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ABSTRACT
Introduction: Obesity is one of the most significant global health 

problems increasing today. Body mass index (BMI) is a fundamental parameter 
widely used to assess obesity. However, evaluating different measurements of 
body composition may contribute to determining BMI more accurately and 
comprehensively. In this context, machine learning (ML) provides a powerful 
alternative to classical methods by predicting BMI from body composition. 
Based on this hypothesis, the aim of this study is to predict BMI using ML 
regression models from body composition parameters.

Methods: The study included 411 obese individuals aged 18–65 years. The 
individuals’ body weight and body composition parameters [fat mass index, 
body fluid percentage, fat mass (kg), fat-free mass (kg), body fat percentage 
and fat-free mass percentage] were measured using the Tanita MC 580 body 
composition analyzer. Data were analyzed using 16 different ML regression 
models with the Python language and PyCaret library. Model performance was 
primarily evaluated using the coefficient of determination (R²).

Results: The highest success was achieved with Linear Regression, 
Bayesian Ridge, and Ridge Regression models (R²=0.9937). Huber Regressor 
(0.9928) and Least Angle Regression (0.9911) followed. Among the models with 
low success was K Neighbors Regressor (0.8316). In the parameter analysis, Fat-
Mass Index was the strongest predictor in BMI estimation.

Conclusion: This study shows that ML-based regression models can predict 
BMI with high accuracy using body composition parameters, with the fat mass 
index providing the most significant contribution. These results emphasize the 
potential of digital phenotyping as a valuable approach in obesity research and 
clinical evaluation. By framing BMI not only as a traditional measurement but 
as a more comprehensive health marker supported by digital tools, the findings 
point toward the development of personalized, rapid, and reliable digital health 
solutions for obesity screening and monitoring.
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Introduction
Obesity is a complex public health problem with 

rapidly increasing prevalence and is associated with 
numerous health conditions such as cardiovascular 
diseases, type 2 diabetes, osteoarthritis, and certain types 

of cancer [1]. Among the most commonly used indicators 
for the classification of obesity, body mass index (BMI) 
is widely utilized in both clinical and epidemiological 
studies due to its ease of application and simple 
calculation method. However, since BMI is solely based 
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on height and body weight measurements, it cannot reflect 
body fat distribution, the distinction between fat mass and 
fat-free mass, or metabolically risky abdominal obesity [2-4]. 
This limitation may lead to misclassification, particularly in 
individuals with high muscle mass, the elderly, or those with 
different body composition profiles [5].

To overcome these limitations, bioelectrical impedance 
analysis (BIA) provides an important alternative. BIA offers 
detailed information on an individual’s body composition by 
safely, non-invasively, and reproducibly determining parameters 
such as fat mass, fat-free mass, and body fluid [6]. In clinical 
practice, BIA-derived data have been shown to provide more 
reliable results than BMI in predicting cardiometabolic risks, 
accurately characterizing obesity phenotypes, and developing 
personalized nutritional approaches [7-9].

Meanwhile, machine learning (ML) methods, which 
have gained increasing importance in health sciences in recent 
years, enable the modeling of complex relationships among 
multidimensional biological data. ML algorithms can process 
large datasets to uncover patterns that may be overlooked by 
traditional methods, thereby contributing to a more precise and 
individualized assessment of obesity and related metabolic 
disorders [10, 11]. Integrating BIA-derived body composition 
parameters with ML techniques not only provides more accurate 
predictions beyond BMI but also offers practical advantages 
for clinical applications [12]. Machine learning has also been 
applied to predict temporomandibular disorders using clinical 
parameters and to predict carpal tunnel syndrome using 
anthropometric and strength-based measurements [13, 14]. 
Although machine learning has been widely applied for obesity 
classification, few studies have focused exclusively on BMI 
prediction using BIA-derived body composition parameters.

To the best of our knowledge, no previous study has 
directly compared 16 machine learning regression algorithms 
for BMI prediction using exclusively BIA-derived body 
composition parameters. In this context, the present study 
systematically evaluates and compares a wide range of machine 
learning regression models to estimate BMI using biologically 
meaningful body composition parameters obtained from BIA. 
Thus, it is intended to develop a model that overcomes the 
limitations of conventional BMI calculation, incorporates body 
composition, and allows for more personalized assessments in 
clinical practice. By emphasizing both predictive performance 
and model interpretability, this study aims to clarify the 
relationship between BMI and underlying body composition and 
to highlight the potential clinical relevance of body composition–
based obesity assessment.

