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Abstract— Technological development is undergoing 
rapid proliferation of rapid advancement in 
technological developments made possible the ever-
continuous collection of structured lifestyle and 
physiological data. Leveraging such data for predictive 
analytics in health-care is crucial to early detection 
and analysis of adverse health risks. As a conclusion, 
we use machine-learning based classification to 
classify health status classes with respect to different 
lifestyle elements. We performed a fairly systematic 
data preprocessing step: outlier removal, categorical 
encoding, feature normalization, and stratified train-
test split. The various classification algorithms were 
tested and analyzed using these data: Accuracy, 
Precision, Recall, F1-score, and Confusion Matrix 
analysis for Logistic Regression, Decision Tree, 
Random Forest, and Extreme Gradient Boosting 
(XGBoost) used. By using the experimental results, 
Logistic Regression was able to achieve the best 
classification accuracy of 98.66%—a clear 
outperformance over ensemble-based techniques. This 
gives a very strong signal that the data set is extremely 
linearly separable. Linear models tend to do better 
when they match features of the data. This approach 
highlights the importance of proper preprocessing and 
fair testing of analytic health systems and provides a 
strong, scalable foundation for developing smart 
preventive health monitoring systems. 
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I. INTRODUCTION 

In the current era the rapid expansion of technological 
advancements has enabled perpetual collection of structured 
lifestyle and physiological data. The usage of such data for 
predictive analytics in health-care sector plays a very vital role 
in early identification of adverse health risks. We propose the 
classification of health status categories using machine-
learning based classification in relation to different life style 
indicators. We conducted a quite systematic preprocessing 
method for the data: outlier removal, categorical encoding, 
feature normalization, and stratified train-test split. Accuracy, 
Precision, Recall, F1-score, and Confusion Matrix analyses 
were performed and tested for four classification algorithms: 
Logistic Regression, Decision Tree, Random Forest, and 
Extreme Gradient Boosting (XGBoost) used. By using the 
experimental results, Logistic Regression was able to achieve 
the best classification accuracy of 98.66%—a clear 
outperformance over ensemble-based techniques. This gives a 
very strong signal that the data set is extremely linearly 
separable. Linear models tend to do better when they match 
features of the data. This approach highlights the importance 
of proper preprocessing and fair testing of analytic health 
systems and provides a strong, scalable foundation for 
developing smart preventive health monitoring systems. 

II. LITERATURE REVIEW 
This stage of ongoing development has led to the systematic 
collection of organized lifestyle and physiological statistics 
with rapid technological changes. As a result, the health-care 
industry's ability to use these sorts of insights for predictive 
analytics has become very important to early detection of 
negative health risks. We suggest that different lifestyle 
indicators can be classed to a dynamic classification of health 
status category using machine learning. We did a rather 

systematic data preprocessing to our data: removing outliers, 
categorical encoding, normalizing features, and the stratified 
train-test split. Accuracy, Precision, recall, F1-score and 
Confusion Matrix tests were executed and compared for the four 
classification algorithms: Logistic Regression, Decision Tree, 
Random Forest and Extreme Gradient Boosting (XGBoost). On 
the basis of the experimental results, Logistic Regression 
reached their highest performance: 98.66% classification rate — 
which is a significant improvement over ensemble methods. 
That's a very strong signal indeed, the data set is quite linearly 
separable. Linear models yield better performance when they 
match data features well. This method demonstrates adequate 
preprocessing and fairness checking of analytic health systems 
as they come up with a scalable system to create a solid base for 
smart preventive health monitoring systems.. 
 
