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Abstract

With the increase in lifestyle diseases globally, there is a need for an effective machine
learning approach to predict people who are at risk. In this research, a machine learning
framework for multiclass prediction of risk of lifestyle disease using the BRFSS 2024 dataset is
developed. There are six risk groups: Healthy, Diabetes Risk, Hypertension Risk, Obesity Risk,
Heart Disease Risk, and Kidney Disease Risk. Data preprocessing in the proposed framework
is done by treating missing values, converting categorical variables into numeric variables,
eliminating duplicate and inconsistent entries, normalizing using the Z-score method, and
correlation-based feature selection. Synthetic Minority Over-sampling Technique (SMOTE) is
implemented to solve the problem of class imbalance. There are five classifiers tested using the
80/20 ratio for training and testing. They include Logistic Regression, SVM, KNN, Decision
Tree, and Random Forest. The analysis reveals that the Random Forest performs well with an
accuracy rate of 94.8%, and thus, is selected as the final model for predicting the diseases. Age,
smoking, and sleep time have also been identified as important features using feature importance

analysis that play an important role in predicting the risk of developing lifestyle diseases..
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1. Introduction

Lifestyle diseases have become a significant health issue because of its connection with
demographic, physiologic, and behavioral factors. The factors that could include age, exercise,
sleeping hours, smoking, alcohol consumption, diet behavior, and many other health-related
attributes altogether might affect the disease risk profile of a person. The availability of such
health survey data has enabled the use of computer-based screening methods that can utilize
this kind of heterogeneous health data to help predict the risks of developing certain diseases.
Machine learning is a very suitable choice for such an environment because many health factors

can be considered simultaneously.

Constructing a robust lifestyle disease prediction model needs a proper data processing and
modelling pipeline. The health survey data might be characterized by missing values, categorical
features, noisy data entries, redundancy, and skewed classes. All these properties might impact
the learning phase and thereby impact the predictive power of the model. Thus, in the proposed
model architecture, we have included the following preprocessing steps before building the
models: data cleaning, median imputation, categorical encoding, Z-score normalization, feature
selection and class balancing. Several supervised machine learning algorithms such as Logistic
Regression, Support Vector Machine, K-Nearest Neighbors, Decision Tree, and Random Forest

are considered in this experiment setup.

The proposed framework intends to enhance the prediction by considering the elements of
model interpretability and preventive recommendation generation. Random Forest is incorporated
into the framework as the main prediction model, whereas feature importance is applied in order
to determine the health and lifestyle characteristics associated with the prediction results. The
generated risk profile is linked with a recommendation engine which generates recommendations
regarding diet, exercise, stress management, and visiting doctor. The entire process is realized

within one web-based framework.

2. Literature Review

Machine learning techniques have been employed in predicting and assessing health
conditions due to their capability to establish model relationships between different health

parameters. There has been an increase in the number of noncommunicable diseases and
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cardiovascular conditions in the world, prompting the development of computing techniques to
predict risks and provide preventive healthcare [1], [2], [S]. Several comparative studies have
been carried out to assess the applicability of traditional supervised learning models to predict

diseases, which include Logistic Regression, SVM, Decision Tree, KNN, and ensembles [4], [8],
[9].

Multiple disease prediction and ensemble methods for cardiovascular risk prediction
have also been studied in recent research, which demonstrates the potential for unified machine
learning approaches to predict various diseases [9], [10]. Efficient gradient boosting-based
predictions can be done using algorithms like LightGBM, and systematic model parameter

tuning can be performed using optimization frameworks like Optuna [3], [6].

Machine learning has also been studied for its application in security-related fields like
deep neural network attacks, demonstrating another area of intelligent learning in the context of
dependable computing systems [7]. Nonetheless, the above-mentioned studies are more focused
on individual disease prediction, classification, or individual components of the methodology.
The current research combines lifestyle health parameters, data preprocessing, class imbalance,
comparison of machine learning algorithms, Risk Prediction using Random Forest Algorithm,

and preventive measures into one integrated web-based system.