Methods 
This study included patients with obesity, aged 18–65 

years, with a BMI of ≥30 kg/m², who presented to the Internal 
Medicine Outpatient Clinic of Bolu Abant Izzet Baysal Training 
and Research Hospital and were referred to the diet outpatient 
clinic. Body composition data of these patients were obtained 
using a Tanita MC 580 BIA device. The measurements, together 
with demographic information recorded for clinical follow-up, 
were retrospectively retrieved from outpatient clinic records. For 
patients with multiple measurements, only the first measurement 
was considered. The body composition parameters evaluated 
were fat mass, body fat percentage, fat-free mass, fat-free mass 
percentage, fat mass index (FMI), total body water (% of body 
weight) and BMI. Both FMI and BMI values were automatically 

calculated by the Tanita MC 580 BIA device using fat mass, 
height, and body weight inputs. FMI was derived by dividing 
fat mass in kilograms by the square of height in meters [fat mass 
(kg) / height² (m²)], whereas BMI was calculated by dividing 
body weight in kilograms by the square of height in meters 
[body weight (kg) / height² (m²)]. Ethical approval for the study 
was obtained from the Bolu Abant Izzet Baysal University Non-
Interventional Clinical Research Ethics Committee (2025/384).

Machine Learning Regression Models
To estimate BMI, the Python programming language 

and the PyCaret library were employed. Modeling procedures 
were carried out on a Monster Abra A7 computer with an Intel 
i5 processor. The collected numerical data (body composition 
parameters and age) constituted the input layer for ML algorithms 
and regression models, while the output layer was designed as 
the predicted BMI.

A total of 16 PyCaret ML regression models were 
included in the study: Linear Regression (LiR), Bayesian Ridge 
Regression (BRR), Ridge Regression (RR), Huber Regression 
(HR), Least Angle Regression (LAR), Extra Tree Regression 
(ETR), Elastic Net (EN), Gradient Boosting Regression, Lasso 
Regression (LaR), Lasso Least Angle Regression, Passive 
Aggressive Regression, Random Forest Regression (RFR), 
Light Gradient Boosting Machine Regression, Decision Tree 
Regression (DTR), AdaBoost Regression, and K-Neighbors 
Regression. LiR is a fundamental method that models the linear 
relationship between the dependent and independent variables 
[15]. BRR models the joint probability distribution of variables, 
thereby allowing the evaluation of event probabilities and 
related risks [16]. Among regularization methods, RR reduces 
multicollinearity by adding penalties to parameter magnitudes 
[17], while LaR shrinks regression coefficients and reduces 
some to zero, enabling variable selection [18]. EN combines 
the advantages of Lasso and Ridge to perform both variable 
selection and multicollinearity reduction [19]. Additionally, HR 
is preferred as a method that is less affected by outliers [20]. 
LARS is used as an algorithm for variable selection in high-
dimensional datasets [21].

For model development, the dataset was divided into 80% 
training and 20% test sets. The training set was used to train the 
models, while the test set was used for independent performance 
evaluation. To mitigate potential overfitting concerns associated 
with high R² values, model performance metrics were assessed 
separately on the training and test datasets. Hyperparameter 
tuning was performed to optimize model performance. The 
evaluated performance metrics included Mean Absolute Error 
(MAE), Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), Root Mean Squared Logarithmic Error (RMSLE), 
Mean Absolute Percentage Error (MAPE), Total Taken (TT-
seconds), and the Coefficient of Determination (R²). Total Taken 
(TT-seconds) refers to the total elapsed time required to train and 
evaluate each regression model.

To improve model interpretability, SHAP (SHapley 
Additive exPlanations) analysis was applied to identify the 
relative contribution of each input parameter to BMI prediction 
in the best-performing models.

Basic Statistical Analysis
The normality of the parameters was assessed using the 

Anderson–Darling test, and descriptive statistics of the data 
were reported. All analyses were performed using the Minitab 
17 statistical software package.
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Results
A total of 411 participants aged 18–65 years were included 

in the study. The mean age of the participants was 38 years 
(range: 18–65). Descriptive statistics of the body composition 
parameters and BMI values of the participants are presented in 
Table 1.

The performance metrics obtained from the analyses 
conducted with PyCaret, including MAE, MSE, RMSE, R², 
RMSLE, MAPE, and TT-seconds, are presented in Table 2. 
Examination of Table 2 revealed that the highest R² values were 
achieved with the LiR, BRR, and RR models. These models 
yielded an R² of 0.9937, demonstrating very high accuracy in 
BMI prediction. They were followed by the Huber Regressor 
(0.9928) and LAR (0.9911). Among the models with lower 
performance, the K-Neighbors Regressor (0.8316) was noted.

Figure 1 presents the prediction error and residual plots 
obtained after hyperparameter optimization (tuning) for the 
best-performing models. Examination of Figure 1 shows that the 
plots indicate the models explained the majority of the variance 
and that the predictions exhibited a high degree of agreement 
with the actual values.

Figure 2 illustrates the importance of body composition 
parameters contributing most to the prediction performance of 
the models with the highest R² values. Examination of Figure 
2 revealed that FMI was the most influential variable in BMI 
prediction.