A. Foundations of Machine Learning and Statistical Learning 
Basic Concepts of ML and Statistical Learning Books   
- establish the theoretical foundations for machine learning. 
Mitchell [17]   
- presents one of the earliest formulated definitions of machine 
learning as the effort to improve task performance through 
experience. Building on the results of this article, Bishop [7] 
takes the next step to probabilistic methods in pattern 
recognition. His research in Bayesian inference, graphical 
models, and neural networks laid the statistical basis for machine 
learning algorithms. Similarly, Hastie, Tibshirani, and Friedman 
[10] covered exhaustively statistical learning techniques such as 
regression, classification, kernel methods, and ensemble 
techniques. They focus on classical statistics and today's 
machine learning efforts to address trade-offs between bias, 
variance, and model complexity. Murphy [16], similarly 
supporting that probabilistic argument, has also used Bayesian 
networks, hidden Markov models, and approximate inference 
methods to lend still greater support to the probabilistic view. 
Therefore, the concept of uncertainty modeling is very important 
for any new method in imbalanced or noisy datasets. It is on 
these classic papers [7, 10, 16, 17] that the theoretical foundation 
of modern machine learning algorithms is derived. 

A. Data Mining Concepts and Knowledge Discovery 
Basic Concepts of ML and Statistical Learning Books which set 
up a theoretical foundation for machine learning. Mitchell [17] 
presents one of the earliest formulated definitions of machine 
learning as the effort to improve task performance through 
experience. Based on the above work, Bishop [7] extends this 
work to probabilistic pattern recognition methods. His work on 
Bayesian inference, graphical models, and neural networks 
provided the basis for a sound statistical foundation in machine 
learning algorithms. Moreover, Hastie, Tibshirani, and Friedman 
[10] have also discussed with comprehensive coverage of 
statistical learning methods such as regression, classification, 
kernel methods, and ensemble techniques. They focus on 
classical statistics and modern-day machine learning that grapple 
with the trade-offs amongst bias, variance, and model 
complexity. Murphy [16], similarly supporting that probabilistic 
argument, has also used Bayesian networks, hidden Markov 
models, and approximate inference methods to lend still greater 
support to the probabilistic view. Therefore, the concept of 
uncertainty modeling is very important for any new method in 
imbalanced or noisy datasets. It is on these classic papers [7, 10, 
16, 17] that the theoretical foundation of modern machine 
learning algorithms is derived. 
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B. Ensemble Learning and Decision Tree-Based 
Methods 

Ensemble learning is a common method for improving the 
classification quality of data to achieve higher accuracy in a 
model that exhibits strength to classify data. Random Forest 
algorithm [2] proposed by Breiman is a process of combining 
multiple decision trees with bootstrapped samples which 
feature has been selected randomly. Random Forest is one of 
the efficient and accurate algorithms for overfitting reduction 
and to support high- dimensionality for noisy data input. Zhou 
in [19] presents a wide-ranging theoretical overview and also 
algorithmic definition of the ensemble methods such as 
bagging, boosting and stacking. He describes how ensemble 
learning is superior to individual learning, especially in a 
difficult classification problem. Boosting techniques make a 
huge leap towards ensemble learning. Freund and Schapire 
[18] introduced AdaBoost, a decision- theoretic framework 
that dynamically reweighted training samples toward the 
hardest-to- classify instances. Friedman [15] generalized this 
concept with gradient boosting. He introduced gradient 
boosting as a stage-wise additive optimization problem. 
Gradient boosting machines outperformed average training 
models in many tasks, especially in the areas of nonlinear 
relationships. In [1], Chen and Guestrin generalized boosting 
methods based on XGBoost—a scalable and optimized 
gradient boosting framework. They provide regularization, 
parallelization and efficient tree pruning techniques, thus 
helping XGBoost not only at a much larger scale but also 
where large imbalanced datasets are concerned. After running 
so well and being a very flexible tool, XGBoost has become 
the standard algorithm for not only machine learning 
competitions but in real world cases too. 
 

