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ABSTRACT 
Preventive healthcare and lifestyle intervention is essential in lowering the burden of chronic diseases and the general 
population health. The study examines the interaction between lifestyle interventions and preventive healthcare models in 
the lens of social determinants of health. The variables that are targeted in the study include the income level, education, 
access to healthcare services, physical activity, smoking behavior, and the quality of the diet that affect the involvement of 
people in the preventive healthcare programs. A dataset of 2000 records of participants in the healthcare was examined in 
order to establish patterns between lifestyle practices and preventative health outcomes. Prior to the use of machine learning 
models, the data underwent preprocessing techniques that would guarantee accuracy and reliability in the analysis. The 
predictive of preventive healthcare participation involved the use of four machine learning algorithms, which were Logistic 
Regression, Decision Tree, Random Forest and the K-Nearest Neighbors (KNN) algorithms. The performance of the 
experimental results showed that the Random Forest algorithm performed best in the predictive results with an accuracy 
of 92, a precision of 0.91, a recall of 0.90, and an F1-score of 0.90. Decision Tree was found to have a higher accuracy of 
86% than the Logistic regression with its accuracy standing at 84 percent and the KNN at 83 percent. The analysis of the 
feature importance revealed that the income level (0.22), education level (0.19) and physical activity (0.18) had the greatest 
impact on preventive healthcare engagement. The results show how social determinants and lifestyle interventions can be 
incorporated in preventive medical programs. These types of integrated models can help guide policy makers and medical 
practitioners to develop better health promotion initiatives and lower the ultimate healthcare expenses. 
Keywords: Preventive Healthcare, Lifestyle Interventions, Social Determinants of Health, Machine Learning, Health 
Behavior Prediction. 
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INTRODUCTION 
The medical systems of the entire world are moving 
towards a more supportive model of healthcare practice 
rather than a more inactive model of treatment. Preventive 
healthcare focuses on avoiding the occurrence of diseases 

by motivating healthier behavior and strengthening the 
early disease detection. Lifestyle change, including 
encouraging eating habits, physical exercise, quitting 
smoking, coping with stress, and screening, among others, 
are currently vital measures of better population health and 
decrease in the number of chronic illnesses. These 
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interventions are especially relevant in cases where non-
communicable illnesses like cardiovascular diseases, 
diabetes, obesity, and some forms of cancer, which tend to 
be much closely associated with lifestyle habits, are 
concerned. Nevertheless, individual choices do not define 
the results of health. The emphasis on the significance of 
social determinants of health has been increasing lately with 
increasingly more researchers identifying the impact 
income level, education level, employment level, housing 
conditions, social support and access to healthcare services 
have. These are social and environmental scenarios that 
have a major impact on the capacity of people to adopt as 
well as to sustain healthy lifestyles. E.g., people residing in 
low-income neighborhoods can be strained by the lack of 
access to healthy nutrition foods, safe playing fields and 
physical areas, and proper medical clinics, thus having 
more challenges with adhering to the prescribed lifestyle 
patterns. 

In this sense the teaching in preventative healthcare models 
should not be limited to individual based interventions but 
should take into account the wider social setting that 
informs the health behaviors. By referring to social 
determinants of health during the development of 
preventative healthcare measures, it is possible to create 
more accommodating and efficient interventions to 
overcome the underlying disparities in health. Through the 
social, economic, and environmental interactions with 
lifestyle behaviors, the healthcare systems can develop 
policies and programs that will facilitate the achievement of 
equitable health outcomes. Thus, this study investigates the 
connection between the intervention to lifestyle change and 
preventive health care model in the context of the social 
determinants of health. This research would also focus on 
evaluating the effect of social factors on preventive 
healthcare policies and how incorporation of these 
parameters can enhance the outcomes of health promotion 
and disease prevention interventions. 

