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Abstract 

 

This study investigates the ability of machine learning models, specifically neural 

networks and tree-based classification, to predict the likelihood of being healthy versus having a 

disease using a dataset comprising 100,000 surveyed individuals, based on lifestyle, biometric, 

behavioral, and demographic factors.  

Despite applying feature scaling and data preprocessing to the dataset, the models were 

unable to predict with high accuracy whether individuals were healthy or diseased based on the 

input features provided. The findings accentuate the importance of rich and comprehensible 

feature input and effective data integration in enhancing prediction accuracy. These results have 

further been compared to existing studies, such as those by Kim et al. (2024) and Effiok et al. 

(2022), which link predictive models to real patient data, demonstrating that real-world scenarios 

require richer, more diverse, and comprehensive input data.  
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Health Indicator Predictions from lifestyle and biometric data using Machine Learning Models 

 

Introduction and Research Background 

A well-known English proverb says that eating an apple a day can help keep the doctor 

away. What does this proverb mean? Is it enough to eat a balanced diet rich in fruits and 

vegetables to be healthy, or do we also need to incorporate other doctor-recommended practices, 

such as regular exercise and good sleep habits? Researchers have found that a vegetarian or 

Mediterranean diet is most suitable for promoting longevity. Additionally, other guidelines 

include ensuring we reach our 10,000 daily steps, get at least eight hours a sleep a night, drink 

eight cups of water per day, reduce our sunlight exposure and wear sunscreen, manage our 

weight and stress, and reduce our screen time. Several other recommendations include getting 

pets, maintaining quality friendships, and building a network of support. The list can go on and 

on about the best lifestyle choices we have been advised to follow for ensuring longevity and a 

healthy lifestyle. Each day, new studies are published on what we should eat, how much we 

should exercise, and other factors that can influence our longevity and health. Shall we believe 

everything we read, or shall we take everything with a grain of salt and a glass of wine?  

Numerous studies have gathered biometric data and analyzed it to conduct research and 

predict longevity. Innumerable books have been written, and researchers and the medical 

community have traveled across the globe to discover the secret spots where individuals live the 

longest and are the healthiest, researching those communities to uncover their secrets to 

longevity. Such books have been written about the 5 “Blue Zones”, where people live the longest 

and have the best health. These “Blue Zones” are spread in different parts of the world, unrelated 

to one another. They are in Okinawa (Japan), Sardinia (Italy), Ikaria (Greece), Loma Linda, 

California (North America), and the Nicoya Peninsula in Costa Rica (Central America). The only 

relations they have are the results gathered. Several factors have been examined in these studies, 

including access to community resources, exercise, diet, and alcohol consumption.  The resulting 

data showed that a Mediterranean diet could be one of the best to follow to ensure longevity, 

together with fostering a sense of community and friendship, promoting exercise, hobbies, and a 

positive attitude. These have also always been general guidelines given by doctors to the 

population.  
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Most of us tend to be conscious about our lifestyle options, exercise, and diet, and follow 

some of these guidelines. We shall investigate whether we could substantiate any of these 

theories related to lifestyle choices and their impact on health.  

Motivated by current studies using machine learning, extensive published literature, and a 

comprehensive database of doctor notes and guidelines, the purpose of this study was to 

determine whether it is possible to infer an individual's health status using machine learning 

models, such as neural networks and tree-based classification, based on a provided survey-based 

dataset that encompasses multiple lifestyle and biometrics features, gathered from 100,000 

individuals.  

 

Research and Methods 

This study investigates the ability of machine learning models, specifically neural 

networks and tree-based classification, to predict the likelihood of being healthy versus having a 

disease using a dataset comprising 100,000 surveyed individuals, based on lifestyle, biometric, 

behavioral, and demographic factors. Some of the input features examined can or cannot prove 

whether the doctor’s guidelines are proper.  

