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Abstract

Body Mass Index (BMI) is a widely used indicator for assessing general health and
body composition; however, its applicability in athletic populations is limited due
to its inability to distinguish between fat mass, lean mass, and sportspecific
physiological adaptations. This study proposes an interpretable machine learning
based framework for BMI category classification using anthropometric and
lifestyle-related features. The data involved height, weight, training age, training
duration and how often meals are taken per day. Since there are few observations
(about 100 samples) available, a controlled data augmentation method was used,
which employs Gaussian perturbation to increase the dataset size to 500 samples
with real physiological relationships. The BMI wvalues were re-calculated and
divided into four groups namely; Underweight, Normal, Overweight and Obese.
An 80:20 traintest split was used to train a Decision Tree classifier which was
run in the scikitlearn library of Python. An owverall classification accuracy of the
model was about 94-95%. The confusion matrix analysis revealed that the
majority of samples were properly classified with slight misclassification between
similar categories like Overweight and Obese. The analysis of feature importance
showed that height and weight were the most significant predictors, and lifestyle-
related variables played a less significant role. The findings prove the usefulness of
interpretable machine learning methods in BMI classification and indicate their
possible use in athlete health assessment. Future research is required on larger
datasets and more complicated modeling approaches to enhance generalization.
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1. Introduction
Body Mass Index (BMI) is among the most
commonly utilized anthropometric measures
of body composition and overall health
condition [1]. Its simplicity, low cost, and
ease of calculation have led to its widespread
use in clinical, population health, and
sporting applications [2]. In spite of its
popularity, BMI

limitations, especially in athletic groups,

does have significant
where it does not distinguish fat mass, lean

muscle mass, bone density, and fat
distribution [3].

These are particularly high in sports science
as the athletes show sport specific
physiological adaptations that are affected by
training intensity, nutrition, and
performance demands [4]. As a result, people
strikingly divergent in body composition can
have the same BMI, and this makes BMI less
reliable when used on its own to determine
the well-being of an athlete [5].

developments in Artificial

Intelligence (AI) and Machine Learning (ML)

have offered promising methods to model

Recent

nonlinear and complex relationships

between  physiological and  behavioral
variables [6]. These techniques enable the
integration of multiple features to uncover
patterns and predictive

latent improve

performance beyond traditional statistical
methods [7].

In that regard, the current study suggests a
system of BMI

based on

machine learning-based

category classification

anthropometric  and lifestyle-associated

characteristics. In contrast to traditional
methods, which assume BMI as a descriptive
measure, this study models BMI categories as
dependent on quantifiable health and
behavioral factors.

It uses a structured dataset in terms of height,
weight, training age, training duration, and
frequency of meals per day. A controlled
synthetic augmentation plan is used to
overcome the small data size to expand the
sample  size  without losing realistic
physiological correlation.

The primary contributions of this study are as
follows:

. An interpretable and data-efficient
framework for BMI classification under
limited data conditions.

. Application of controlled Gaussian-
based data augmentation to enhance dataset
robustness.

. Analysis of class-wise performance,
model complexity, and feature importance.
The findings aim to support more data-driven
and context-aware approaches to athlete
health evaluation.

2 Literature Review

The evaluation of body structure in sports
science has been transformed greatly by the

constraints of traditional anthropometric

data, such as BMI [8]. Although BMI is a
popular screening method, it fails to measure
the most important aspects of screening,
including fat mass, lean tissue, and visceral
adiposity, which restrict its applicability in
athletes [9].
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Athletes generally have greater muscle mass
and physiological specifics, which can result
BMI [10].

Consequently, the use of BMI alone can give

in inaccurate classifications

an inaccurate health and fitness status
interpretation [11].

To overcome these issues, recent studies [12}-
[17]  have

multidimensional and data-driven methods.

paid more attention to
This is especially where machine learning
methods can be applied, since they can be
used to model the complex, non-inear
relationships of the variables of physiological,
behavioral, and performance-related variables
[18]. Applications of ML in sports science
injury
prevention, health monitoring, and biometric

include performance prediction,
analysis [19].

Moreover, recent research has investigated
how Al-driven techniques can be used to
analyze body composition and found that
they are more predictive and capable of
detecting latent patterns that are not detected
by conventional techniques [20]. Nevertheless,
most of these methods are based on advanced
imaging methods or on largescale datasets,
which are often not practical or resource-
constrained.

Although these developments have been
made, several methodological issues still exist,
such as the small sample units, inability to
interpret the models, and generalization to a
variety of populations [21]. Specifically, the
most precise models, such as black-box
models, are not always transparent and,

therefore, cannot be applied to reallife

decision-making in both healthcare and sport
settings [22] [23].
Consequently, interpretable machine
learning methods that are predictive, as well
as transparent and useful, are also required.
Although some studies have used post-hoc
explainability, including SHAP and LIME
[22], in this study, intrinsic interpretability is
undertaken by using Decision Tree modeling
(24], which gives a direct understanding of
decision rules. In this regard, the present
study employs a Decision Tree classifier [25]
as an interpretable baseline model for BMI
classification.

3 Methodology

3.1 Study Design and Dataset

The present study applies a quantitative

machine learning method to categorize the
BMI [26] with the help of anthropometric
The

following variables can be found in the

characteristics.

and  lifestylerelated

dataset:

o Height

o Weight

° Training age

o Training duration

o Number of meals per day

These variables were identified because they
are directly or indirectly related to body
composition and health behavior. The initial
dataset consisted of approximately 100
samples, which was insufficient for robust
model training. Thus, a regulated artificial
data augmentation plan was used to increase

the dataset to 500 samples.
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3.2 Data Augmentation

To overcome the weakness of low sample size,
synthetic data augmentation was conducted
with the help of Gaussian perturbation
[27][28]. For each original data point x, a

perturbed value x” was generated as:

' =z+N(0,0)
N(0,0)

where represents a Gaussian
distribution with zero mean and standard
deviation ©¢- . This approach introduces

realistic variability while preserving the

underlying statistical properties of the data.
After height
converted to and BMI was

recalculated using the standard formula:

perturbation, values were

meters,

weight (kg)

BMI = -
height (m)”

This ensured physiological consistency across
all augmented samples.

