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[bookmark: _Toc229655461]1. Introduction
The data analyzed here was Sleep Health and Lifestyle Data (Sampled) which is available on the Kaggle platform (https://www.kaggle.com/datasets/imaginativecoder/sleep-health-data-sampled) [4]. It is designed to reflect the variability observed in health outcomes in the real world, during sleep and in relation to lifestyle factors, and is a virtual cohort that was simulated from clinical and occupational health data. The primary application of data is to investigate the relationship between lifestyle factors (physical activity, stress, BMI, occupation and sleep health outcome sleep disorders).
This data has 13 attributes, comprising physiological data like blood pressure, heart rate, as well as self-reported or derived data like sleep time, quality and stress, and contains 15,000 records. Each of the three classes (Healthy, Insomnia, and Sleep Apnea) has exactly 5,000 records (perfectly balanced) in the output variable, Sleep Disorder.
Analytical goals of this project are as follows: (1) Model development and testing for classification of a sleep disorder as a binary outcome based on lifestyle and physiologic factors; (2) Identification of natural clusters of individuals in the population with different sleep health risk profiles, with respect to lifestyle and physiologic factors; and (3) Identification of which lifestyle factors best predict sleep quality as a continuous variable and discovery of co-occurrence patterns across types of lifestyle behaviours and sleep disorders.











[bookmark: _Toc229655462]2. Data Description
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The dataset comprises 15,000 rows and 13 columns, with no missing values in any attribute. Table 1 provides a complete description of all attributes.

	Attribute
	Type
	Description
	Range / Values

	Person ID
	Integer
	Unique row identifier
	1–15,000

	Gender
	Categorical
	Biological sex
	Male (6,431), Female (8,569)

	Age
	Integer
	Age in years
	27–59 (Mean=44.1)

	Occupation
	Categorical
	Job role
	11 categories

	Sleep Duration
	Numeric
	Hours of sleep per night
	5.8–8.5 (Mean=7.0)

	Quality of Sleep
	Integer (1–10)
	Self-reported quality rating
	4–9 (Mean=7.1)

	Physical Activity Level
	Integer
	Minutes of daily activity
	30–90 (Mean=59.9)

	Stress Level
	Integer (1–10)
	Self-reported stress rating
	3–8 (Mean=5.7)

	BMI Category
	Categorical
	Weight status
	Normal, Normal Weight, Overweight, Obese

	Blood Pressure
	String
	Systolic/Diastolic mmHg
	120/80 to 140/95 range

	Heart Rate
	Integer
	Resting BPM
	65–86 (Mean=70.9)

	Daily Steps
	Integer
	Steps walked per day
	3,000–10,000 (Mean=6,795)

	Sleep Disorder
	Categorical
	Target variable
	Healthy, Insomnia, Sleep Apnea


Table 1: Complete attribute description for the Sleep Health dataset.
[bookmark: _Toc229655464]2.2 Descriptive Statistics and Initial Visualisation
This is because the amount of data in each class of the target variable Sleep Disorder is equal (5,000 records each) and shown in Figure 1. There are 57.1% females and 42.9% males. Overweight individuals are the majority of the BMI (58.4%) followed by normal weight and Obese. Eleven occupations are represented—including healthcare (Doctors, Nurses), technical (Software Engineers, Engineers, Scientists), administrative (Accountants, Managers) and service occupations (Teachers, Lawyers, Salespeople).
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Figure 1: Balanced distribution of Sleep Disorder classes (N=15,000).
Correlation analysis (Figure 2) reveals an initial indication of a strong negative correlation between Stress Level and Sleep Duration (r = −0.81) and Stress Level and Quality of Sleep (r = −0.90), indicating that the major factor in sleep health is stress [10]. The Sleep Duration and Quality of Sleep (r=+0.88) and Physical Activity Level and Daily Steps (r=+0.77) are positively correlated, indicating that they are similar constructs.
[image: ]
Figure 2: Pearson correlation matrix of numeric features. Strong negative correlations between stress and sleep quality are clearly visible.
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[bookmark: _Toc229655466]3.1 Primary Preprocessing
The data was imported directly into R from a csv file using read.csv(), without any data transformations. The following pre-processing steps were used:
1. Blood Pressure Parsing: Parsed point to point Blood Pressure as string 120/80. This has been split into two numeric features (BP_Systolic and BP_Diastolic) and the physiological information is provided to numeric-only models.
1. BMI Consolidation: Ifelse() was used to combine two labels for BMI Category ('Normal' and 'Normal Weight') to avoid a spurious label 'Normal Weight' since they were logically equivalent.
1. The columns Gender, Occupation, BMI and Sleep Disorder were explicitly cast to the factor type (as.factor()) to ensure that the data in the classification models can be handled correctly.
1. Train/Test Split: Stratified Train/Test Split with class proportions preserved(80/20) with caret::createDataPartition() function [5]. This resulted in 12,000 training and 3,000 test records.
1. There are no missing values in any column (all colSums(is.na(df) are zero), so there is no need for the imputation.