The data set analyzed in this study was downloaded from Kaggle and includes features 

such as BMI, blood pressure, heart rate, cholesterol, glucose, insulin, physical activity, hours of 

sleep, smoking status, sugar levels, exercise, sunlight exposure, and overall health status, 

indicating whether the individual is healthy or has a disease. A combination of risk factors has 

been identified as affecting the likelihood of disease progression, including stress levels and 

sleep duration. Survey-based data was analyzed in this experiment by training models and 

plotting the results. 

This experiment aims to evaluate survey-based data using machine learning models, such 

as recurrent neural networks (RNNs) and a tree-based classification model optimized for large 

datasets, to determine whether we can predict disease risk based on lifestyle feature indicators 

included in the dataset. In recent years, machine learning models have been utilized to analyze 

large clinical datasets, employing nonlinear and complex analysis to predict patterns and 

understand how this data can impact our health or predict disease. These sophisticated techniques 

can provide researchers, the medical community, and the general population with deep insights 

and support after the results are interpreted. 
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Can an ML model accurately learn to identify the boundary between healthy and diseased 

individuals, given a set of features such as BMI, cholesterol, heart rate, and diet, based on 

surveyed data? Can an ML model offer a more insightful interpretation of this data to researchers 

and the medical community? Do model types, tree-based versus neural, perform differently, 

given the limitations of the input features? How do the evaluation metrics and plots interpret the 

results and reveal the limitations and errors in the predictions? How do these results compare to 

those of current studies, considering that the models were trained using different datasets 

gathered from a completely different population set? Can these results relate at all, or do they fail 

to interpret the data in a manner that indicates whether an adult can improve their lifestyle 

choices to achieve a healthier well-being? Do these results reflect any of the vast studies 

performed by well-known researchers who traveled across the globe in search of the “secret 

elixir of life”?  

Despite applying feature scaling and data preprocessing to the dataset, the models were 

unable to predict with high accuracy whether individuals were healthy or diseased based on the 

input features provided. The findings accentuate the importance of rich and comprehensible 

feature input and effective data integration in enhancing prediction accuracy. These results have 

further been compared to existing studies, such as those by Kim et al. (2024) and Effiok et al. 

(2022), which link predictive models to real patient data, demonstrating that real-world scenarios 

require richer, more diverse, and comprehensive input data.  

 

Materials and Data Sources 

The dataset used is health_lifestyle_classification.csv, which was downloaded from the 

Kaggle datasets website, and contains 40 biometric and lifestyle feature inputs, including 

demographic, biological, and behavioral data from 100,000 surveyed individuals. These columns 

are split into two categories: numerical features and categorical features. The numerical feature 

columns are age, BMI, blood pressure, cholesterol, heart rate, glucose, insulin, calorie intake, 

sugar intake, screen time, stress level, mental health score, and exercise training hours. The 

categorical feature columns are gender, marital status, diet type, occupation, sleep quality, 
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mental health support, exercise type, device usage, healthcare access, insurance, family history, 

sunlight exposure, pet owner, caffeine intake, and meals per day. The last column is the target, 

binary classification: “healthy vs diseased”. The target column indicates whether an individual 

has been diagnosed with a disease or not. The classification is based on a combination of medical 

and lifestyle indicators collected from the individual.  

https://www.kaggle.com/datasets/mahdimashayekhi/disease-risk-from-daily-habits/data 

Author: Mahdi Mashayekhi Usability Score: 10.0 

As mentioned on the website, this data has been collected and aggregated from multiple 

anonymized sources, such as:  

• Wearable health devices 

• Survey forms 

• Fitness tracking apps 

• Self-reported medical questionnaires 

• Health monitoring programs under voluntary participation 

 

Figure 1 shows the data distribution, with 70,000 records for Healthy and 30,000 records 

for Diseased. Data preprocessing involved handling missing values, encoding categorical 

features using one-hot encoding, and normalizing data using MinMax scaling. The dataset was 

partitioned into 80/20 training and test split subsets. Exploratory data analysis revealed class 

imbalance (~70% healthy, ~30% diseased). Feature correlations with the target were near zero, 

indicating weak linear associations. These observations underscore the need for nonlinear models 

to capture the complex interactions among the features.   