Table 1  Descriptive Statistics of the Parameters

Parameters Median (Min–Max)

Fat Mass Index (FMI) 15.165 (5.988-35.371)
Total Body Water (%) 39.900 (30.200-71.800)
Fat Mass (kg) 40.000 (16.900-86.900)
Fat-Free Mass (kg) 54.500 (41.200-98.100)
Body Fat Percentage (%) 42.303 (19.537-57.143)
Fat-Free Mass Percentage (%) 57.697 (42.067-80.463)
Body Mass Index (BMI) 36.208 (30.010-65.616)

Table 2 Performance Metrics of Machine Learning Regression Models

Models MAE MSE RMSE R2 RMSLE MAPE TT-seconds

Linear Regression 0.3630 0.2582 0.4877 0.9937 0.0121 0.0095 0.3330
Bayesian Ridge Regression 0.3633 0.2596 0.4882 0.9937 0.0122 0.0095 0.0100
Ridge Regression 0.3634 0.2604 0.4881 0.9937 0.0122 0.0095 0.0110
Huber Regressor 0.3575 0.2950 0.5193 0.9928 0.0127 0.0092 0.0120
Least Angle Regression 0.3855 0.3539 0.5580 0.9911 0.0137 0.0100 0.0110
Extra Trees Regressor 0.7869 1.4198 1.1697 0.9633 0.0279 0.0201 0.0440
Elastic Net 0.9675 1.4658 1.2000 0.9616 0.0310 0.0258 0.0100
Gradient Boosting Regressor 0.9100 1.5680 1.2143 0.9602 0.0288 0.0233 0.0270
Lasso Regression 1.0381 1.6867 1.2883 0.9557 0.0334 0.0278 0.2950
Lasso Least Angle Regression 1.0386 1.6884 1.2889 0.9557 0.0334 0.0278 0.0120
Passive Aggressive Regressor 1.0597 1.7959 1.3167 0.9512 0.0335 0.0280 0.0110
Random Forest Regressor 1.0656 2.2939 1.4728 0.9414 0.0346 0.0268 0.0530
Light Gradient Boosting Machine 1.2405 3.5113 1.8254 0.9118 0.0400 0.0303 0.0500
Decision Tree Regressor 1.3203 3.5875 1.8423 0.9116 0.0431 0.0334 0.0110
AdaBoost Regressor 1.5018 3.6011 1.8650 0.9068 0.0463 0.0395 0.0220
K-Neighbors Regressor 2.0024 6.2883 2.4632 0.8316 0.0607 0.0521 0.0120

Figure 1 – Plots of the Best-Performing Models (a: Prediction Error, b: Residuals Plot)
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psychological indicators and demonstrated that the presence 
of depression significantly influenced the predictions, 
emphasizing the importance of considering psychosocial 
variables in obesity evaluation [23]. In a study by La Cruz et 
al., 24 different anthropometric measures were used to classify 
individuals according to body fat percentage through support 
vector machines, yielding high accuracy and sensitivity values; 
however, the limited specificity highlighted the likelihood of 
false positives [24]. Similarly, Genç & Arıcan incorporated 
demographic variables in addition to conventional BMI 
components for BMI classification and reported that the random 
forest algorithm achieved the highest performance [25]. Chen et 
al., integrated clinical and lifestyle data in childhood obesity and 
demonstrated that ML methods could capture the multifactorial 
nature of the condition, providing applicable tools for clinical 
decision-support systems [26]. Collectively, these studies 
indicate that ML models can operate effectively with diverse 
data types and hold broad potential in obesity evaluation.

Evidence also suggests that body composition data can be 
utilized to predict the success of treatment protocols [27, 28]. 
Nevertheless, the literature also shows that the relationship 
between ML-derived clinical predictions and BMI remains 
highly complex. Therefore, future studies should aim to integrate 
psychological, demographic, and lifestyle variables alongside 
body composition parameters to model BMI in a more accurate 
and clinically meaningful way. The originality of this study lies 
in the systematic comparison of different ML regression methods 
for point prediction of BMI using exclusively body composition 
parameters obtained through BIA. Rather than representing a 
purely technical machine learning application, this approach 
contributes to a clearer scientific understanding of how BMI 
relates to its underlying body composition determinants, thereby 
strengthening the conceptual and clinical relevance of BMI-
based evaluations. By demonstrating the predictive performance 
of these regression models, the study provides concrete evidence 
of their applicability in clinical prediction and proposes a 
practical approach to overcoming the limitations of conventional 
BMI calculations. Furthermore, the potential integration of these 
ML models into routine clinical practice should be considered, 
highlighting how they may support personalized decision-
making in obesity management. In this respect, the research 
offers methodological innovation to the literature and provides 
practical contributions to clinical practice.

