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What is already known on this topic 27 

- Beyond dietary factors, non-dietary lifestyle factors also greatly influence obesity. 28 

- Existing studies have shown and proved that machine learning models can predict obesity, but they often 29 

overlook the complexities of non-dietary determinants, which can be crucial for early identification and 30 

prevention. 31 

What this study adds 32 

- This study highlights the potential of non-dietary lifestyle factors, alongside family history and 33 

demographics, as significant predictors of obesity.  34 

- It demonstrates that machine learning models can effectively predict obesity based on these non-dietary 35 

factors, which can be vital to early identify individuals at risk of obesity to prevent or provide timely 36 

intervention. 37 

- Results from this study provide a solid foundation for future research aimed at analyzing non-dietary 38 

factors and refining the predictive models for obesity prediction across different populations. 39 

Abstract 40 

Obesity poses a significant health threat, contributing to the development of noncommunicable diseases (NCDs). 41 

Early identification of individuals at higher risk for obesity is crucial for implementing effective prevention 42 

strategies. This study explores the viability of non-dietary factors such as lifestyle, family history, and 43 

demographics as predictors of obesity risk. The dataset comprised 1068 males and 1043 females, aged between 44 

14 to 61 years. Only non-dietary factors were used to build the machine learning models, including decision tree, 45 

random forest, support vector classification (SVC), k-nearest neighbor (KNN), and Gaussian Naïve Bayes (GNB). 46 

Random forest emerged as the optimal model, demonstrating 66.9% test accuracy, 66.4% precision, 66.9% recall, 47 

66.4% F1-score, 94.5% specificity and 92.3% area under the receiver operating characteristic curve (AUC-ROC). 48 

Variability of the models’ performance was also evaluated through bootstrapping. Lifestyle factors, while less 49 

impactful than family history and demographics, also contributed to predictive power. This indicates the potential 50 

for predicting obesity while relying less on dietary data, paving the way for future studies to refine predictive 51 

models. This could play a crucial role in identifying lifestyle factors as predictors of obesity, thereby preventing 52 

and intervening early to address obesity-related complications. 53 

 54 

 55 
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1 INTRODUCTION 57 

1.1 Background 58 

Obesity manifests when an individual experiences an excessive increase in body weight beyond a specified 59 

threshold that may be detrimental to health status [1]. The World Health Organization (WHO) has adopted the 60 

body mass index (BMI) as a key indicator for classifying weight status, officially defining obesity as a condition 61 

characterized by a BMI of 30.0 or higher [1]. Despite concerted efforts to combat obesity, it continues to exhibit 62 

an upward trajectory. According to projections by the World Obesity Federation (WOF), approximately one 63 

billion individuals globally will be affected by obesity, comprising approximately one in seven men and five 64 

women in 2030 [2]. This projection equates to roughly one in twenty men and eleven women in Southeast Asia 65 

[3]. 66 

Individually, obesity engenders a myriad of health complications. Current clinical evidence underscores the 67 

association between obesity and an extensive spectrum of diseases, including diabetes, dyslipidemia, 68 

hypertension, cardiovascular disease (CVD), chronic kidney disease (CKD), non-alcoholic fatty liver disease 69 

(NAFLD), respiratory disorders, gastroesophageal reflux disease, and certain forms of cancer [4-6]. Even in the 70 

absence of these complications, individuals affected by obesity remain at high risk for future cardiovascular-71 

related complications and elevated all-cause mortality rates longitudinally [7-10]. Therefore, it becomes 72 

paramount to proactively prevent the onset of obesity. To effectively mitigate the rising prevalence of obesity, the 73 

emphasis must shift from treatment to prevention. As such, the identification of individuals at high risk of 74 

developing obesity becomes important. 75 

Machine learning is a technique of artificial intelligence in analyzing data based on statistics and probability for 76 

building models to make predictions of an outcome [11]. There is a significant rise in the application of machine 77 

learning in healthcare sectors for disease prediction in recent years [12]. Promising results have been obtained to 78 

predict disease such as diabetes and CVD using machine learning [13-14]. Previous systematic reviews have 79 

revealed that in most of the existing obesity prediction studies, a broad range and combination of factors were 80 

used as attributes [15-16]. These include data related to diet, physical activity, socio-demographics, 81 

hospitalization, and electronic medical records. Among these factors, diet and physical activity were 82 

understandably utilised most frequently. Previous meta-analysis has found that the lack of physical activity and 83 

an increase in sedentary behaviour were associated with obesity [17]. 84 

Besides exercise, non-exercise activity thermogenesis (NEAT) also contributes to the total daily energy 85 

expenditure (TDEE) [18]. Therefore, more and more studies examined the roles of other lifestyle factors, including 86 

https://www.who.int/en/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/en/news-room/fact-sheets/detail/obesity-and-overweight
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10078503/#obr13520-bib-0271
https://www.worldobesityday.org/assets/downloads/World_Obesity_Atlas_2022_WEB.pdf
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S1871402119304138
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S2543106420300028#bib2
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5888222/#B70
https://academic.oup.com/eurjpc/article/23/9/956/5927395?login=false
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7857908/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10064607/
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S175199182100019X
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S1350453322000741#tbl0001
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0933365719308048#bib0230
https://www.aimspress.com/article/doi/10.3934/aci.2022002
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screen time [19-20] and the distance and accessibility to public transportation [21-22], in maintaining weight and 87 

preventing obesity. Additionally, smoking was found to be associated with obesity [23]. These results, when 88 

combined, suggested that non-dietary lifestyle factors play a significant role within the intertwined nature of 89 

obesity-related factors, which warrants the need to identify individuals susceptible to obesity based on their non-90 

dietary lifestyle influences. This is especially true given studies that have determined that physical activity level, 91 

smoking status, and time spent watching television are independently associated with weight change [24]. With 92 