[bookmark: _Toc229655467]3.2 Exploration-Specific Preprocessing
The Person ID column was left out (non-informative identifier) and the raw Blood Pressure string was replaced with BP_Systolic and BP_Diastolic in the classification (Exploration 1) task. None of the numeric models included occupation or BMI in numeric-only models (NB and RF), when Disorder_f was used as a factor with only numeric predictors.
To cluster (Exploration 2) the attributes were chosen and normalised using scale() (mean=0, sd=1) to prevent the attributes with wide ranges (e.g., Daily Steps: 3,000 – 10,000) from dominating the distance measure.
When Quality of Sleep was the numeric response variable (Exploration 3), regression was used. All of the classification features were used, with the exception of the target class label.
Association analysis (Exploration 4) was carried out on Sleep Duration (Good Sleep ≥7 hrs vs Poor Sleep <7 hrs), Stress Level (High ≥6 vs Low <6) and Daily Steps (Active ≥7,000 steps vs Sedentary <7,000 steps).


[bookmark: _Toc229655468]4. Exploration 1 – Sleep Disorder Classification
[bookmark: _Toc229655469]4.1 Business Question
Can a person be placed in one of the three categories (Healthy, Insomnia or Sleep Apnea) of sleep disorders based only on physiological measurements and lifestyle characteristics? The problem is a supervised multi-class classification problem. The applications that are real-life are the fact that it's able to detect individuals that could be at risk of developing conditions, before they actually are diagnosed with them. A wearable device or job survey that collects these metrics could be able to warn a person about the risk before a condition occurs
[bookmark: _Toc229655470]4.2 Performance Metric
Overall Accuracy and Cohen's Kappa were chosen as the main performance metrics. The distribution in this class is perfect (5,000 per class) and thus a naive majority classifier would obtain only 33.3%. For multi-class problems, kappa is a more stringent measure than chance agreement. The confusion matrix also allows to assess the precision and recall for every class.
[bookmark: _Toc229655471]4.3 Model Training
The 12,000 records of the training set were used to train three classification algorithms that have 9 numeric features (Age, Sleep Duration, Quality of Sleep, Physical Activity Level, Stress Level, Heart Rate, Daily Steps, BP Systolic, BP Diastolic):
1. Decision Tree (rpart) [3]: using cp=0.001, maxdepth=6. Decision trees are interpretable, automatically select features but can overfit without limits of depth.
1. Naive Bayes (e1071::naiveBayes) [2]: Makes the assumption that the features belonging to each class are independent. Fast and strong on small sets of features and can suffer on correlated features – in this case, perhaps – correlation analysis suggested some correlated features.
1. Random Forest (randomForest, ntree=200) [1]: 200 decision trees are constructed from random samples of variables and bootstrapped samples. It is not over-fitting, can cope with correlation and offers feature importance estimates.
[bookmark: _Toc229655472]4.4 Model Selection
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Figure 3: Accuracy comparison of three classification algorithms on the test set.
	Model
	Accuracy
	Kappa

