedback mechanisms will improve end-user trust and engagement 

with the recommendation system. Exploring deployment on mobile and IoT platforms 

for real-world monitoring and intervention remains a promising direction to bridge re-

search and practical health outcomes. 

    Upcoming studies will further include participants more representative of the demo-

graphic and will follow up subjects over time, in order to also investigate changes over 

time in sleep. 
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