C. Imbalanced Data Learning: Challenges and 
Solutions 

Class imbalance is a persistent problem in fraud detection, 
medical diagnosis, and fault detection domains. The 
traditional classifiers are biased towards the majority classes, 
which leads them to underperform in minority classes. He and 
Garcia [11] present a comprehensive study on how 
imbalanced data can be utilized into methods by classifying 
solutions into data-level, algorithm-level, and hybrid 
approaches. At the level of data analysis, Chawla et al. [3] 
built upon the Synthetic Minority Over-sampling Technique 
(SMOTE) that used synthetic minority samples (simulation) to 
balance distributions of classes. SMOTE is one of the 
relatively simple, most popular and highly effective methods. 
Batista et al. [13] conducted a comprehensive empirical work 
on resampling techniques, where they observed that the 
balance between the data can considerably enhance the 
classifier accuracy. Kubat and Matwin [14] proposed a one-
sided selection technique, under-sampling that removes both 
noisy and redundant majority class samples. They stressed the 
importance to choose samples that are representative, to guard 
decision boundaries. At the algorithm level, Maldonado and 
López [12] proposed to apply a second- order cone 
programming-based support vector machine for imbalanced 
classification. They also revised the optimization objective to 
punish misclassification of minority samples more heavily 
with a unique penalty for each case in order to reach a trade-
off between sensitivity and specificity. Brownlee [5] provides 

the practitioner viewpoint on imbalanced classification with 
practical guidelines, evaluation metrics and Python-based 
implementations. His research bridges the gap between ideas and 
usage, demonstrating the importance of specific metrics (e.g., 
precision, recall, F1-score, and ROC-AUC) applied for 
imbalanced conditions. 

D. Evaluation Metrics and Model Assessment 
Conventional accuracy measures are often misleading in 
imbalanced data. Domingos [20] highlights typical traps in the 
machine learning work like improper selection of metrics and 
overfitting. He emphasizes the need for proper cross-validation, 
feature engineering, and domain understanding in his work. He 
and Garcia [11] point out the evaluation which is more cost-
sensitive, that the misclassification cost must inform the model 
selection for real- world applications. This is particularly 
relevant when employing ensemble and boosting models with 
imbalanced data 

E. Machine Learning Frameworks and Practical 
Implementations 

Pedregosa et al. [4] developed Scikit-learn, a widely used open 
source machine learning package written in Python. Scikit-learn 
provides efficient implementations of classification, regression, 
clustering, and preprocessing algorithms and standardized APIs 
for model evaluation. Its integration with resampling techniques 
(especially SMOTE) is a very popular feature in imbalanced 
learning research and applications. Goodfellow, Bengio, and 
Courville [6] further improved on the development of machine 
learning with deep learning that employed hierarchical feature 
learning using neural networks to train feature extraction. 
Although deep learning models usually rely on relatively large 
balanced datasets, recent hybridized models employ diverse 
methods, such as deep learning as well as resampling and 
ensemble, to remedy shortcomings created by imbalanced 
datasets. 
 

F. Synthesis and Research Gaps 
In the literature reviewed, ensemble methods like boosting and 
random forests mostly prove superior to single classifiers on 
complex and imbalanced datasets [1,2,15,18]. SMOTE [3] and 
algorithm-level cost-sensitive procedures [12] are both strong 
data-level methods for the class imbalance problem. However, 
there are no methods available which consistently beat all other 
ones in datasets, demonstrating the importance of data-specific 
experimentation. While significant progress has been achieved, 
more extreme issues around imbalance control, noise, and small 
minority sampling, high-dimensional feature spaces are still 
problem-solving challenges. Scikit-learn is a popular learning 
framework for experimental purposes [4], but model 
interpretability and computational performance still represent 
research questions. The evolutionary state of machine learning 
has been documented from classical theories [7,10,16,17] to 
more sophisticated ensemble and boosting techniques 
[1,2,15,18,19]. The imbalance problem for data has recently 
been not only quantitatively and in practice debated in detail as 
solutions have been proposed algorithmically for the real-world 
problems mentioned between data and algorithms [3,11–14]. 
Practical tools and repositories [4,8] have provided reproducible 
research and real-world deployment. Together, these studies 
offer a firm theoretical and empirical ground upon which strong 
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classification frameworks may handle imbalanced datasets 
well. 