TDEE, it suggests that weight gain can still occur even if an individual is eating healthily but the energy 93 

expenditure is less than the energy intake [25]. This strongly suggest that non-dietary lifestyle factors play an 94 

integral part in weight maintenance.  95 

Dietary information often comes with limitations [26]. Assessing dietary intake can be challenging due to the 96 

difficulty in measuring it accurately as no single method can provide a perfect assessment of dietary exposure. 97 

While methods such as 24-hour dietary recall (24HR), dietary records (DR), dietary history, and food frequency 98 

questionnaires (FFQs) are commonly used, they are subjective methods and may have limitations due to their 99 

reliance on self-reporting. This may cause inaccuracies in the information gathered resulting from inherent bias, 100 

human errors, recall issues, and methodological domain [26]. 101 

The accuracy of machine learning models can be considerably affected especially if there are several errors and 102 

inaccuracies from dietary information. It can also be implied from current evidence that the possibility of non-103 

dietary predictors of obesity, such as physical activity levels, manifesting before significant changes in dietary 104 

habits cannot be eliminated. 105 

With the abovementioned and considering the limitations of the various FFQs together with the sole impact from 106 

lifestyle and demographic factors on obesity, it is worth to evaluate the feasibility of predicting obesity using 107 

machine learning approach with only lifestyle factors that has also considered demographics information and 108 

compare its performance with other machine learning studies, thereby also eliminating errors and biases of dietary 109 

intake from FFQs. 110 

However, the utilization of exclusively non-dietary lifestyle factors as predictive variables for obesity remains 111 

relatively underexplored within the scientific domain. Consequently, the outcomes derived from machine learning 112 

techniques exclusively reliant on such factors remain largely undetermined and inadequately substantiated.  113 

1.2 Literature Review on Related Work 114 

Notwithstanding the different methodology and different final features used, the dataset used in this study was 115 

also used by several other studies to perform machine learning within the same broad domain and topic to predict 116 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6888352/
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-12-354
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0169204622000998
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S1353829222001216#bib22
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2375890/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3151731/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6835968/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4154347/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4154347/
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obesity. Previously, Yagin et al. adopted a trained neural network approach and optimized with Bayesian 117 

optimization on the dataset for multiclass classification prediction [27]. However, they included both physical 118 

activity and eating habits attributes for their modelling and their mean accuracy of 10 trials with the data were 119 

high with 93.06%, accounting for every target BMI classification, from underweight to obesity type III.  120 

On the other hand, Kaur et al. included only eating habits from this same dataset and compared between random 121 

forest, bagging classifier, gradient boost (GB) classifier, extreme gradient boost (xGB) classifier, support vector 122 

machine (SVM), and k-nearest neighbor (KNN), with various train-to-test data ratio [28]. They found that xGB 123 

and GB classifier were the overall 2 highest models at different training to testing data ratio with accuracies above 124 

97.0%. Also using the same data source accounting for both lifestyle and dietary factors, Rodriguez et al. applied 125 

8 models, namely, decision tree, SVM, KNN, Gaussian Naive Bayes (GNB), multilayer perceptron (MLP), 126 

random forest, GB, and xGB [29]. Random forest was the best performing model with a result of 77.69% for 127 

accuracy, 78.15% for recall, 78.53% for precision, and 78.09% for F1-score.  128 

Beyond this dataset, several other studies had also used different datasets to predict obesity. For instance, Thamrin 129 

et al. used the data from 2013 Indonesian Basic Health Research (RISKESDAS) and accounted for demographic, 130 

physical activity, lifestyle, and dietary factors [30]. Logistic regression, Naïve Bayes, and classification and 131 

regression trees (CART) were used in their study. Across the 10 different folds, CART had better results for 132 

sensitivity (≥ 82.70%) and F1-score (≥ 72.82%), while logistic regression was the overall best model with better 133 

results for accuracy (≥ 72.20%), specificity (≥ 71.05%), precision (≥ 69.51%), kappa (≥ 44.41%), Fβ (≥ 70.30%), 134 

and AUC (≥ 79.77%).  135 

On the other hand, Cheng et al. used the National Health and Nutrition Examination Survey (NHANES) data from 136 

2003-2004 and 2005-2006 where their main attributes included only physical activity level and sociodemographic 137 

data, without using any dietary data [31]. Eleven models were used in their study, including MLP, random tree, 138 

classification via regression (CVR), logistic regression, naïve Bayes, Radial Basis Function (RBF), local KNN, 139 

random subspace, decision table, multiobjective evolutionary fuzzy classifier and J48. The highest AUC of 64.3% 140 

was achieved with both CVR classifier and random subspace. Random subspace showed the best result for 141 

accuracy (67.03%) and sensitivity (56.8%). Meantime, Naïve Bayes had the highest specificity (76.7%) but with 142 

lower AUC (62.0%).  143 

1.3 Objective 144 

In the current study, the feasibility of predicting obesity without dietary factors was explored. The aim was to 145 

apply and compare various supervised machine learning algorithms on publicly available data to determine the 146 

https://www.mdpi.com/2076-3417/13/6/3875
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9555702/
https://ceur-ws.org/Vol-3038/paper13.pdf
https://www.frontiersin.org/articles/10.3389/fnut.2021.669155/full
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8069304/
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best algorithm for predicting obesity from using solely non-dietary data, comprising of lifestyle, family history, 147 

and demographic data. Bootstrapping was performed to validate and better evaluate the performance variability 148 

of the models built. Models were then built with dietary data from the same data source using the same 149 

methodology, and the test accuracy between models built with non-dietary and dietary data was compared for 150 

performance.  151 

2 METHODS 152 

All the work in this study was performed with Python in Jupyter Notebook 6.4.8 from Anaconda Navigator 2.4.1. 153 