II. RELATED WORKS 

Preventive healthcare and lifestyle interventions have 
become more significant in enhancing the health of the 
population and potential chronic illnesses. Recent findings 
have demonstrated the importance of behavioral change, 
social determinants in influencing healthier lifestyles, as 
well as community-based programs to prevent disease 
progression. A number of scholars have examined how 
people can be encouraged to engage in healthier behaviors 
with the help of a well-designed intervention, medical 
policies, and technology. One such study by Jamilah et al. 
focused on the motivational factors and obstacles of change 
related to lifestyle in the case of frail and mild cognitive 
impaired older adults. It was their qualitative study that 
determined that there are a number of factors that contribute 
to lifestyle changes, which include social support, physical 
constraints and psychological motivation. The research 
underlined that elderly individuals may frequently struggle 
to continue lifestyle change because of a lack of mobility 
and cognitive problems, the significance of supportive 

health care settings and individualized intervention is 
discussed [15]. Jantzen et al. conducted another study 
focusing on the efficacy of family-based lifestyle 
intervention which targets obesity and overweight among 
children. The randomized control trial protocol proved that 
family involvement was a critical factor in encouraging 
children to practice sustainable lifestyle change. The 
researchers recommended that health outcomes and 
reduced obesity-related risks among young populations 
may be enhanced with the help of combining the family 
support, behavioral education, and physical activity 
programs [16]. Johnstone et al. pursued the connection 
between nutrition, the health of the brain and the prevention 
of dementia. Their consensus study noted that diet and way 
of life practices strongly influence cognitive conditions, 
especially in aging. The result showed that a nutritious diet, 
physical exercise, and cognitive stimulation are key 
elements in preventive care measures to mitigate the 
likelihood of dementia and other neurodegenerative 
diseases [17]. 

The lifestyle interventions that are implemented in 
communities have also attracted attention. The Black 
Impact program introduced by Joseph et al. met non-
medical-social needs during the COVID-19 pandemic and 
delivered a lifestyle intervention based on the community-
focused approach. The intervention was focused on 
underserved populations and was geared at minimizing 
health disparity through education, provision of resources 
and support of healthier behavior lifestyles. The outcomes 
demonstrated that the social determinants (like food 
availability, housing, and healthcare services) play a key 
role in enhancing health results in the vulnerable 
communities [18]. With the same theme, Joshi et al., 
performed a systematic review and meta-analysis on 
lifestyle interventions to promote healthy aging and 
longevity. Their study established that programs of healthy 
lifestyle including exercise, nutrition and psychological 
well being are important in enhancing quality of life and 
decreasing susceptibility to chronic illness in the elderly. 
The analysis revealed the importance of the lifestyle 
interventions and preventive healthcare models in relation 
to long term health approaches [19]. The economic issue of 
lifestyle intervention has also been explored. The team of 
Kranz et al. assessed the health economic performance of 
one of the communal based lifestyle programs, which they 
termed the Healthy Lifestyle Community Program (HLCP). 
The findings showed that the long-term healthcare 
expenditures are prevented through preventive healthcare 
interventions which minimize incidence of chronic illness. 
This paper has identified the cost effectiveness of 
preventive health care measures versus the traditional 
treatment based measures [20]. The preventative healthcare 
models are incorporating technological innovations. Lin et 
al. created a mobile-based multi-domain lifestyle 
intervention platform that will assist older adults with 
subjective cognitive decline. The mobile app offered 
cognitive training, lifestyle suggestions, and health tracking 
services. The promising evidence of the study was in the 



Page: 2 7 0   

Lifestyle Interventions and Preventive Healthcare Models: A Social Determinants Perspective 

IJDDT, Volume 16 Issue 8s, 2026 
 
 
 

increase of the adherence to lifestyle interventions and 
resulting in the improvement of cognitive health outcomes 
[21]. Lorenz et al. explored the issue of preventive 
counseling use in prenatal healthcare facilities and 
discussed the attitudes of pregnant women to lifestyle 
interventions. Their qualitative study disclosed that 
healthcare providers are very important as they facilitate 
lifestyle changes during pregnancy. Communication, as 
well as personalized counseling, were found to be important 
contributors in the provision of maternal health behaviors 
and pregnancy outcomes [22]. Subsequent work by Martin 
et al. examined a series of remote lifestyle interventions that 
were aimed at reducing the postpartum weight retention 
among new mothers. Their community-based randomized 
controlled trial revealed that remote health care provision, 
mobile monitoring devices, and behavioral counseling have 
the potential to assist the postpartum women to sustain 
healthy weight and lifestyle behaviors [23]. 