3. Proposed Methodology

3.1 System Architecture and Operational Workflow

The proposed disease risk prediction system architecture is illustrated in Figure 1. The
architecture comprises five different layers, namely user, logic, intelligence, persistence, and
output/recommendation layers. The user layer serves as the interface to provide inputs on
demographics, health, and lifestyle details. Input validation is done prior to sending the input

attributes to the application layer.

The logic layer utilizes Flask and takes care of user authentication and session
management as well as communication between interface and the prediction service. The
intelligence layer forms an interface between the application and the machine learning model
that is trained. In the process of prediction, the validated user attributes are subjected to the

required preprocessing step and fed into the trained Random Forest algorithm.
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The persistence layer includes MySQL for user details and MongoDB for prediction
entries and historical health reports. The output layer receives the risk class prediction
and recommends preventive measures. The following six prediction classes are taken into
consideration in the system architecture: Healthy, Diabetes Risk, Hypertension Risk, Obesity

Risk, Heart Disease Risk, and Kidney Disease Risk.

User Input
(Demographic, Health and Lifestyle Attributes)

v

Data Preprocessing
(Cleaning, Encoding, Normalization, Feature Selection)

v

Random Forest Model
(Disease-Risk Classification)

v

Predicted Risk Class
(Healthy / Diabetes Risk / Hypertension Risk /
Obesity Risk / Heart Disease Risk / Kidney Disease Risk)

v

Preventive Recommendations

(Diet, Physical Activity, Stress Management,
Sleep, Medical Consultation)

Figure 1. Integrated architecture of the proposed lifestyle disease risk prediction system
3.2 Dataset Description

The proposed framework uses the Behavioral Risk Factor Surveillance System (BRFSS)
as the primary source of data [11]. BRFSS is a large-scale health survey, which includes data
relevant to health status, risk behaviors, preventive measures, demographics, exercise, smoking,
alcohol, and other health-related features. The data set includes heterogeneous features pertaining
to demographics, anthropometrics, health and behavior, which are used to create the input features

for predicting the risk of developing a lifestyle disease.

Prediction is framed as a multi-class classification of risk associated with lifestyle disease.

The input variables include demographic and health characteristics like age, gender, height,
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weight, body mass index, blood pressure, blood sugar level, physical activity, hours of sleep,
smoking, alcohol intake, dietary habits, stress level, and medical history of family. The output of
the prediction includes six pre-defined classes as Healthy, Diabetes Risk, Hypertension Risk,
Obesity Risk, Heart Disease Risk, and Kidney Disease Risk. The above classes constitute
the target for training and evaluation of five machine learning classifiers. The complete set of

characteristics, input variables, experiment setting, and output classes are outlined in Table 1.

Table 1. BRFSS dataset characteristics and experimental configuration

Characteristic

Description

Dataset

Behavioral Risk Factor Surveillance System (BRFSS)

Survey year

2024

Total samples 457,670
Original 345
variables

Training—testing | 80:20
ratio

Training 366,136
samples

Testing samples | 91,534

Data collection

Combined landline and cellular telephone survey

Demographic Age, gender

attributes

Anthropometric | Height, weight, BMI

attributes

Health Blood pressure, blood sugar, family medical history

attributes

Lifestyle Physical activity, sleep, smoking, alcohol consumption, dietary
attributes behaviour, stress level

Prediction task

Multi-class lifestyle disease-risk classification

Prediction
labels

Healthy, Diabetes Risk, Hypertension Risk, Obesity Risk, Heart Disease
Risk, Kidney Disease Risk

The selected attributes provide a collective representation of demographic, physiological,
and behavioral aspects for disease-risk modeling. The data are then processed for handling

missing values, removing duplicates, encoding categories, normalizing the features, selecting
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features, and balancing classes prior to training the models. The processed data are then split
into the training and test sets based on the mentioned 80:20 partition, with the training data being
utilized for training and balancing the classes and the test set being kept aside for evaluation
purposes.