	Decision Tree
	93.43%
	0.9015

	Naive Bayes
	85.03%
	0.7755

	Random Forest
	97.63%
	0.9645


Table 2: Classification model performance on the 3,000-record test set.
The highest accuracy (97.63%) and Kappa (0.9645) was achieved by the Random Forest classifier and it is statistically significant compared to Decision Tree (93.43%) and Naive Bayes (85.03%) [1]. As seen in Figure 2, there is a high degree of correlation between the features and this is the reason why the Naive Bayes model has a low accuracy. A Random Forest model was chosen as the final model.
[bookmark: _Toc229655473]4.5 Model Testing
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Figure 4: Random Forest confusion matrix on the 3,000-record test set.
Confusion matrix of the 3000 samples in the test set using the random forest model.
The Random Forest model has a test set accuracy of 97.63% on the test set which was not used to train the model. Errors were evenly distributed in the classes (10 errors per class pair) and there was no systematic error in misclassifying any type of disorder. This demonstrates that it is not only learning class-specific artefacts, it is learning generally well.
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Figure 5: Random Forest feature importance ranked by Mean Decrease Accuracy.
The best parameters to predict disorder type were Quality of Sleep and Sleep Duration, with Stress Level and BP Systolic next. The least discriminative factors were Heart Rate and Daily Steps. These results are consistent with domain knowledge, as insomnia and sleep apnea is more precisely understood as a pattern of sleep disturbances and high stress levels, than as low levels of physical activity.
[bookmark: _Toc229655475]4.7 Model Application and Deployment
This model can be applied as a clinical screening tool, with accuracy of 97.63%, and a good balance per class. To deploy this, the following are required: (1) The same set of 9 features to be collected from the demographic population by a wearable or a questionnaire – and the model has to be retrained periodically when the demographics change; (2) ethical consideration that doesn't discriminate the deployment of the model across the various occupations. It should be emphasized that this model is not meant to be a diagnostic tool, but only serves as a pre-screening cue and needs to always be supplemented by clinical evaluation.


[bookmark: _Toc229655476]5. Exploration 2 – Lifestyle Cluster Profiling
[bookmark: _Toc229655477]5.1 Business Question
Are there natural sub-groups of the population that have different sleep health risk profiles? This is an unsupervised clustering problem. Identification of these groups would provide the basis to develop messages for public health intervention that would be directed at each individual lifestyle profile rather than a one-size fits all message.
[bookmark: _Toc229655478]5.2 Performance Metric
The number of clusters was decided using the Within-Cluster Sum of Squares (WSS) with The Elbow Method. To validate separation quality, the Silhouette Coefficient [8] was then calculated on a subsample of 2,000 records – due to computational constraints. The higher the silhouette score (the closer to 1.0), the more distinct and clustered the clusters will be.
[bookmark: _Toc229655479]5.3 Model Training
Calibrated 6-dimensional (continuous) features matrix: Sleep Duration, Quality of Sleep, Physical Activity Level, Stress Level, Heart Rate, Daily Steps were scaled then implemented by K-Means Clustering [6]. Three different cluster solutions were tested: k = 2, 3 and 7.
[image: ]
Figure 6: Elbow plot showing Within-Cluster SS by number of clusters. The elbow at k=3 indicates the optimal solution.
As the number of clusters increases, they start to be less and less useful, reaching an elbow at k=3 in the curve of the WSS (see figure 6). The silhouette scores were 0.386 for k=3, and 0.383 for k=4, which indicates that k=3 gives a slight improvement of the cluster cohesion. The number of starts, nstart was set to 20 in K-Means in order to prevent local minima.
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Figure 7: Average values of key metrics across the three identified clusters.
	Cluster
	N
	Avg Sleep (hrs)
	Avg Quality
	Avg Stress
	Avg Steps
	% Healthy