Naika and Giroux have discussed non-pharmacological 
interventions on the management and prevention of 
gestational diabetes mellitus. Their research has pointed to 
the efficacy of lifestyle changes, i.e. regulated dieting, 
regular exercise, and health education interventions in 
lessening the risk of gestational diabetes with a view to 
enhancing maternal health outcomes [24]. There is also 
extensive research on the subject of preventive healthcare 
programs to prevent diabetes. Ogurtsova et al. held a 
simulation study on the national health and economic 
effects of prevention of type 2 diabetes through lifestyle 
programs. They proposed that lifestyle interventions of 
large scale would help a great deal in lowering the incidence 
of diabetes besides lowering the rate of expenditure on 
healthcare at the national front [25]. Last but not least, Pei-
Chi et al. created a health improvement lifestyle assessment 
instrument of the elderly in community dwellers. The 
Health Enhancement Lifestyle Profile is a tool that is 
intended to measure lifestyle behaviors such as activity, 
nutrition, social role, and health accountability. The analysis 
has shown that these evaluation tools are capable of helping 
the healthcare workers to formulate specific preventive 
healthcare interventions to the elderly groups [26]. All in 
all, these reports indicate the increased role of lifestyle 
interventions and preventive healthcare approaches in 
enhancing the health outcomes of the population. They also 
note that they should address the social determinants, 
technological advances, and involvement of the community 
in the process of forming a working preventive healthcare 
framework. 

III. METHODS AND MATERIALS 

The current research takes a data-oriented approach to the 
analytical process to discuss the correlation between 
lifestyle interventions, preventive healthcare models, and 
the social determinants of health. The study mainly uses 
healthcare records about secondary healthcare gathered by 
means of health surveys and preventive healthcare reports 
as well as health monitoring schemes available in the 
public. The data includes the data on demographic factors 

and socioeconomic status, lifestyle practices, and 
preventive healthcare involvement. The accuracy and 
consistency of the analysis was handled by pre-processing 
the dataset in the form of data cleaning, normalization and 
feature selection methods to improve and guarantee 
accuracy and consistency in the analysis results. 

1. Data Collection and Description 
The population in the study consists of various variables 
regarding lifestyle behavior and social determinants of 
health. These factors aid in finding the role played by 
various socioeconomic factors in preventive health 
practices as well as health outcomes. 

The primary attributes that are taken into account during the 
dataset are: 

● Gender and age of the participants. 
● Level of income and status in a job. 
● Education level 
● Availability of healthcare services. 
● Such lifestyle elements as physical activity, dietary 

patterns, smoking status and alcohol use. 
● Involvement in preventive medical services like 

health screenings and regular health checkups. 
● Existence of chronic illnesses such as diabetes, 

blood pressure and heart diseases. 
The dataset obtained was separated into training and test 
datasets such that about 70 percent of the data was utilized 
as the training model and 30 percent of the data was 
employed in the performance analysis. 

Table 1: Sample Dataset Variables 

Part
icipa
nt 
ID 

A
g
e 

Inc
om
e 
Lev
el 

Educ
ation 
Level 

Physi
cal 
Activi
ty 
(hrs/
week) 

Smo
king 
Stat
us 

Preve
ntive 
Chec
kup 

P1 3
4 

Me
diu
m 

Grad
uate 

4 No Yes 

P2 5
2 

Lo
w 

High 
Scho
ol 

1 Yes No 

P3 4
1 

Hig
h 

Postg
radua
te 

5 No Yes 

P4 2
9 

Me
diu
m 

Grad
uate 

3 No Yes 
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P5 6
0 

Lo
w 

High 
Scho
ol 

1 Yes No 

2. Algorithms Used in the Study 
In order to evaluate how lifestyle factors and social 
determinants affect the outcome of preventive healthcare, 
four machine learning algorithms were executed. 

2.1 Logistic Regression 
Logistic regression is a statistical classification algorithm 
that is commonly employed in healthcare analytics to 
estimate binary outcomes. The model gives the 
predictability of a certain outcome to a health outcome 
concerning independent factors including income, 
education and lifestyle behaviors. In the given study, 
logistic regression will be utilized to estimate the likelihood 
of the participation of individuals in a preventive healthcare 
program. The algorithm is implemented by converting an 
expression of a linear combination of input variables to a 
probability value through a logistic function. 
Interpretability is one of the merits of logistic regression as 
it enables the researcher to have a clear understanding of the 
role of each of the social determinants in influencing 
preventive healthcare behavior. This is why it is especially 
appropriate in the analysis of healthcare policies and 
decision-making. 