3.3 Data Preprocessing and Feature Selection

The selected features of health and lifestyle are initially split into training and testing sets
using the defined 80:20 setup. The training set is utilized for estimating the necessary parameters
to perform data preprocessing and feature selection, whereas the testing set is kept aside for
conducting an independent assessment. Such splitting ensures that there will be no leakage of

the information from the testing set into the modeling procedure.

During the feature preparation in the training set, missing numerical observations are
filled in using the median imputation technique, while categorical features are converted into
numerical features using encoding techniques. After duplicate and inconsistent data deletion, the
numerical features are standardized with the help of Z-score normalization in order to equalize

their magnitudes.

After the data cleansing and transformation, the feature selection step utilizes correlation
analysis and ranking of feature importance in the training dataset. After the identification of
informative features, the selected representation is used to both training and testing sets of data.
This process ensures that no information from the independent testing subset leaks into the
feature selection process or parameter estimation.

3.4 Class Balancing and Data Partitioning

The dataset is split into training and testing datasets in the ratio of 80% and 20%
respectively, making up 366,136 samples in the training dataset and 91,534 samples in the

testing dataset as per the configuration of the dataset provided in Table 1.

In order to balance the class distribution in the training dataset, Synthetic Minority
Over-sampling Technique (SMOTE) is employed on the training dataset only. Synthetic Minority
Over-sampling Technique creates synthetic instances of minority classes based on interpolation
between an instance of a minority class and one of its nearest neighbors. The synthetic sample is

expressed as:
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Xnew :X1+)‘(Xnn_Xz> (1)

where X, represents an existing minority-class sample, X, denotes a neighbouring
minority-class sample, and A is a randomly generated interpolation factor in the range [0, 1].
The resulting balanced training set is then supplied to the machine learning models for training,
whereas the original testing subset remains unchanged for independent performance evaluation.

3.5 Machine Learning Model Development

After class balancing, five supervised machine learning techniques are generated and
compared for disease-risk prediction: Logistic Regression, Support Vector Machine (SVM),
K-Nearest Neighbor (KNN), Decision Tree, and Random Forest. The algorithms are then
trained using the balanced training dataset and then tested on an independent testing set. This
configuration allows to examine the prediction ability of various classification techniques in a

unified feature set.

Among the evaluated models, the Random Forest algorithm is selected as the primary
predictive model since the process involves classification of individuals by considering various
demographics, health-related factors, and lifestyles. The Random Forest algorithm builds a forest
of decision trees from bootstrap samples. The quality of a candidate tree split is measured using

the Gini impurity:

G=1-) p? 2)

where C denotes the number of classes and p, represents the proportion of samples
belonging to class c. Lower impurity indicates a more homogeneous node. The structure
of classification learned by each tree is based on a distinct sample of training data, and this
combination of individual classifications yields the final classification result.

3.6 Risk Prediction, Explainability and Recommendation Generation

After a comparative evaluation, the selected Random Forest algorithm is applied to create

the final disease-risk prediction using the input features. The output of the model is calculated
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by voting and is denoted as follows:

Y =mode{T,(X),Ty(X),..., T (X)} 3)

where T}, (X) represents the prediction produced by the k-th decision tree for the input
feature vector X, and Y denotes the final predicted class. The ensemble decision rule decides
about the prediction from among Healthy, Diabetes Risk, Hypertension Risk, Obesity Risk,

Heart Disease Risk, and Kidney Disease Risk.

The explainability module utilizes the inherent feature-importance functionality of the
trained Random Forest algorithm. The feature-importance values are analyzed to obtain the
relative importance of the input features for the classification task. This gives an interpretation
of the relationship between the output and the demographic, health, and lifestyle factors being
used for predictions. Age, frequency of smoking, and sleeping time are some of the important
features found in the analysis. Therefore, this framework incorporates model comparisons
with interpretable prediction using the Random Forest classifier, and not merely using the five

classifiers for performance comparisons.

The predicted category is then passed to the recommendation module. Recommendations
for prevention based on the risk category are offered in terms of nutrition, exercise, stress

reduction, sleep, and consultation with the physician.