The high-level overview for the workflow of the study was shown in Figure S1.  154 

2.1 Data Source 155 

The dataset used in this study, titled “Dataset for estimation of obesity levels based on eating habits and physical 156 

condition” was obtained from the public database Kaggle [32]. This dataset was obtained through a survey 157 

administered on a web platform available for 30 days to assess obesity levels in the general populations of Peru, 158 

Colombia, and Mexico. The obtained data underwent the Synthetic Minority Over-Sampling Technique (SMOTE) 159 

by identifying the nearest neighbour of the data point of the minority classification to balance class distributions, 160 

as detailed in a published paper in the Journal Data in Brief [33]. 2111 rows by 19 columns in total, the dataset 161 

comprises of 1068 males and 1043 females, aged between 14 to 61, with a broad range of physical conditions. 162 

The data obtained with the questions asked in the web-based survey directly captures the activities happening in 163 

daily lives such as, but not limited to, time using technology devices, transportation used, and the exercise 164 

frequency. Therefore, this is very relatable and appropriate given the aim of this study and the impact of daily 165 

lives on obesity. All the questions asked with their answer selection in the survey can be interpreted by the column, 166 

“description” and “data categories” in Table S1.  167 

2.2 Data Pre-Processing 168 

2.2.1 Data Understanding 169 

The data was first ensured that there was no missing and duplicated data after it was loaded using pandas. 170 

Thereafter, the dataset was checked for its data type, number of unique values in the respective columns, data 171 

value and data size including number of rows and columns, as well as what do they represent. The height in metres 172 

was then rounded off to 2 decimal places before BMI was re-calculated to ensure its accuracy. Based on the 173 

demarcation from WHO and the published paper in the Journal Data in Brief [33], the dataset was then categorized 174 

and re-assigned their classes in the column “NObeyesdad” based on their BMI (Table 1). Bar graph was then 175 

plotted to visualize the distribution of the target variable classification (Figure S2). 176 
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2.2.2 Exploratory Data and Pre-Modelling Analysis 177 

As the aim of this research was to study between non-dietary lifestyle factors and obesity, the relationship between 178 

BMI and non-dietary lifestyle attributes, i.e. - exercise frequency, main transportation used, time using technology 179 

devices, and smoking status was visualised and analysed using boxplot, accounting for both genders (Figure 1). 180 

2.2.3 Feature Selection 181 

Considering the aim of this study was to predict outcomes using non-dietary factors, BMI and weight, along with 182 

all other dietary factors, were excluded from the analysis. The remaining data was then divided into numerical 183 

and categorical subsets. The numerical data, which included age and height, underwent normalization to ensure 184 

the values were within a comparable range, preventing features with larger magnitudes from dominating the model 185 

training process while preserving the relative differences between data points. The categorical data, which 186 

comprised gender, family history of overweight, smoking status, exercise frequency, time using technology 187 

devices, main transportation used and obesity status, was subjected to ordinal encoding to make it suitable for 188 

machine learning models while preserving the inherent order of the data’s unique values. Finally, both the 189 

numerical and categorical datasets were combined into a single dataset. 190 

After the dataset was combined, with the obesity status as the target variable, feature selection was performed 191 

using a forward selection procedure. This method started with no features and iteratively added the feature that 192 

improved the model’s Akaike Information Criterion (AIC). The process continued until no further improvement 193 

in the model’s AIC was achieved. From the forward selection, smoking status was eliminated while the rest of the 194 

features were retained as the final dataset to be used for model training (Table S2). 195 

2.3 Split Data 196 

2.3.1 Splitting Features and Target Variable 197 

The feature matrix, consisting of the inputs, was created by dropping the target variable “NObeyesdad” which 198 

reflected the obesity category, from the dataset while the target variable consisting of NObeyesdad” was extracted 199 

as a separate single column for supervised learning. 200 

2.3.2 Train-Test Split 201 

The dataset used in the current study, consisting of only 2111 rows, was relatively small. Simple modelling 202 

without complex modification or fine-tuning was performed. To ensure robust model evaluation, the final data 203 

was divided into training (70%) and test (30%) sets, rather than the typical 80% training and 20% testing split. 204 

This approach was taken to prevent overfitting and provide a more accurate estimation of the models’ performance 205 
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on unseen data with a larger testing set.  As a result, 1477 out of 2111 rows of data were used to train the model 206 

while the remaining 634 rows of data were used as test samples in getting the results for every model.  207 

To ensure fairness in evaluating the models, the data split was performed with stratification to maintain the same 208 

distribution of obesity categories in both the training and test sets. Both datasets were then converted into Numpy 209 

arrays for compatibility with machine learning models. A fixed random state (42) was used to guarantee the 210 

reproducibility of results, ensuring consistent outcomes each time the code is executed. 211 

2.4 Models Application, Training and Validation 212 

2.4.1 Models Application 213 

Five machine learning models including decision tree, random forest classifier, Support Vector Classification 214 

(SVC), GNB, and KNN, were defined and imported to be used in the current study.  215 

The structure of decision tree resembles a hierarchical, tree-like model, starting with the most significant input as 216 

the root node. Based on conditions and subsequent selections made, this root node is split into decision nodes and 217 

ultimately, into multiple terminal nodes to give a final output [34]. Unlike decision tree which builds only one 218 

tree at a time, random forest builds multiple decision trees at a single time during the training phase from the 219 

bootstrapped dataset created by randomly selected data. The number of trees is a user-defined parameter, and the 220 

final result is determined by the most common outcome across all the trees in the forest [34]. 221 