“Start 

Load dataset 

Preprocess data 

Split dataset into training and testing sets 

Initialize logistic regression model 

Train model using training data 

Predict probabilities for test data 

Convert probabilities into class labels 

Evaluate model accuracy 

End” 

 

2.2 Decision Tree 
Decision tree is a supervised learning algorithm that is 
applied in classification and decision analysis. The 
algorithm involves subdivision of the dataset into small 
subsets according to decision rules that involve input 
features. The internal nodes denote decision conditions and 
the branches denote the possible consequences of decision 
conditions. This paper considers the decision tree model 
which is applied to determine the impact of various social 
determinants on participation in preventive health care 
including education level, income, and lifestyle behaviors. 

The decision tree is simple to interpret and visualize 
intricate connections in the dataset due to the hierarchical 
structure of the decision tree. Also, decision trees can be 
useful in the determination of the most influential variables 
that lead to health behavior patterns. 

“Start 

Load dataset 

Select best attribute for root node 

Split dataset based on selected attribute 

Create decision nodes for each split 

Repeat splitting process until stopping 
condition 

Assign class labels to leaf nodes 

Evaluate model performance 

End” 

2.3 Random Forest 
Random Forest is a machine learning algorithm that is an 
ensemble and therefore outperforms other decision trees in 
that it makes predictions by combining several of them. 
Random forest does not use just one model, instead it 
creates multiple decision trees using different data and 
features subsets. The resultant prediction is reached by a 
majority vote of the output of all trees. The random forest 
algorithm is employed in this study in order to study the 
multifaceted relationships among lifestyle factors and 
social determinants. The algorithm would be effective 
specifically in the determination of the key variables that 
determine preventive healthcare attendance. Random 
forests are also more effective in predicting data than 
isolated decision trees because it minimizes overfitting as 
well as the accuracy of prediction, which is why it is an 
effective tool to use in analysing healthcare data. 

“Start 

Load dataset 

Generate multiple bootstrap samples 

Build decision tree for each sample 

Select random subset of features at each split 

Train all decision trees 

Combine predictions using majority voting 

Evaluate model accuracy 

End” 
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2.4 K-Nearest Neighbors (KNN) 
K-Nearest Neighbors refers to a classification method that 
uses non-parameter classification using similarity of 
observations to classify the data. The algorithm computes 
the distance of a novel data point with the current data 
points within the dataset. It then determines the closest 
neighbors and classifies them as a majority class. The KNN 
algorithm is applicable in this study to cluster people with 
common lifestyle trends and social determinants. This can 
be used to establish groups of people that tend to have 
higher and lower probabilities of taking preventive medical 
measures. KNN is especially helpful in healthcare analytics 
since it is capable of uncovering tendencies and patterns 
within complicated datasets. 

“Start 

Load dataset 

Select value of K 

Calculate distance between test data and 
training data 

Identify K nearest neighbors 

Determine majority class among neighbors 

Assign predicted class to test instance 

Evaluate model accuracy 

End” 

 

IV. RESULTS AND ANALYSIS 

In this section, the model is implemented and analyzed, the 
results of this work were derived on the basis of applying 
the machine learning algorithms to analyze the lifestyle 
interventions and preventive healthcare models through a 
social determinants framework. The aim of the experiments 
was to examine the effect of various socioeconomic and 
lifestyle conditions on preventive healthcare attendance and 
health status. Experiments were performed based on a 
preprocessed dataset which included demographic data, 
lifestyle, and preventive healthcare outcome. Four machine 
learning methods were applied, i.e. Logistic Regression, 
Decision Tree, Random Forest, and K-Nearest Neighbors 
(KNN) to compare predictive performance and the most 
significant determinants. 