4. Results and Discussion

4.1 Experimental Setup and Evaluation Criteria

The experiment has been performed using Python 3.10 and Scikit-learn. The data set has
been split into training and testing sets in the proportion of 80:20. The training set has been used
for training of classifiers and the testing set was left aside to measure the prediction performance

of trained classifiers.

Five machine learning algorithms — Logistic Regression, Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), Decision Tree, and Random Forest have been studied with the same
experiment configuration. The following criteria were used to measure the classifier performance:

accuracy, precision, recall, and F1-score. In the case of Random Forest model, the additional
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criterion of specificity has been used.
4.2 Comparative Performance of Machine Learning Models

Predictive performance of the five classifier algorithms is summarized in Table 2. The
Random Forest classifier demonstrated the best classification accuracy in the test among the
set of classifiers, whereas Decision Tree, SVM, KNN, and Logistic Regression were ranked
second through fifth accordingly. Better performance of the ensemble algorithm reveals that

using a number of decision trees is more appropriate to reflect the interdependencies between

the selected health and lifestyle attributes.

Table 2. Comparative accuracy of the evaluated machine learning models

Algorithm Accuracy (%)
Logistic Regression 84.6
SVM 87.9
KNN 85.7
Decision Tree 89.4
Random Forest 94.8
I Accuracy
93‘_‘1';,% [ Precision
Random Forest 94.4% [ Recall
S F1-Score
89.4%
= ‘ : . ‘ 88.7%
Decision Tree 89.1%
88.9%
87.9%
' 87.1%
SVM (RBF) 87.5%
87.3%
85.7%
‘ i . 84.9%
KNN (k = 5) 85.3%
85.1%
84.6%
- e S T e S s S Gl 83.7%
Logistic Regression 84.1%
83.9%
I 1 Ll 1 T 1
0 20 40 60 80 100
Percentage (%)

Figure 2. Comparative performance of the evaluated machine learning models
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As can be seen in Figure 2, the results have shown that tree-based models outperform
linear and distance models in terms of classification capabilities in the experiment performed.
Random Forest gives the highest accuracy, which justifies the choice of this model as the main
prediction tool for further risk analysis. Being an ensemble method, it allows using several
decision trees for classification.

4.3 Feature Importance and Model Interpretability

An importance assessment was made to determine the role of the input features in the
process of the Random Forest Classification. An importance assessment is done in order to have
a more interpretable view of the features considered in the selected model for creating the risk

classification of the disease.

These features provide an explanation on how the output of the prediction is linked with
the input demographic and lifestyle features. Age is a demographic feature, while smoking habits
and sleep time are lifestyle-related features. Thus, the feature importance ranking provides more
information on how the classification process is carried out and helps in understanding which
features contribute to the risk profile.

4.4 Risk Prediction and Recommendation Analysis

The trained Random Forest classifier is then incorporated into the prediction phase to
handle the processed attributes of health and lifestyle factors in order to classify the disease risk.
Prediction uses the same representation of features as the one used in developing the model to
ensure uniformity in input data in training and application phases. The classification result is
fed back into the application UI layer for user presentation. After the risk classification phase,
the recommendations part maps the classified risk into predetermined preventive suggestions.
These recommendations take into consideration lifestyle aspects such as diet, physical activities,
stress handling, sleep, and doctor visits. This phase transforms the classification problem into
the risk assessment problem in the application context where the predictions come along with

the preventive suggestions instead of a definite clinical diagnosis.
5. Conclusion and Future Work

This research work proposed a machine learning framework to support the screening of

risk factors in lifestyle diseases based on the integration of health and behavior attributes along
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with the steps of preprocessing, feature selection, class balancing, comparison of classifiers
and explainability of predictions. The application of Random Forest algorithm will be used
for prediction purposes, and feature importance will provide an insight into the health and
lifestyle factors that influence the disease risk. The framework incorporates user interaction, data
processing, predictions, persistence and recommendations into one application while keeping
in mind the differentiation between the automated screening and the clinical diagnosis process.
Future research may include wearable and sensor-generated health information, longitudinal
studies, advanced explainability techniques, adaptive recommendations, population studies and

incorporation into healthcare platforms for ongoing risk assessment.
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