 

https://www.kaggle.com/datasets/mahdimashayekhi/disease-risk-from-daily-habits/data
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The methods used were two learning models: 

1. Recurrent Neural Network (RNN) – Keras SimpleRNN with Adam Optimizer (learning 

rate r=0.001), 20 epochs, batch size 256. The Model has an accuracy of 0.7, with an F1-

score of 0.824. 

2. A gradient-boosted decision tree-based classification model (learning rate=0.08, max 

iterations of 500, early stopping= true, random state=seed). The model has an accuracy of 

0.70, with an F1-score of 0.824. 

 

Results 

The confusion matrix, Figure 2 RNN, shows True healthy = 14014 (TN), True Diseased 

= 5980 (FN), 5 FP, and 1TP. Nearly all Diseased individuals were incorrectly predicted as 

healthy, with only five people being wrongly predicted as healthy, and one healthy person was 

incorrectly predicted as diseased.  

The confusion matrix for the tree-based classifier (Figure 3) shows that True healthy = 

14,019, predicted healthy, and True Diseased = 5,981, wrongly predicted healthy, when the 

threshold is set to 50. With a threshold of 15 (Figure 4), the tree-based classifier shows True 

Healthy = 14,019, false positives, and True Diseased = 5,981, who were indeed expected to be 

diseased. 

The models cannot distinguish between healthy and diseased individuals with high 

accuracy, suggesting that predictions based on the survey data remain speculative without richer 

and stronger features from a wider clinical research dataset. Based on the Confusion Matrix 

formula calculations, the overall accuracy is 0.7, which corroborates the model accuracy results. 

The recall is 0.017%, the precision is 17%, and the specificity is 99%, which indicates that the 

model correctly identifies healthy individuals but fails to identify diseased individuals, resulting 

in class imbalance. This is primarily the case when working with a dataset where one class 

significantly outweighs the other, as in this case, where Healthy has 14,014 and Diseased has 

5,980.  

Figures 11 and 12 display the precision-recall curves for the models used. The lines are 

mostly flat along the x-axis, indicating low precision and poor discrimination, which leads to 

false positives, as also shown by the confusion matrix.  
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Figures 5 and 6 show the RNN-predicted probability of being healthy versus diseased for 

the training and test data results.  X-axis predicted probability of an individual to be diseased, Y-

axis the count of individuals with the probability of being diseased: blue bars, healthy 

individuals; orange bars, diseased individuals. There is no overfitting, but also no meaningful 

learning. The model assigns the same predicted probability, 0.3, at the peaks. As with the 

confusion matrix, these graphs indicate that the models cannot accurately predict whether an 

individual is healthy or diseased based on the cumulative input features provided in the dataset.  

Figures 7 and 8 show the false positive rate on the x-axis and the actual positive rate on 

the y-axis. The AUC is 0.5, which represents random guessing. Since the ROC shows a diagonal 

line with no curve, the results indicate that both models do not perform optimally, have 

insufficient feature inputs, and are unable to effectively discriminate between healthy and 

diseased individuals. When the feature inputs are weak, the models cannot extract meaningful 

patterns.  

Feature Importance interpretation:  

Figure 9 illustrates the feature importance, with work hours and daily steps being the 

most significant, followed by water intake, cholesterol, income, BMI, sleep hours, and screen 

time, among others. 

Figure 10 illustrates the Shapley-based feature value, explaining how SHAP values 

correlate to feature values and the impact of the model output. The y-axis displays the feature 

importance from top to bottom. The x-axis represents the SHAP value, indicating the degree of 

change. The color of each point on the graph represents the value of the corresponding feature, 

with red indicating high values and blue low values. Each point represents a row of data in the 

dataset. Positive SHAP values indicate an increase in the predicted probability of disease, while 

negative values indicate healthy predictions. The red dots to the left of 0 are associated with a 

healthier prediction (i.e., a lower probability of the disease). The results in this experiment 

demonstrate how the features appear in order of their sum of SHAP values. It illustrates how the 

feature influences the model's output, resulting in either a higher or lower prediction. For 

example, work hours were the most influential feature.  