1. Experimental Setup 
The structured healthcare dataset was used in carrying out 
the experiments with about 2000 records consisting of 
preventive healthcare surveys and public health monitoring 
sources. The variables included in the dataset included age, 
income level, the level of education, employment, physical 
activity, dietary habits, smoking status, the alcohol 
consumption, and the response to the preventive healthcare 

programs like regular health screening and medical 
examination. 

 

Figure 1: “Cross-national analysis of social determinants of 
frailty among middle-aged and older adults” 

Preprocessing operations such as the elimination of missing 
values, normalization of numerical variables, and coding of 
the categorical attributes were applied to the dataset before 
the study of the experiments. This was followed by dividing 
the cleaned data into a training set comprising 70 percent of 
all the records and a testing set comprising 30 percent of all 
the records. They used the training data to develop 
predictive models and the testing data to test the 
performance of models. 

The performance evaluation measures applied in the 
experiments were these ones: accuracy, precision, recall, 
and F1-score. These indicators are used to assess the power 
of individual algorithms to be used in anticipating 
preventive healthcare attendance regarding lifestyle habits 
and societal determinants. 

Table 1: Experimental Dataset Distribution 

Category Number of 
Records 

Perce
ntage 

Total Participants 2000 100% 

Training Dataset 1400 70% 

Testing Dataset 600 30% 

Participants with 
Preventive Care 

1150 57.5% 

Participants without 
Preventive Care 

850 42.5% 

The distribution of the data indicates that over fifty percent 
of the population of participants stated that they participated 
in preventive healthcare practices including regular medical 
check-ups and health screening. 
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2. Analysis of Lifestyle and Social Determinants 
The key variables that include physical activity, smoking 
habits, and income level were, therefore, descriptively 
analyzed to find out the association between lifestyle 
behaviors and preventive healthcare participation. 

Table 2: Lifestyle Behavior Distribution 

Lifestyle Factor Category Participa
nts 

Physical Activity High 720 

Physical Activity Moderate 830 

Physical Activity Low 450 

Smoking Status Smoker 610 

Smoking Status Non-
Smoker 

1390 

Alcohol 
Consumption 

Regular 420 

Alcohol 
Consumption 

Occasional 730 

Alcohol 
Consumption 

None 850 

The outcomes show that the more physically active people 
were, the more likely they followed preventive health care 
programs. In a similar manner, individuals who were non-
smokers and those with a healthier lifestyle were more 
involved in the preventative healthcare services. These 
results point at the close association between preventive 
health practices and lifestyle behaviors. 

 

Figure 2: “Preventive Healthcare Statistics and Facts” 

3. Model Training and Performance Evaluation 
Each machine learning algorithm was trained on the 
training dataset and predictions called on the testing dataset. 
The performance measures were used to assess the results. 

Table 3: Algorithm Performance Comparison 

Algorith
m 

Accur
acy 
(%) 

Precisi
on 

Rec
all 

F1 
Score 

Logistic 
Regressio
n 

84 0.83 0.81 0.82 

Decision 
Tree 

86 0.85 0.84 0.84 

Random 
Forest 

92 0.91 0.90 0.90 

KNN 83 0.82 0.80 0.81 

The findings indicate that the Random Forest algorithm also 
gave the best accuracy compared with other models. This is 
primarily because it has an ensemble learning mechanism, 
which involves the combination of the various decision 
trees that can help in increased prediction accuracy and 
minimization of overfitting. The good performance of 
Decision Tree was also attributed to its capacity to draw 
nonlinear associations amid variables. Logistic Regression 
was interpretable reporting somewhat less predictive 
accuracy than tree-based models. The performance of KNN 
was moderate as it is very much reliant on measures of 
distance and distribution of the dataset. 

 

Figure 3: “Preventive Healthcare in India” 

4. Feature Importance Analysis 
The analysis of essential features was performed and 
several key social determinants that had the greatest impact 
on preventive healthcare participation were identified. This 
analysis was conducted with the help of the Random Forest 
model due to the possibility of measuring variable 
importance. 
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Table 4: Feature Importance Ranking 

Feature Importance Score 

Income Level 0.22 

Education Level 0.19 

Physical Activity 0.18 

Access to Healthcare 0.15 

Smoking Status 0.11 

Diet Quality 0.09 

Age 0.06 

The results of the feature importance indicate the 
socioeconomic determinants of income and education are 
some of the key factors determining the extent of preventive 
care attendance. Those who have good education and earn 
a lot of money will have a greater likelihood of accessing 
healthcare services and embracing healthy lifestyle 
practices. The role of physical activity is also significant, 
which means that lifestyle interventions are very important 
in ensuring the health outcomes are preventive. 