Discussion
In this study, the point prediction of BMI was examined 

using ML-based regression models derived from body 
composition parameters obtained through the BIA method. 
The analyses demonstrated that the LiR, BRR, and RR models 
achieved the highest accuracy rates, indicating that BMI could 
be reliably predicted within the given mathematical framework. 
Notably, the strong performance of linear-based regression 
models suggests that the relationship between BMI and body 
composition parameters is predominantly linear and biologically 
meaningful. This finding provides conceptual insight, indicating 
that complex non-linear machine learning architectures may 
not be necessary when clinically relevant body composition 
predictors are used. These findings suggest that ML methods 
may provide complementary and supportive insights alongside 
traditional approaches in the assessment and monitoring 
of obesity. It should be emphasized that the purpose of the 
regression analysis applied in this study is not to replicate the 
BMI formula, but to evaluate the contribution of the parameters 
used, including those directly related to fat mass index (FMI) 
and fat-free mass index (FFMI) derived from body weight. 
Therefore, SHAP analysis was incorporated to enhance model 
interpretability by demonstrating the relative contribution of 
each parameter to the model predictions.

The results further revealed that FMI was the most 
influential parameter in BMI prediction. This result supports 
the view that BMI fundamentally reflects fat mass–related 
characteristics rather than overall body weight alone, reinforcing 
the clinical importance of integrating fat-based indices into 
obesity assessment. This finding highlights the central role of fat 
mass in the evaluation of obesity and underscores its importance 
in personalized healthcare approaches. Indeed, the literature 
emphasizes the strong association between body fat mass, body 
fat percentage and metabolic health, particularly with respect 
to insulin resistance, lipid profiles, and cardiometabolic risk 
factors [1, 22]. Moreover, FMI has been shown to be clinically 
valuable not only in obesity classification but also in identifying 
“metabolically obese but normal-weight” individuals [22]. 
These results demonstrate that body composition parameters 
may provide more accurate classifications in clinical decision-
making processes than conventional BMI measurements.

Recent studies in the literature also support the potential 
of ML approaches to contribute multidimensionally to obesity 
assessment. Delnevo et al. examined BMI prediction using 

Figure 2 – Importance Plot of Key Parameters
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These findings indicate that, independent of conventional 
BMI calculation, ML-based models can show promising 
predictive performance from body composition data, offering 
a practical and efficient tool for obesity assessment, and may 
contribute to the future development of AI-assisted personalized 
healthcare applications. In this respect, the study highlights 
the importance of interpreting BMI in conjunction with body 
composition parameters rather than as an isolated anthropometric 
index.

Future studies should address the limitations identified 
in the present work by incorporating non-BMI variables, 
such as biochemical, demographic, and lifestyle factors, and 
by conducting analyses across different centers and diverse 
populations. Such efforts will enhance the clinical applicability, 
generalizability, and robustness of ML-based BMI prediction 
models. By focusing on both predictive performance and 
interpretability, the present study contributes to a more clinically 
meaningful and scientifically grounded use of machine learning 
in obesity research.
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Limitations and Future Directions
This study has several limitations. Despite the high 

accuracy observed, the potential risk of overfitting and the 
limited generalizability of our findings to other populations 
should be considered. First, the analyses were restricted to 
body composition parameters obtained solely through BIA; 
incorporating additional anthropometric, biochemical, and 
psychosocial variables could potentially improve prediction 
accuracy. Moreover, the sample size and demographic 
characteristics may limit the generalizability of the findings. 
Study limitations include the fact that the research was 
conducted in a single population at a single center, and non-
BMI variables such as biochemical, demographic, and lifestyle 
factors were not included. Therefore, future research should 
consider conducting similar analyses with larger and more 
diverse samples, encompassing different age groups, sexes, and 
ethnic backgrounds.

In addition, adopting longitudinal study designs would 
allow the monitoring of BMI changes over time and provide 
an opportunity to evaluate the long-term predictive power of 
the models. Finally, future studies should not only focus on 
the statistical accuracy of ML models but also address their 
clinical applicability, interpretability, and usability by healthcare 
professionals, which should be among the primary objectives of 
forthcoming research.

Conclusion 
In this study, point prediction of BMI was performed using 

ML-based regression models with body composition parameters 
obtained through BIA (fat mass, body fat percentage, fat-free 
mass, fat-free mass percentage, FMI, total body water (% of body 
water), and BMI). The LiR, BRR, and RR algorithms achieved 
the highest R² values, providing accurate BMI predictions 
and explaining a large proportion of variance. Moreover, FMI 
was identified as the most influential predictor. The strong 
performance of linear-based regression models suggests that the 
relationship between BMI and its underlying body composition 
determinants is largely linear and biologically interpretable. 
This finding provides conceptual insight rather than a purely 
technical outcome, emphasizing the scientific relevance of body 
composition–based BMI modeling.
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