	1 – Good Sleepers
	4,264
	7.67
	8.17
	4.29
	6,870
	65.5%

	2 – Stressed Sedentary
	4,974
	6.59
	6.33
	6.21
	5,797
	20.8%

	3 – Active High-Stress
	2,762
	6.69
	6.99
	6.74
	8,491
	6.3%


Table 3: K-Means cluster summary (k=3, training set n=12,000).
1. Cluster 1 – Good Sleepers (n = 4,264): Long sleep duration, good sleep quality, low stress, moderate physical activity. 65.5% of them are regarded as having the best health profile, which is Healthy.
1. Cluster 2 – Stressed Sedentary (n=4,974): The sleep duration and quality were both in the lower end of the range and had high stress levels, along with the lowest step counts taken during the day. There are only 20.8% who are Healthy, showing a higher risk for insomnia.
1. Cluster 3 (Active High-Stress (n=2,762): High number of steps, highest stress levels, poor sleep. Very few (6.3%) are Healthy, as is expected for Sleep Apnea profiles where the stress is high, and activity is not sufficient to protect from sleep disorders.
[bookmark: _Toc229655481]5.5 Model Application and Deployment
These three profiles reflect specific interventions: Maintenance messaging for Cluster 1 individuals; Sleep clinic referral for Cluster 2 individuals (to ensure that physiological sleep apnea is not referred for which other interventions like stress-reduction programmes (such as CBT or mindfulness) are more appropriate); Sleep clinic referral for Cluster 3 individuals in addition to stress-reduction programmes. This deployment would require re-cluster regularly (as the population changes) and the cluster labels need to be verified by domain experts.

[bookmark: _Toc229655482]6. Exploration 3 – Predicting Sleep Quality (Regression)
[bookmark: _Toc229655483]6.1 Business Question
What lifestyle factors best correlate with individual's own Sleep Quality rating on a 1-10 scale? This is a supervised regression task. Being aware of these predictors can guide personalised coaching: the app could suggest lifestyle changes that will maximise the quantity of sleep quality improvement predicted.
[bookmark: _Toc229655484]6.2 Secondary Preprocessing
From the classification result of Exploration 1, it was confirmed that the feature "Quality of Sleep" is one of the most informative feature that can predict Sleep Disorder. This prompted another analysis – secondary analysis, but in reverse this time, i.e. not predictive of disorder, but rather the dependent variable which explains the cause of the disorder. The following label columns were not included: Person ID, Sleep Disorder, Blood Pressure string, Disorder factor columns. A total of eight numeric predictors were kept.
[bookmark: _Toc229655485]6.3 Performance Metric
The following two measures of evaluation were selected: Root Mean Squared Error (RMSE) and the coefficient of determination (R²). This is significant from a clinical perspective because RMSE will be more sensitive to large errors than to small errors, so large errors could lead to inappropriate advice being provided. R2 is a measure of the percentage of variance in sleep quality that is accounted for by the model.
[bookmark: _Toc229655486]6.4 Model Training and Selection
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Figure 8: Regression model comparison – R² and RMSE on the test set.
	Model
	RMSE
	R² (Test)

	Linear Regression
	0.4218
	0.8402

	Decision Tree Regression
	0.3913
	0.8624

	SVM Radial
	0.1924
	0.9668


Table 4: Regression model performance on the 3,000-record test set.
The highest R² (0.967) and RMSE (0.192) values were obtained for SVM with radial basis function kernel compared [9] to Linear Regression (R²=0.840) and Decision Tree Regression (R²=0.862). Although the relatively good R² of the linear model indicates that much of the relationship between lifestyle factors and sleep quality is close to linear (as demonstrated by the high Pearson correlations above), the SVM was able to model the non-linear residuals better.
[bookmark: _Toc229655487]6.5 Model Testing and Application
The root mean square error (RMSE) of the SVM model is 0.192 on a 1-10 scale, representing an average error of under 2% of the scale's range, a scale which is clinically insignificant. It could be integrated into a health coaching application to allow the prediction of sleep quality to be tailored to the individual and could be used as an improved instrument to reduce stress level to improve sleep duration. A deployment challenge is that SVM does not offer as much user-friendly information related to feature importance as linear models and therefore users may not be as confident in this ML model without other explainability tools (e.g. SHAP values).