III. METHODOLOGY 
The approach that we articulate below is presented as a 
systematic and stepwise pipeline that guarantees robustness of 
model evaluation - reliability, consistency, and fairness. It 
begins with data preprocessing that guarantees that the quality 
of the data is improved and enhanced model performance. 
First, the dataset has to be cleaned to address the missing 
records, duplicate records, and inconsistencies so we can start 
cleaning them. Outliers are isolated and removed using the 
IQR method. This statistical approach detects an outlying 
value by finding the 1st (Q1), 3rd (Q3) quartiles: IQR is 
equivalent to: (IQR = Q3 − Q1). Those data points which are 
less than Q1 − 1.5 × IQR, larger than Q3 + 1.5 × IQR are 
referred to as outliers and are omitted to minimize abnormal 
observations effects on model selection. After dealing with 
outliers, the categorical feature is converted into a numerical 
feature by appropriate encoding methods such as label 
encoding methods or one-hot encoding. This step guarantees 
that it is compatible with the machine learning algorithms that 
require numerical input. Moreover, numerical variables are 
standardized by some feature scaling methods to make them 
standardized. Standardization improves convergence of some 
algorithms and prevents more powerful features from 
dominating the learning process once they are standardized. 
Following preprocessing, the dataset is split into training and 
testing sets. We use stratified sampling to achieve an overall 
accurate representation of each target class in both sets. Thus, 
class distribution remains consistent in the scenario, ensuring 
that when some class imbalance may be present, so-called 
class distribution. Balanced representation is critical to enable 
stable, generalizable classification models. That is, we 
validate our models by using four supervised classifiers: 
Logistic Regression, Decision Tree, Random Forest, and 
Extreme Gradient Boosting (XGBoost). To make sure that 
each model is trained under the same preprocessing 
conditions, the evaluation between the models is conducted 
equally. Logistic Regression is the foundation of linear 
classifier for prediction of class probabilities by logistic 
function. The Decision Tree model generates decision rules 
and makes hierarchical decision rules from split of feature for 
the interpretable model. A Random Forest is a form of the 
ensemble learning methodology that puts many decision trees 
into an ensemble learning space in a process so as to enhance 
stability and avoid overfitting. Gradient boosting tool 
XGBoost builds optimal decision trees, adding regularization 
and boosting method in a gradual manner to create optimized 
decision trees with better performance. Then, the model 
performance evaluation is done with the confusion matrix to 
classify results systematically. True positives, true negatives, 
false positives and false negatives of any class are shown in 
the confusion matrix. Some evaluation statistics are obtained 
from this matrix including Accuracy, Precision, Recall, F1 
score, etc. Accuracy measures overall correctness on the 
average, and Precision measures the probability of positive 
instances predicted accurately. Recall is the degree to which 
the model successfully captures real positives, while F1-score 
is a harmonic mean for Precision and Recall, a combination 
metric. A best fit model to holistic health classification, for 
example, evaluates trade-offs between prediction accuracy, 
stability, and generalizability. Finally, this systematic 

approach maintains transparency, reproducibility, and unbiased 
model choice. 
 

 

Fig 3.1 - Methodology Flow-Diagram 
Loading the dataset:  
Load the health status using lifestyle indicators dataset. 
  
Visualization 
matplotlib.pyplot. Initial inspections (head(), info()) to test 
structure, data types, and total entry (10,000 rows) are 
performed. *Data Preprocessing & Encoding* 
  
Integrity Check 
The code checks for null values (none found) as well as 
removing duplicates in rows. Label Encoding: The target 
variable Health-Status (categorical) is converted into a  
  
Numerical Format 
Health-Status-Encoded. This will enable the models of maths to 
carry out its implementation and operation.  
  
Feature Leakage Removal   
It removes the column Overall-Health-Score, as follows. This is 
so important because, with this feature, you will know exactly 
what the target variable is, which may be “data leakage”. Its 
output will always result in artificially perfect accuracy, and no 
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“patterning” ever needs to be learned at the base.   
  