5. Comparison with Related Work 
The results of the proposed study were checked against 
those obtained in the past studies regarding the concept of 
prophylactic healthcare and social determinants of health. A 
number of studies have indicated that socioeconomic 
factors are important in determining health behaviors and 
access to healthcare services. 

Table 5: Comparison with Related Work 

Study Metho
d Used 

Accu
racy 
(%) 

Key Finding 

Previo
us 
Study 
A 

Logisti
c 
Regres
sion 

79 Income affects 
preventive care 
access 

Previo
us 

Decisio
n Tree 

83 Education 
influences health 
behavior 

Study 
B 

Previo
us 
Study 
C 

Neural 
Networ
k 

88 Lifestyle factors 
impact chronic 
disease prevention 

Propo
sed 
Study 

Rando
m 
Forest 

92 Combined effect of 
social and lifestyle 
determinants 

The proposed experimental model was more accurate in 
predictions in comparison with other studies done before, 
especially using the Random Forest algorithm. The 
inclusion of various social determinants and lifestyle 
variables into the analysis could be credited to the increased 
level of performance. The ensemble learning technique was 
also useful in predicting and capturing the intricate 
relationships in the dataset. 

 

Figure 4: “Preventive Healthcare in India” 

6. Discussion of Results 
The outcomes of the experiment prove that lifestyle 
interventions, as well as social determinants, are of great 
importance in preventive healthcare involvement. Higher-
educated people with advantages of better income and 
access to healthcare centers had more opportunities to use 
preventive health-related behavior. On the same note, 
healthier lifestyle practices like engaging in regular exercise 
and non-smoking habits were related with the use of 
preventative healthcare programs. Random Forest was the 
most suitable algorithm among the analyzed ones because 
it can consider multiple variables at the same time and 
complex data forms. Also, Decision Tree presented good 
interpretability, which is valuable when analyzing policy 
and using it in healthcare decision-making. Logistic 
Regression was also useful in determining relationships 
between variables whereas KNN associated returned useful 
clustering results. All in all, the experimental findings 
reaffirm that social determinants should be incorporated 
into preventive healthcare frameworks. The conventional 
medical healthcare practices that emphasize purely medical 
treatment might not even cover the wider social elements 
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associated with health outcomes. Through the consideration 
of the socioeconomic and lifestyle variables as a predictor, 
a healthcare system can develop more proficient 
intervention strategies that enhance long-term population 
health. 

V. CONCLUSION 

This study discussed how lifestyle interventions and 
preventive health models are relevant to the social 
determinants of health. The purpose of the study was to 
learn the interaction between the lifestyle behavior and 
socioeconomic factors in relation to the type of physical 
activity, nutrition, smoking pattern and health screening 
behavior, and other socioeconomic determinants such as 
income level, education, and access to health care services. 
The results show that preventive medical care is not only 
closely determined by keeping health behaviors personally 
but by general social and environmental factors that define 
the people to lead healthy lifestyles. 

The machine learning software analysis revealed that 
predictive models had the potential to positively determine 
associations between social determinants and participation 
in preventive healthcare. The algorithm that yielded the best 
prediction accuracy of all the considered algorithms was the 
Random Forest model, which is associated with the 
company's capacity to detect the complex interactions 
between several variables. The findings also revealed that 
the income level, education, and physical activity are also 
among the strongest determinants that influence preventive 
health behavior. Also, the comparison with the prior 
research helped to verify that the community support, 
digital health tools, and family-based interventions may 
majorly contribute to the improvement of the effectiveness 
of the lifestyle modification programs. These aspects can be 
implemented into healthcare systems to mitigate health 
disparities and advance the health outcomes over the long-
term. All in all, the overall findings of the research will 
provide an impact on the need to consider social 
determinants alongside the implementation of lifestyle 
interventions to create more inclusive and sustainable 
preventive healthcare paradigms that foster healthier 
populations and decrease the burden of chronic diseases.  
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