[bookmark: _Toc229655488]7. Exploration 4 – Lifestyle Pattern Association Analysis
[bookmark: _Toc229655489]7.1 Business Question
Which sleep disorders are most commonly associated with which sleep duration, stress level and physical activity? This is an exploratory association/pattern discovery analysis. The co-occurrence patterns help identify the most common highest-risk lifestyle patterns for public health campaigns.
[bookmark: _Toc229655490]7.2 Preprocessing and Method
For each of the three continuous variables, Sleep Duration (Good ≥7 hrs / Poor <7 hrs), Stress Level (High ≥6 / Low <6), Daily Steps (Active ≥7,000 / Sedentary <7,000), a binary classification was established. These 3 binary attributes were then combined two by two with the Sleep Disorder target, and for each combination the frequency of the combination was calculated and a cross tabulation of the frequencies of the combinations was constructed.
[bookmark: _Toc229655491]7.3 Pattern Discovery Results
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Figure 9: Top 5 co-occurrence patterns linking lifestyle combinations to sleep disorder type.
	Sleep Duration
	Stress
	Activity
	Sleep Disorder
	Count
	Interpretation

	Poor Sleep
	High Stress
	Sedentary
	Insomnia
	3,595
	Highest risk – all three negative factors

	Good Sleep
	High Stress
	Active
	Sleep Apnea
	1,466
	Adequate sleep, active but high stress – apnea risk

	Good Sleep
	Low Stress
	Active
	Healthy
	1,411
	Optimal lifestyle – healthy outcome

	Good Sleep
	Low Stress
	Sedentary
	Healthy
	1,354
	Low stress protective even with lower activity

	Poor Sleep
	High Stress
	Active
	Sleep Apnea
	1,338
	Activity does not offset poor sleep + high stress


Table 5: Top 5 association patterns between discretised lifestyle attributes and sleep disorder.
Poor Sleep Duration + High Stress + Sedentary lifestyle is the most common risk factor for Insomnia (3,595 records – 24% of all Insomnia cases). Importantly, if a person gets the right amount of sleep and exercises a lot, but has high levels of stress, the person is at risk of developing Sleep Apnea, even though they haven't changed their lifestyle. In contrast, Low Stress is very protective, in both of the Healthy pattern clusters, regardless of the activity cluster.
[bookmark: _Toc229655492]7.4 Model Application
Individuals who fall into the highest risk category (Poor Sleep + High Stress + Sedentary) should be referred to clinical care first. Any pattern that matches up with Sleep Apnea (Good Sleep + Active + High Stress) should be referred to the polio for the purpose of ruling out physiological sleep apnea. The patterns also help develop personalized messages for different occupational groups.












[bookmark: _Toc229655493]8. Cross-Exploration Visualisation
The cross tabulation of Stress Level by Sleep Disorder type by Sleep Duration was derived from a random 3,000 record subsample of the overall data (see Figure 10). The visualization is a combination of the results of Explorations 1, 3, and 4, in a single easily-understood perspective.
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Figure 10: Scatter plot of Stress Level vs Sleep Duration by Sleep Disorder class (3,000-record subsample). Clear separation between disorder types is visible.
Population of healthy individuals is well separated in the low stress-high sleep duration region. The combination of high stress and low sleep in the quadrant is what insomnia patients tend to aggregate on. The Sleep Apnea patients have a wider distribution, consistent with the association analysis results which indicate that the association between Sleep Apnea and lifestyle factors is independent of sleep duration and stress (physiological mechanisms – upper airway obstruction).