Outlier Removal (IQR Method)   
It gets rid of outliers. Outliers are eliminated by the 
Interquartile Range (IQR) method. To get to the limits, the 
code calculates (Q1 - 1.5 \times IQR and Q3 + 1.5 \times 
IQR) and in each column filters out any rows that contain 
extremes to the value. This lowered the dataset from 10,000 to 
9,745 rows.   
  
EDA (Exploratory Data Analysis)   
Correlation Heatmap: Shows the relationship of the elements 
(Sleep, Nutrition & BMI) between each other. Target 
Distribution: The count chart is utilized to check for a class 
imbalance in the Health Status.  
  
The dataset, split into features (X) and target (y) will (using 
stratify) split into Training (80%) and Testing (20%) groups to 
ensure that each class has a good percentage of the same 
attributes that characterize the target.  
  
Standardization  
StandardScaler was used to normalize the features to remove 
high ranges (e.g., Physical Activity) from the models.   
  
Manage Class Imbalance (SMOTE)   
Certain health statuses might be omitted and we start to 
deploy SMOTE (Synthetic Minority Over-sampling 
Technique) into the training set. The output is synthetic 
examples of minority classes from which to get a balanced 
training set.   

 
Figure 3.2 - Target Distribution before Smote  

 

 
Figure 3.3 - Target Distribution after Smote 

 
Model Initialization  
A models dictionary is created to guide iterative testing:   
 Logistic Regression   
 Decision Tree   
 Random Forest   
 XGBoost   
  
Training and testing of Model   
The script uses different models, which must be trained on 
training and test data of SMOTE balanced settings; predictions 
are then made from the test set. Accuracy, Precision, Recall, and 
F1 Score all go by. In a Confusion Matrix we find out where 
exactly the model is calling the misclassifier wrong.   
 
 
 
  
Final Model Comparison   
All the models statistics are summarized and represented by a 
comparison table and accuracy sorted. Random Forest and 
XGBoost frequently won the competition, according to the 
results.   
  
Result Visualization   
Workflow results are displayed as bar graph of accuracies (e.g., 
model performance bar graph) and rough ROC curve 
representing a tradeoff in sensitivity/specificity 
. 

IV. RESULTS AND DISCUSSIONS 
Following preprocessing, a total of 9,745 samples were retained 
for analysis. By far the highest performance (98.66%) and 
precision and recall across all classes was provided by the 
Logistic Regression model. The ensemble models displayed 
comparable results but never surpassed the linear model. 
Decision Tree was less generalizable on the other hand. The 
results reveal linear separability on the dataset and suggest the 
necessity for a proper configuration of algorithm complexity 
with data attributes. High and solid model performance resulted 
from an extensive amount of preprocessing. 
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Model Accuracy Precision Recall F1Score 
Logistic 
Regression 

0.9867 0.9873 0.9867 0.9867 

XGBoost 0.9405 0.9407 0.9405 0.9405 

Random 
Forest 

0.9056 0.9077 0.9056 0.9062 

Decision 
Tree 

0.8471 0.8506 0.8472 0.8486 

Table 4.1 Obtained Results 
 
 

 
Figure 4.1 Accuracy Graph 

 
The ROC–AUC comparison of Logistic Regression, 
XGBoost, Random Forest, and Decision Tree is a graph of 
four classification models created with only the current 
accuracy values. FPR is on the x-axis, TPR on the y-axis, and 
the diagonal dashed line indicates random classifier 
performance. Because there wasn't a probability score 
available, each ROC curve is treated like a visual comparison: 
TPR ≈ Accuracy and FPR ≈ 1 − Accuracy. Out of the models 
analyzed, Logistic Regression did the best in terms of 
performance with the curve being closest to the top-left corner 
and having the highest approximate AUC (≈0.987). It has 
excellent discriminative performance. Next comes XGBoost 
with an approximate AUC of 0.940 and performs well through 
boosting. Random Forest did moderately well (AUC ≈ 0.906), 
while Decision Tree did the least (AUC ≈ 0.847) with a curve 
that was closer to the random baseline. Logistic Regression 
outperforms random classification on the dataset with all the 
models achieving better estimates as the ROC curve ordering 
reflects their accuracy scores. 
 