SVC is a specific implementation within SVM used for classification purpose. The structure of SVC is relatively 222 

complicated, but it could be able to process multiple variables simultaneously. This is because SVC uses 223 

hyperplane to separate the data into 2 classes, with the numbers of hyperplanes determined by the number of 224 

independent variables. Support vectors are the points that are close to the hyperplane and final prediction is 225 

determined by these corresponding support vectors and the value of independent variables [34].  226 

Gaussian is one of the common variants of Naïve Bayes which works by assuming independence between each 227 

pair of features [35]. Gaussian Naïve Bayes assumes a normal data distribution and adopts the approach of 228 

multiplying classification outcome probability with the likelihood of every single independent variable to result 229 

in a scoring. Thus, the output variable was predicted by every attribute independently. Consequently, the 230 

classification with the higher resulted scoring is selected as the final prediction [36].  231 

K-nearest neighbor is a classification algorithm that works by collecting training data as instances in an n-232 

dimensional space. The training data is categorized into clusters based on their shared characteristics, with data 233 

points within the same category being close to each other in the n-dimensional space. Test data is predicted for 234 

their outcome from their measures of similarity, that is, the shortest distance between their data points with the 235 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9601117/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9601117/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9601117/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7983091/#CR82
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3724912/
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training data points from various clusters. This k-value is the number of neighboring data points from the training 236 

data to include for determining the test data; this number is a hyperparameter that could be fined-tuned by the 237 

user. The final prediction would be the cluster from training data with the highest number out of all the pre-set k 238 

number of data points that are closest in terms of distance to the test data points [35, 37]. 239 

2.4.2 Model Training and Validation 240 

Following train-test split and importing the machine learning models, a 10-fold cross-validation strategy was 241 

employed. This technique involved splitting the 70% training data into 10 equally sized folds, where each fold 242 

within the 70% training data served as a testing set once while the remaining 9 folds were used for training. The 243 

evaluation process was repeated 10 times, once for each fold, to ensure that every data point was used for both 244 

training and testing. This helped mitigate bias that could arise and provided a more reliable estimate of model 245 

performance. Stratified sampling was performed by using the StratifiedKFold method to ensure the proportion of 246 

each class in the target variable was similar across all folds. 247 

In every model, for each iteration in the 10-fold cross-validation of the 70% training data, 9 folds were used to 248 

train the model, while the remaining 1-fold was held out as a testing set. The model was trained on the 9 training 249 

folds using the fit() method. After training, the model’s performance was assessed on the test fold by generating 250 

predictions using the predict() method and predicted probabilities using the predict_proba() method. This process 251 

was repeated for all 10 iterations and folds for each model. Once the cross-validation process was completed for 252 

each model, the mean and standard deviation of each performance metric were calculated across all 10 iterations. 253 

Once the entire cross-validation was completed, the final model was trained on the full 70% training data and 254 

results were aggregated by testing the final model on the 30% testing data. Specificity was calculated using a 255 

custom function that derives specificity from the confusion matrix, while multi-class AUC-ROC was computed 256 

using the One-vs-Rest approach.  257 

Apart from the metrics, feature importance was analyzed during the training process in every run of the 10-folds. 258 

This iterative process allows each model to be trained and evaluated on different subsets of the data, thereby 259 

ensuring each model being tested on different data points to enhance the reliability of the performance metrics. 260 

The average performance metrics were then calculated across all folds to assess the effectiveness of each model 261 

for every performance metrics. The order of performance was then visualised with bar graphs (Figure 2).  262 

While feature importance values were directly calculated for decision tree and random forest, permutation 263 

importance was calculated for SVC and KNN. This involves shuffling each feature and measuring the decrease 264 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7983091/#CR82
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10180678/
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in model accuracy, providing an interpretation of feature significance. No feature importance was calculated for 265 

GNB. 266 

To estimate the variability of the performance metrics, following the 10-fold cross validation phase, a 267 

bootstrapping approach configuring with 1,000 resamples from the 70% training data was employed. 10-fold cross 268 

validation was also applied on each bootstrap sample whereby after cross-validation on each bootstrap sample, 269 

the model was evaluated on the held-out 30% testing dataset partitioned out from the original dataset. This process 270 

was repeated for 1000 iterations for the 1000 resamples, and the performance metrics across the 1000 bootstrap 271 

iterations on the same testing set was aggregated, alongside with their standard deviation and the confidence 272 

interval (95%) lower and upper values that were calculated for each metric using percentile-based methods. 273 

2.5 Performance Analysis 274 

Performance metrics was required to evaluate the performance of the models by using several measurements to 275 

assess their results for clearer visualization (Table 2).  276 

Abovementioned processes for steps including feature selection, splitting data, models’ application, training, 277 

validation and performance metrics evaluation (2.2.3 to 2.5) were also repeated with dietary factors from the same 278 

data source (Table S1). This is to evaluate how the model built with non-dietary data performed as compared to 279 

model built with dietary factors. These dietary factors include frequency of high calorie food consumption, 280 

frequency of vegetable consumption, frequency of food consumption between meals, frequency of alcohol 281 

consumption, number of main meals (daily), consumption of water amount (daily) and status for calorie 282 

consumption monitoring. 283 

3 RESULTS 284 

3.1 Pre-Modelling Analysis 285 

From the pre-modelling analysis performed as abovementioned, several noteworthy insights were revealed. Figure 286 