High cholesterol increases the likelihood of the disease. The same applies to BMI, stress, 

weight, glucose levels, insulin levels, and blood pressure; the higher the value, the higher the 
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association with an increased probability of disease. Increased exposure to sunlight is also 

associated with a higher likelihood of the disease. 

Meals per day, exercise type, and calorie intake had no significant effect on model 

prediction. Contrary to what is commonly known about diets, the vegetarian diet did not 

influence the prediction in this data set. The sampled population may not have enough vegetarian 

data to influence this study. Similarly, the omnivore diet had little effect on the model's 

prediction of disease status versus health. According to this study, eating an apple a day may not 

have a significant influence on keeping the doctor away. Neither will a Mediterranean diet. 

However, this dataset lacks sufficient samples from the population to establish whether a diet can 

have a significant influence on health. If we were to gather data from the 5 “Blue Zones” 

together with the same amount of data from the rest of the world, would we see different results, 

and could the weight of the diet feature values influence a healthier prediction? After all, enough 

scientific evidence has been gathered to prove that a diet full of fruits and vegetables is much 

healthier than one full of fast food. Perhaps this data set used in this experiment is not rich 

enough to demonstrate whether diet can have any effect on model prediction in healthy versus 

diseased individuals.  

Interestingly, the occupation of a teacher in this dataset is associated with a higher 

likelihood of being in good health. The same applies to job types in the office, as well as being a 

doctor.  

Low device usage, thereby reducing screen time, indeed increases the likelihood of being 

healthy.  

Smoking affects the likelihood of being diseased, which is linked with what we already 

know so far about smoking.  

Pet owners, on the other hand, don’t have a whole lot of influence on the model 

production.  

Higher daily step counts are associated with a healthier prediction. The same applies to 

water intake and daily supplements. Hence, achieving 10,000 steps is worth it and can 

significantly improve our health. Similarly, 8 cups of water do indeed contribute to a healthier 

status.  

However, in this dataset, the physical activity reveals a higher prediction of the disease, 

which doesn’t make sense. Perhaps the data is not accurate, or other factors are at play that 
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outweigh the prediction, such as the possibility that someone who is physically active may have 

higher cholesterol, a higher intake of sugar, or higher glucose levels. Maybe some individuals 

already have existing medical conditions and are trying to adopt better lifestyle choices to 

improve their health. Alternatively, this can also indicate that people who work in physically 

demanding jobs, such as construction or mining, or maybe they are professional athletes who can 

exert themselves and potentially injure themselves, thereby increasing the likelihood of being 

classified as diseased. This data set is not sufficiently indicative or comprehensive for us to draw 

solid conclusions based on medical evidence, as we lack knowledge of the context behind all this 

data.  We don’t know where this data set originates, which part of the world it represents, or to 

which population it pertains.  

In any case, as current studies show, we need a richer, more diverse, and a much larger 

dataset with a lot more complex features to accurately predict healthy versus diseased individuals 

based on lifestyle and biometric factors. The SHAP feature values graph represents the best 

indicator of how the model predicted diseased vs healthy based on these features.  

 

Discussion and Conclusion 

This experiment demonstrates that while lifestyle feature inputs provide a moderate 

foundation for health classification, they are collectively insufficient for a robust prediction of 

healthy versus diseased individuals when used in isolation as model training/test parameters.  

It was interesting to analyze the importance of each feature in model prediction and see 

how it affects the results. The SHAP value graph provides most of the insights into this study. 

The values support some of the theories we have been told about our lifestyles, as analyzed in the 

results section above. These resulting feature values corroborate with multiple existing findings 

on lifestyle and biometric factors identified by researchers as influencing a healthier lifestyle. 

However, considering the entire dataset collectively, the model failed to accurately predict 

whether an individual is healthy or diseased.  