 
Fig 4.2 Confusion Matrix-Logistic Regression 

 

 
Fig 4.3 Confusion Matrix-Decision Tree 

 

 
Fig 4.4 Confusion Matrix-Random Forest 

 
 

 
Fig 4.5 Confusion Matrix-XGB Classifier 

The four confusion matrices show tables used for evaluating 
machine learning classifiers. Every matrix plots the actual class 
labels to the predicted classes for a multi-class problem (classes 
0, 1, and 2) and then decomposes the results into true positives, 
true negatives, false positives, and false negatives. The evaluated 
models are Logistic Regression, Decision Tree, Random Forest, 
and XGBoost, and their performance can be summarized in the 
following key metrics visualized through the matrices: 
1. Logistic Regression: correctly classified 540 instances of 

class 0, 1307 class 1, and 76 class 2. 
  
2. Decision Tree: Correctly identified 400 examples of class 0, 

1203 of class 1, and 48 of class 2. 
  
3. Random Forest: Correctly classified 477 instances of class 

0, 1238 of class 1, and 50 of class 2. 
 
4. XGBoost: Correctly classified a total of 500 instances of 

class 0, 1277 instances of class 1, and 56 instances of class 
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2. 
 
Class No Class Label Accuracy 
0 Average 0.9107(91.07%) 
1 Good 0.9645(96.45%) 
2 Poor 0.7368(73.68%) 

Table 4.2 Class Accuracy Comparision 
V. CONCLUSION AND FUTURE WORK 

In this paper, we present a strong, holistic machine learning 
model to measure holistic health status by lifestyle factors. 
The structured preprocessing, statistical outlier treatment, 
feature transformation, and comparative model evaluation 
which the integrated approach integrates guarantees 
methodological soundness with respect to a confidence-based 
performance evaluation. This framework provides guidance to 
facilitate the early detection of human health hazards 
dependent on behavioral, physiological and demographic 
properties that can inform health decision making. Logistic 
Regression performed the best for all relevant evaluation 
metrics, and overall it had the best balanced performance 
across the applied classifications with respect to performance 
variables. Besides the high quality of prediction achieved, our 
demonstrated interpretability also is well characterized with 
the model and is based on coefficients for the model, it is clear 
that the various lifestyle variables will have impact on healthy 
life in any classification as a whole. This kind of transparency 
is particularly useful in scenarios where interpreting model 
reasoning can be as hard to predict the value of as in health 
care. Although ensemble methods in the form of Random 
Forest and XGBoost yielded the same outcome, the Logistic 
Regression model was also successfully presented as a 
compromise between performance, computational resource 
and explainability. The quality of such data shows structured 
lifestyle data could be highly accurate in predicting health 
condition and has been a popular application of machine 
learning systems to develop preventative and personalized 
health systems. This protocol provides the foundation for 
facilitating the implementation of large scalable and empirical 
health assessing models to represent healthcare for clinicians 
and health systems, health professionals, and digital health 
systems. But there is a lot of room for improvement even with 
these happy outcomes. Next steps can involve further class 
imbalance-solving with techniques such as synthetic data 
generation, cost-sensitive learning, or adaptive resampling 
applied to minority quantification for the first time. 
Generalizing to broader real-world clinical test set validation 
would validate this claim with a broader clinical sample at a 
larger scale to prove how well the test performs in other 
settings. Finally, you are likely to incorporate real-time 
continuous streams of data from wearable devices (heart rate 
monitors, activity trackers, and sleep sensors) that could help 
in dynamic health classification. The advent of time-series 
modeling algorithms will probably result in rapid prediction 
and early risk detection system. Finally, the consequence on 
intelligent health monitoring tools or cloud healthcare 
platforms would guarantee the scalability, accessibility, and 
applicability towards real-world ecosystems for the 
architecture. The kind of thing that would allow for data 
integration, automation, analytics, and actionable insights 
needed to achieve the most proactive and individualized 
healthcare management. 
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