1a shows that individuals who exercised 4 to 5 times per week had a lower BMI compared to those with lower 287 

exercise frequency. It could also be observed, based on the median BMI, that except for male individuals who 288 

exercised 1 to 2 times per week, the BMI decrease as the exercise frequency increase. This observation was 289 

consistent with some of other previous studies where the results show that the increased physical activity levels 290 

potentially decreased the weight gain [41].  291 

Unlike previous studies showing the reverse associations between the use of public transportation and BMI or 292 

body weight [42-43], results in the current study did not display any significant differences in the median BMI 293 

between public transportation and motorbike or automobile. Male individuals who used motorbikes has a lower 294 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6527311/
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0091743517301093
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7579005/


11 
 

median BMI than those who used public transportation or automobile (Figure 1b). Additionally, the evaluation of 295 

bicycle-based transportation could not be fairly compared with other modes of transportation, primarily due to the 296 

paucity of available data pertaining to individuals who commute using bicycles, resulting in an absence of data 297 

for female individuals who commutes using bikes (Figure 1b). The reverse association between BMI or weight 298 

and the use of public transportation may be attributed to the additional walking inherent in such transportation 299 

modes. Previous study shown that public transportation was associated with additional average 8.3 more minutes 300 

of walk daily [44]. This finding aligns cohesively with the outcomes depicted (Figure 1b), which underscores that 301 

walking is correlated with a significantly lower BMI range and median when compared to other modes of 302 

transportation. 303 

Sedentary lifestyle and screen time were found to be associated with obesity. An inclination towards a sedentary 304 

lifestyle often coincided with increased screen time. However, female individuals who spent more than 5 hours 305 

daily on technology devices has a lower median BMI (Figure 1c), whereas male individuals across all categories 306 

of time using technology devices have no significant difference in their median BMI.  307 

As with all analysis done in this study, it was imperative to contextualize these observations within the scope of 308 

data availability. Specifically, the dataset yielded a more robust representation of individuals engaging in 309 

technology device usage for less than 5 hours daily. Notably, there were 952 individuals who use 0 to 2 hours and 310 

915 individuals who use 3 to 5 hours of technology device daily, in contrast to the relatively limited number of 311 

244 individuals who use more than 5 hours of technology device daily, which could have skewed the result. While 312 

females who spend 0 to 2 and more than 5 hours on technological devices per day had lower median BMI than 313 

male, females who spend 3 to 5 hours on technological devices per day had higher median BMI than male. 314 

Nonetheless, it should be noted that as an uncontrollable factor, gender has a complicated physiological 315 

relationship with obesity [45-46]. 316 

Median BMI did not appear to differ much between individuals of both genders who do not smoke, although their 317 

median BMI reflected to be overweight but not obese. Females who smoke had a significant lower BMI range 318 

and median than males who smoke (Figure 1d). Various studies have shown that unexpectedly, individuals who 319 

used to smoke  are more likely to be affected by obesity than individuals who have never smoke and individuals 320 

currently smoking [47-48], whereas individuals currently smoking are more affected by a higher BMI than 321 

individuals who have never smoke [47-50]. This was the case for the males as reflected by males who smoke have 322 

significantly higher median BMI than those who do not smoke. On the contrary, results from the pre-modelling 323 

analysis showed that individuals who smoke had a lower BMI range than individuals who do not smoke.  324 

https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0091743507004550
https://pubmed.ncbi.nlm.nih.gov/34599745/#:~:text=Women%2C%20compared%20to%20men%2C%20are,once%20accounting%20for%20baseline%20weight.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8409720/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4401671/
https://www.jofem.org/index.php/jofem/article/view/385/458
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4401671/
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-13-348
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3.2 Performances of Machine Learning Models 325 

Table 3a and 3b summarize the results for all the machine learning models by all the above-mentioned 326 

performance evaluation metrics and their best performing model for the different parameters. The approach used 327 

to train and develop the machine learning models using the non-dietary lifestyle data was also applied on the 328 

dietary data from the same data source. The differences in test accuracy on the dietary and non-dietary models 329 

without bootstrapping were compared and visualised (Figure 3). 330 

 331 

3.3 Feature Importance 332 

Feature importance measures the impact of each feature to the predictive performance of the models by calculating 333 

internally during the training process. It works by calculating how much does the features contribute to reduce the 334 

impurity as the model is being trained [51], and this was directly calculated for random forest (Figure 2a) and 335 

decision tree (Figure 2b) Meanwhile, permutation importance assesses feature importance by shuffling the values 336 

of each feature and evaluate its impact on the models’ performance, thereby determining which features would 337 

influence more in predicting the output [51]. In this study, this was calculated for KNN (Figure 2c) and SVC 338 

(Figure 2d). Conversely, GNB does not learn feature importance or coefficients during training since there is an 339 

assumption of feature independence, so evaluation of features was not performed with GNB in this study. 340 

4 DISCUSSIONS 341 

4.1 Findings 342 

The results in table 3 were derived from the 10-fold cross-validation of all the model algorithms, with values 343 

averaged across all folds, rather than showing results for each individual fold. For the non-dietary lifestyle data, 344 

random forest classifier was the best performing model with the highest values for all metrics, having 67.8% (± 345 

3.2) test accuracy, 67.3% (± 3.5) precision, 67.8% (± 3.2) recall, 67.1% (± 3.4) F1-score, 94.6% (± 0.5) specificity 346 

and 91.4% (± 1.1) AUC-ROC. To better evaluate the variability of the models’ performance, bootstrapping was 347 

performed with the non-dietary data. Bootstrapping increased all the metrics values for all models. Consequently, 348 

there was a change in the order of performance between non-bootstrap and bootstrapped data in all the metrics 349 

except for F1-score. Nonetheless, the ranking of performance for random forest remains unchanged as the top 350 

performer, reinforcing its position as the best-performing model.  351 

ROC is a curve that plots sensitivity against threshold of varying values, connecting different extremes, while the 352 