[bookmark: _Toc229655494]9. Summary
Four directed data mining explorations were performed on Sleep Health and Lifestyle (SHL) (13 attributes, 15,000 instances) data in R. The data comes from Kaggle and is well balanced among the three sleep disorder classes and comprises many physiological and lifestyle predictor variables.
To prepare the data for all subsequent analyses, all the preprocessing steps (no imputation as there were no missing values) were performed in the primary data (blood pressure parsing, BMI category consolidation, factor encoding, and stratified train/test splitting).
Per Exploration 1 (Classification) shown that Random Forest can predict the sleep disorder type with an accuracy of 97.63%, mostly due to Quality of Sleep, Sleep Duration and Stress Level. At this level of performance, deployment will be possible at a clinical pre-screening level.
The three significant population segments found in Exploration 2 (Clustering) were: Good Sleepers (low stress, good sleep); Stressed Sedentary (high insomnia risk, low physical activity); and Active High-Stress (high insomnia risk, high physical activity). These profiles can be directly translated to differential public health interventions.
For continuous Sleep Quality, SVM with radial kernel showed the best results with R²=0.967 and RMSE=0.192, and provided a nearly functional personalised coaching instrument in Exploration 3 (Regression). Stress Level is the greatest factor that can be modified.
Results from Exploration 4 (Association Analysis) confirmed that poor sleep, high stress and sedentary lifestyle were associated the most with Insomnia and Sleep Apnea was associated with physiological factors which was not compensated for by activity alone.
Overall, these findings support the assertion that stress management is the most actionable stress management intervention to improve sleep health in the population and Insomnia screening pathways are distinct from physiological screening pathways for stress management for the treatment of Sleep Apnea.


[bookmark: _Toc229655495]10. Personal Reflection
Initially in this project, the main idea I had was to get the accuracy of the classification as high as possible with the assumption that with the relatively clean data, a simple decision tree could be used for classification. I would have expected BMI and/or occupation to be more important factors, like in many health narratives. This assumption proved to be incorrect: The three items related to the Quality of Sleep, Sleep Duration and Stress Level were significant in all models and the demographic items related to occupation were of minor importance.
The main difficulty that I faced was the processing of Blood Pressure attribute. It was offered as a combined string (120/80) which was unsuitable for immediate use in the numeric models. Initially, I didn't see this and thought that I should try to run classification on the raw data, but that didn't work and R didn't recognize the column. To acknowledge this problem, the data description stage was revisited and strsplit() was used to separate the two physiological components from the data. This experience proved the basic rule that "data quality and data structure is more important than the algorithm selection. Other thing that came up when I was doing silhouette validation for the clusters was that if I tried to calculate a full pairwise distance matrix of the 12,000 scaled records, it would run into memory issues so here's an example where I have a 12,000 record set and want to validate my clusters with 2,000, but I want to keep the 12,000 record set for assigning each record to a cluster.
The exploration of the regression is particularly illuminating. In the heatmap, the Pearson correlations were generally high, so I would expect linear regression to be a good fit. However, the results revealed that the linear model did not result in a perfect fit (R² of 0.840), whereas the SVM radial model resulted in a perfect fit (R² of 0.967), which illustrates that the relationships are not purely linear and there are important non-linear interactions between the stressors, sleep duration and quality of sleep. This has reshaped my thinking on when I would prefer to use a non-parametric model (even if it might be superficially plausible that a linear model is the right one). For the future I would also use crossvalidation more extensively for the hyperparameter tuning, for instance to find the gamma parameter for the SVM model using grid search, instead of the default value; and lastly, I would look at SHAP values for the models to give them model agnostic interpretability for the Random Forest and SVM models. The association analysis had to be implemented by hand since there was no package arules at the time but the business-meaningful patterns generated were likely to be more easily understood by a non-technical user than any kind of model accuracy measure, and the focus of the course was upon reporting rather than modelling. I have really benefitted from this project with regards to my R skills, particularly in the caret, randomForest, cluster & e1071 ecosystems [5], [1], and how to present the statistical results into a professional recommendation.
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