This study corroborates Kim et al.'s (2024) research, which suggests that a model’s 

success depends on how well the input data captures underlying physiological processes. Kim et 

al.'s (2024) study, based on data gathered from middle-aged South Korean adults, utilized 

machine learning to predict the quality of life, rather than distinguishing between healthy and 

diseased individuals, and found that stress and sleep quality were the top predictive factors. The 
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articles reinforce the conclusion from this study that behavioral/lifestyle features are valuable but 

often insufficient by themselves for distinguishing between Healthy and Diseased individuals in 

cross-sectional data when training machine learning models and predicting outputs. Similarly, as 

in Kim et al.'s (2024) study (https://pmc.ncbi.nlm.nih.gov/articles/PMC10785386), the SHAP 

values indicate that stress, BMI, and activity have a significant impact on predicting disease. 

Like Kim et al.’s model performance, the F1-score of 0.72 from the dataset and classification 

model used in their study is comparable to the range found in this study, which is 0.82. However, 

one can say that the F1-score using the RNN in this study is higher and hence better than Kim et 

al.’s study. One difference is that Kim et al.’s study found sleep quality to be a major predictor in 

healthy individuals. 

In contrast, this study suggests that the number of sleep hours has no significant influence 

on the model prediction. Although there is a clear distinction between the number of sleep hours 

and sleep quality, one can still achieve excellent sleep quality even if they sleep fewer hours. 

Kim et al.’s study claims success with a F1-score of 0.72. As we have learned from machine 

model training, an F1-score close to 1 is considered much more successful. However, Kim et al. 

(2024) achieved a meaningful separation, whereas the results in this experiment show poor 

separation. Nevertheless, the results in this experiment provide valuable insights into feature 

analysis and how each of these lifestyle factors and biometrics can influence the model's 

prediction of healthy vs. diseased individuals.  

Effiok et al. (2022) (https://pmc.ncbi.nlm.nih.gov/articles/PMC9160810/) focused their 

work on modeling the cumulative effect of many lifestyle risk factors on complex diseases. They 

collected risk factors into preventive, permissive, and core categories and proved that combined 

exposure to unhealthy behaviors increases disease risk. They studied the accumulation of risk 

factors and had stronger performance, rather than predicting healthy versus diseased individuals. 

This study’s approach included multiple input feature factors; however, it lacked the clinical 

depth that the Effiok et al. study encompassed. The results of this analysis showed that using a 

simpler survey data and calculation models, one cannot achieve the same level of complexity and 

accuracy in the results. 

While prior studies achieved meaningful prediction of disease using integrated lifestyle 

and biomarker datasets, those analyses benefited from richer clinically validated features. The 

dataset used in this study, limited to survey-style feature indicators, lacked the same 

https://pmc.ncbi.nlm.nih.gov/articles/PMC10785386
https://pmc.ncbi.nlm.nih.gov/articles/PMC9160810/
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physiological depth. The articles used to compare the results in this study used larger and more 

comprehensive datasets, including biomarkers and interaction modeling. The signals from this 

data set are weak if the features do not come from a richer clinical background. In conclusion, 

the two peer studies had a higher and more accurate prediction and better results explanations 

based on richer and comprehensible clinical feature inputs. In the end, although less successful 

than theirs, the analysis of this study demonstrates that it is not easy to predict whether a sample 

is healthy or diseased based on a simpler survey-based data. Yet, it provides insight by 

evaluating the lifestyle input feature values and explaining how they influence model 

predictions. 
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Figure 1. Dataset distribution 
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Figure 2: Confusion Matrix RNN 

 

 

Figure 3: Confusion Matrix HGB threshold 50 
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Figure 4: Confusion Matrix HGB threshold 15 
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Figure 5: Test Probability Distribution - RNN 
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Figure 6: Train Probability Distribution - RNN 
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Figure 7: ROC Curve (Test Set) - R 
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Figure 8: ROC Curve - HGB 
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Figure 9: Feature Importance 
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Figure 10: SHAP Feature Importance 
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Figure 11: Precision-Recall Curve (Test Set) - RNN 
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Figure 12: Precision-Recall Curve - HGB 
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