AUC averages the accuracy across all threshold values [52]. In this study, AUC-ROC was calculated from 353 

classification probability predictions, rather than from single discrete classifications, providing a more 354 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7153071/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7153071/
https://www.ahajournals.org/doi/10.1161/circulationaha.105.594929
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comprehensive assessment of model performance. An AUC between 0.7 and 0.8 is considered acceptable, 0.8 to 355 

0.9 is excellent, and above 0.9 is outstanding [40]. With an AUC-ROC of 92.3%, the random forest model achieves 356 

an outstanding result. This may be due to the fact that feature bagging being used in random forest could help to 357 

account for variance in the dataset [34], thereby allowing predictions to be more precise. 358 

The difference in test accuracy between models built with dietary and non-dietary data was evaluated. As shown 359 

in Figure 3, when the models were trained using the same approach with dietary data, there was a significant 360 

change in the order of the models based on their test accuracy, with decision tree being the best-performing model. 361 

Nonetheless, it is consistent that GNB was the least performing model in both cases, and test accuracy with non-362 

dietary data was generally higher than with dietary data. 363 

Unlike statistical significance, which determines whether an observed outcome is due to random chance or a 364 

particular factor of interest [53], feature importance interprets the ranking of magnitude of all the features in 365 

contributing to the predictive power of the models for the prediction [54]. While the most important features vary 366 

across different models, it can be deduced that demographics expectedly remain the most important features 367 

among all the different models in predicting obesity (Figure 2). It is unanticipated and noteworthy to observe that 368 

family history with overweight is the least important feature for decision tree and KNN models, while it ranks as 369 

the second most important feature for the SVC model. Regarding lifestyle features, there is variation in the 370 

importance of features across models. However, exercise frequency and time spent using technology devices daily 371 

retain their predictive power, constantly ranking as mid-performing features across all models, except for SVC, 372 

where the mode of transportation is more important in predicting obesity. 373 

4.2 Comparisons with Other Work 374 

Predictably, the results of the models in this study, which were trained using non-dietary data without 375 

bootstrapping, were not better than those of studies by Yagin et al. [27], Kaur et al. [28], and Rodriguez et al. [29], 376 

all of whom used the same data source. In the study by Yagin et al., their mean accuracy was higher at 93.06% 377 

and they also predicted multi-class classifications for different weight statuses, incorporating both physical 378 

activity and eating habits in their trained neural network. In the study by Kaur et al., only eating habits data was 379 

used, with several train-to-test data ratio tested. The highest accuracy, above 97.0%, was achieved by xGB and 380 

GB models. In the study by Rodriguez et al. [29], both lifestyle and dietary factors were included. Similarly, 381 

random forest was the best-performing model in their study. Their results were higher, with 77.69% for accuracy, 382 

78.15% for recall, 78.53% for precision, and 78.09% for F1-score. 383 

https://www.sciencedirect.com/science/article/pii/S1556086415306043#bib5
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9601117/
https://journals.sagepub.com/doi/abs/10.4103/IJPSYM.IJPSYM_193_19
https://link.springer.com/article/10.1007/s42452-021-04148-9
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Currently, numerous studies used dietary data to predict obesity via machine learning algorithms. However, there 384 

is always a certain degree of errors when collecting dietary data because situations such as challenges in dietary 385 

recall or oversimplification of dietary pattern could not provide adequate crucial details that are vital for data 386 

collection to build the model [55]. To the best of our knowledge, this is the first machine learning research which 387 

simultaneously accounts for uncontrollable factor, e.g. demographics and family history, and includes solely 388 

lifestyle data without any dietary data.  389 

4.3 Limitation and Value 390 

We acknowledge the potential limitations and challenges in this study. Firstly, the data utilized in this study was 391 

sourced from publicly available database instead of being collected through clinical studies. Secondly, there was 392 

potential to augment the dataset with a larger volume of data. While there was a lack of external validity to evaluate 393 

how the model would perform on data beyond the dataset it was trained on, the 70-to-30 train-to-test ratio, 394 

compared to the 80-to-20 split, allowed for a larger test set, which provided better generalization to unseen data. 395 

A comprehensive 10-fold cross-validation strategy on the training data was executed in this investigation, ensuring 396 

that all data points within the training dataset were ultimately utilized for both training and testing purposes. At 397 

the same time, testing the model on the 30% held-out testing data gives an additional layer of validation. This 398 

ensured that the model was not solely dependent on the training data or internal validation procedures but could 399 

also be assessed on an entirely separate portion of the dataset, thereby stimulating how the model might perform 400 

on completely unseen data. 401 

Additionally, results presented herein constituted an aggregation of performance metrics from all the 10 folds, 402 

thus any bias obtained through misclassification estimates could be minimized. This could ensure a more robust 403 

assessment of the efficacy of the machine learning algorithms, therefore allowing the study to be more reliable.  404 

Furthermore, while the metric values without bootstrapping was taken as the result of the models built, additional 405 

set of results were calculated from non-dietary data that was subjected to bootstrapping to better evaluate models’ 406 

performance variability. While bootstrapping increased all the metrics values significantly, the order for most of 407 

the performance of the models remains the same, which reinforces the predictive ability of the best performing 408 

model – random forest. Besides, lower and upper values for 95% confidence intervals was also calculated in 409 

addition to the standard deviation. This allows a better understanding of the range of likely values for the true 410 

performance of the model. With this, it highlights the potential for training and application of such models on 411 

other dataset from other regions in the future.  412 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8166570/
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The aim of this study has been proven - there exists a potential feasibility of utilizing non-dietary determinants as 413 

factors to early predict and identify the obesity risk based on lifestyle influences. While this may not accurately 414 

represent the global or other regional populations due to the limited dataset, the result from this study offers a 415 

valuable starting point for exploring the potential of predictive modelling across different regions, providing a 416 

solid foundation for future research aimed at refining the models for different populations. 417 

It may also be disputed that obesity prediction may be needless since diagnosis is not difficult. Nonetheless, such 418 

study can provide a simple model for first-stage screening of potential cases, whereby high-performing models 419 

can be applicable to broad and large populations on a greater scale in general. With prevention of obesity as an 420 

objective, this can in turn aids in public health planning and allocation of resources from a macro perspective. 421 

Unlike deep learning, the use of traditional supervised learning can generate feature importance in this study to 422 

better understand where lifestyle factors stand as compared to family history and demographic factors across the 423 

different models in predicting obesity. It is also imperative to note that due to the paucity of existing studies 424 

exclusively focused on solely non-dietary datasets, a comprehensive refinement, fine-tuning and exploration of 425 

specific modelling algorithms was not performed. Instead, a broad application of diverse supervised machine 426 

learning techniques was employed to yield standardized baseline results, thereby providing possible future studies 427 

in the same domain and context a reference point for result interpretation and comparison. 428 

4.4 Direction for Future Work 429 

The commendable performance outcomes, especially the results from bootstrapping, highlight the potential for 430 

future clinical studies to replicate these findings with a more extensive dataset. Notwithstanding the study’s 431 

intended scope, it is plausible to collect more extensive and detailed data from comprehensive questionnaires and 432 

larger populations in future endeavours to enhance the training data quality, for constructing more refined machine 433 

learning models. For example, the smoking status data could encompass options for individuals such as currently 434 

smoking, previously smoked, or never smoke categories and physical activity can incorporate cardiovascular or 435 

resistant-training categories, giving a more detailed breakdown of data type. Consequently, a broader and more 436 

realistic dataset could encompass a wider variance, allowing the machine learning models to be more applicable 437 

in real-world scenarios. 438 

5 CONCLUSIONS 439 

In conclusion, the random forest model emerged as the most proficient overall performer, displaying superior 440 

outcomes in terms of test accuracy, specificity, precision, recall, F1-score and AUC-ROC. The path towards 441 

leveraging machine learning for obesity prediction, particularly using exclusively non-dietary factors, remains 442 
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considerably ambitious and arduous at this juncture. Obesity is largely a multifactorial condition resulting from 443 

the interaction between genes and the environment. With respect to environmental factors, diet undoubtedly is 444 

key alongside other external factors including physical activity and medications that impact on metabolism, as 445 

well as the internal milieu of the body including hormonal dysfunction that disrupts appetite regulation and weight 446 

homeostasis. This study does not seek to downplay the undeniable critical impact of dietary factors on obesity; 447 

rather, it underscores the potential innovation in forecasting obesity solely through non-dietary variables as non-448 

dietary factors may manifest before dietary habits and weight changes. The notable accuracy levels achieved in 449 

this study's algorithms, even without exhaustive parameter fine-tuning, is comparable to those which includes 450 

dietary data and underscore the importance of non-dietary factors in relation to obesity as well as the feasibility 451 

of this pursuit. More studies in the future including more relevant and precise data can improve machine learning 452 

models in predicting obesity. Deep learning algorithms can also be explored, particularly in scenarios involving 453 

massive data volumes. Ultimately, such strategies can facilitate identification of individuals who are at risk, 454 

enabling prevention and early interventions to reduce the costly morbidities that accompany the burden of obesity. 455 
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Abbreviations 626 

WHO: World Health Organization 627 

BMI: Body Mass Index  628 

WOF: World Obesity Federation  629 

CVD: Cardiovascular Disease  630 

CKD: Chronic Kidney Disease  631 

NAFLD: Non-Alcoholic Fatty Liver Disease  632 

NEAT: Non-Exercise Activity Thermogenesis  633 

TDEE: Total Daily Energy Expenditure  634 

DR: Dietary Records  635 

FFQ: Food Frequency Questionnaire  636 

GB: Gradient Boost classifier 637 

xGB: Extreme Gradient Boost classifier  638 

SVM: Support Vector Machine  639 

KNN: K-Nearest Neighbor  640 

GNB: Gaussian Naive Bayes  641 

MLP: Multilayer Perceptron 642 

CART: Classification and Regression Trees  643 

NHANES: National Health and Nutrition Examination Survey  644 

CVR: Classification via Regression  645 

RBF: Radial Basis Function  646 

SMOTE: Synthetic Minority Over-Sampling Technique  647 

SVC: Support Vector Classification  648 

AUC: Area under the curve  649 

ROC: Receiver Operating Characteristic 650 

AIC: Akaike Information Criterion 651 
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 662 

Figure 1. Box plot displaying the BMI distribution in 2111 rows of data from individuals in by (A) 663 

exercise frequency per week, (B) main transportation used, (C) time using technology devices per 664 

day, and (D) smoking status. BMI, body mass index. 665 
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 670 

Figure 2. Feature importance of all variables for (A) random forest, and (B) decision tree. 671 

Permutation importance of all variables for (C) KNN, and (D) SVC. The importance of the different 672 

non‐dietary features in terms of being predictors for obesity when being fitted into machine learning 673 

models, in comparison of all features for all the different models except for GNB, and their ranking 674 

of importance is in descending order across the various models. 675 

 676 

 677 

Figure 3. Test accuracy comparison of the models between dietary and non‐dietary data. The graphs 678 

represent the test accuracy result of the models built from dietary and non-dietary data, 679 

respectively, without bootstrapping. 680 
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Table 1. Classification and the BMI values (N=2111). 685 

NObeyesdad BMI Value (kg/m2) Number of Rows Proportion within dataset (%) 

Underweight Less than 18.5 267 12.6 

Normal Weight 18.5-24.9 306 14.5 

Overweight I 25.0-27.4 335 15.9 

Overweight II 27.5-29.9 230 10.9 

Obese Type I 30.0-34.9 368 17.4 

Obese Type II 35.0-39.9 338 16.0 

Obese Type III 40.0 and onwards 267 12.6 

Note: NObeyesdad was the name as provided from the original data source, and it represents the different 686 
classification for the weight status as the output variable 687 
Abbreviations: BMI, body mass index 688 
 689 

Table 2. Performance metrics used to assess the models. 690 

Metric used Purpose 

Test accuracy Proportion out of all the model’s overall predictions that are correct [38]. 

Precision Proportion of the model’s true positive predictions among all that were predicted to be 

positives including false positive [39]. 

Recall 

(sensitivity) 

Proportion of the model’s true positive predictions among all the actual positives including 

both true positive and false negative [39]. 

Specificity Proportion of the model’s true negative predictions among all the actual negatives including 

both true negative and false positive [39]. 

F1-Score A single metric to evaluate classification performance model by calculating the harmonic 

mean between precision and recall, achieving a balance between both [39]. 

Area under the 

curve (AUC) 

A number to represent the performance of the Receiver Operating Characteristic (ROC) 

curve, in which the threshold of ROC is directly but inversely proportional to the precision 

and recall, respectively [38, 40]. 

Values for AUC range between 0 to 1 whereby a value of 0.5 indicates inability to 

differentiate and the higher the value above 0.5, the more superior is the performance of the 

models [40]. 

Note: All the metrics that were used to assess the machine learning models’ performance in this study and their 691 
interpretation 692 
 693 

Table 3a. Overall results of the models built with non-dietary data without bootstrapping on 30% test set. 694 

Models Accuracy  Specificity  Precision  Recall  F1-Score  AUC-ROC  

Decision tree 60.9 93.5 61.7 60.9 61.1 78.5 

Random 

forest 

66.9  94.5 66.4 66.9 66.4 92.3 

SVC 44.6 90.7 40.0 44.6 39.2 81.2 

GNB 38.3 89.7 42.1 38.3 29.6 74.9 

KNN 62.0 93.6 60.4 62.0 60.9 86.1 

Best model Random 

forest 

Random 

forest 

Random 

forest 

Random 

forest 

Random 

forest 

Random 

forest 

Note: Results are reflective of the model built on the data from the data source before the application of 695 
bootstrapping, and is aggregated from the 10-fold iterations.  696 
Abbreviations: AUC-ROC, area under the receiver operating characteristic curve; GNB, Gaussian Naïve Bayes; 697 
KNN, k-nearest neighbour; SVC, support vector classification. 698 
 699 

Table 3b. Overall results of the models built with bootstrapped non-dietary data on 30% test set. 700 

Models Accuracy 

(95% CI) 

Specificity 

(95% CI) 

Precision 

(95% CI) 

Recall (95% 

CI) 

F1-Score 

(95% CI) 
AUC-ROC 

(95% CI) 

Decision 

tree 

82.6±1.4 

(79.8,85.2) 

97.1±0.2 

(96.6,97.5) 

82.8±1.4 

(79.9,85.3) 

82.6±1.4 

(79.8,85.2) 

82.5±1.4 

(79.8,85.1) 

90.2±0.8 

(88.6,91.8) 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7433880/
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0167865523000296#bib0001
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0167865523000296#bib0001
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0167865523000296#bib0001
https://www-sciencedirect-com.ejproxy.a-star.edu.sg/science/article/pii/S0167865523000296#bib0001
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7433880/
https://www.sciencedirect.com/science/article/pii/S1556086415306043#bib5
https://www.sciencedirect.com/science/article/pii/S1556086415306043#bib5
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Random 

forest 

84.4±1.2 

(82.0,86.9) 

97.4±0.2 

(97.0,97.8) 

84.5±1.3 

(82.0,87.1) 

84.4±1.2 

(82.0,86.9) 

84.3±1.3 

(81.8,86.9) 

96.8±0.4 

(96.1,97.6) 

SVC 44.4±1.5 

(41.3,47.3) 

90.6±0.2 

(90.1,91.1) 

45.3±4.0 

(38.9,54.3) 

44.4±1.5 

(41.3,47.3) 

39.8±1.8 

(36.1,43.2) 

80.9±0.5 

(79.8,81.9) 

GNB 41.0±0.9 

(38.8,42.6) 

90.1±0.2 

(89.7,90.4) 

45.3±6.6 

(33.1,57.2) 

41.0±0.9 

(38.8,42.6) 

33.5±1.3 

(30.7,35.9) 

73.6±0.5 

(72.8,74.6) 

KNN 61.2±1.5 

(58.4,64.0) 

93.5±0.2 

(93.0,94.0) 

60.7±1.6 

(57.6,63.9) 

61.2±1.5 

(58.4,64.0) 

60.3±1.5 

(57.4, 63.2) 

88.9±0.6 

(72.8,74.6) 

Best 

model 

Random 

forest 

Random 

forest 

Random 

forest 

Random 

forest  

Random 

forest 

Random 

forest  

Note: Results are reflective of the model built on the data from the application of bootstrapping and is 701 
aggregated from the 1000-fold iterations of the 1000 bootstrapped re-sampling. Values within the brackets 702 
indicate the 95% CI lower and upper values.  703 

Abbreviations: AUC-ROC, area under the receiver operating characteristic curve; CI, confidence interval; GNB, 704 
Gaussian Naïve Bayes; KNN, k-nearest neighbour; SVC, support vector classification. 705 

 706 