3.3 Data Preprocessing

Preprocessing of data was carried out to
maintain quality and consistency [29]. The
missing or incomplete observations were
eliminated. The values of BMI were then

divided into four standard classes:

. Underweight
. Normal

. Overweight

. Obese

This transformation converts the problem
into a multi-class classification task.

3.4 Model Development

The dataset was divided into two groups:
training and testing, with the ratio of 80:20.

A Decision Tree classifier [25] was chosen

because it can be interpreted and model non-
linear relationships.

The model was implemented using the scikit-
learn library in Python, which provides
efficient and reliable tools for machine
learning model development and evaluation.
Key model parameters:

. Criterion: Gini index

. Maximum depth: 15

The model recursively partitions the feature
space to maximize class purity at each node.

3.6 Evaluation Metrics

Model performance was evaluated using:

. Accuracy

. Precision

. Recall

. Fl-score

Additionally, classwise performance and

feature importance were analyzed. The effect

of model complexity was assessed by

examining accuracy across different tree

depths.

4 Results

4.1 Overall Model Performance

The experimental results showed that the
model had
approximately 94-95, thereby showing good
BMI

classification task. This result portends that

a general test accuracy of

predictive  performance in the
the lifestyle-based and anthropometric traits
that were chosen provided a substantial
discrimination criterion among the BMI
categories. The high performance may be
attributed to a number of factors, and these

include: applicability of the selected feature
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set, preprocessing plan, and augmented

dataset size.

These measures give a detailed information
on the performance per the classes as

indicated by table 1 below.

precision
(5] 0.97
1 0.89
2 0.89
3 .97
accuracy
macro avg 0.93
weighted avg 0.95

recall fil-score  support
0.97 0.97 35
0.80 9.84 10
8.89 0.89 19
1.00 9.99 36
9.95 100

9.92 98.92 100
9.95 9.95 10@

Table 1. All four classes (precision, recall, F1- score, and support metrics) result

Precision, recall, and F1 score measures were
used to test the performance of the model on
four classes. Class O had the best consistency,
and its precision, recall, and F1 score were all
0.917, Class 1 had
slightly lower values of 0.89, 0.80, and 0.84,

respectively. Class 2 had equal performance

respectively, whereas

on all measures with a score of 0.89, while
Class 3 had almost perfect performance with
a precision of 0.97, recall of 1.00, and an F1
of 0.99. All in all, the model achieved a
precision of 0.95. Macro-averaged scores were
0.93 (precision), 0.92 (recall), and 0.92 (F1
score), and the weighted averages were all
0.95,
between classes. These findings reflect that

indicating a high generalization
the model is reliable, especially on the
majority classes, and it slightly underperforms

on small or less common classes.

4.4 Category-Wise Performance

The model was tested on a categorical basis,
and it was concluded that it was effective in
the majority of the BMI groups. The highest
predictive accuracy was found in the Normal
category, which might be due to the presence
of a more pronounced feature and relatively

positive representation in the dataset (see Fig
1). The Underweight and Obese classes also
exhibited

indicating that the model could differentiate

good precision and recall,

between the two classes. Some confusion was
Obese and the

Overweight classes. This is quite anticipated

observed between the

as the ranges of features of neighboring BMI
classes can readily overlap, making it more
challenging to separate boundaries. However,
the overall performance based on classes was
good and validated the usefulness of the

model in the multi-class BMI classification.
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Category-wise Model Performance
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Figure 1. Category-Wise Model Accuracy Graph

The classwise performance of the Decision
Tree classifier in terms of precision, recall,
and Fl-score is shown in Figure 2. The model
has a good and steady performance in the

majority of BMI categories. The Obese and

classes are separable in feature space.

Recall of the

category is relatively lower, possibly due to

Conversely, the Normal

the smaller sample size and overlaps with

adjacent categories. In general, the outcomes

Underweight classes have the largest scores, suggest that the model has an equal
which means that it is evident that these = performance across classes.
Class-wise Performance Metrics
1.0 BN Precision
W Recall
BN Fl-score
o
[=}
A
Underweight Normal Overweight Obese
BMI Category
Figure 2. Category-Wise Performance Metrics
4.5. Impact of Model Complexity (I-3), the model exhibits underfitting,

The complexity of the models, as shown in

Figure 3, indicates how Decision Tree

classifiers are expected to behave depending 198 zperformance

on the depth of the tree. At shallow depths

reflected by relatively low training and
validation accuracy. As the depth increases,
improves significantly,

indicating the model’s ability to capture
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underlying patterns in the data. It works best
depths (say 5-7) and a

made between bias and

at moderate

compromise is
variance. Outside this range, the training
accuracy reaches close to perfection levels,
and the validation accuracy levels off or
decreases slightly. This deviation is a sign of

overfitting occurring as the model starts to

learn the training data and not extend to the
unknown samples. Such results emphasize
the need to manage the model complexity in

Tree-based The

hyperparameters (maximum depth) should be

Decision methods.

tuned  properly to  achieve  robust

generalization but still be able to represent

non-linear relationships in the data.

Decision Tree Performance vs Depth
1.007 — Training Accuracy
- Validation Accuracy

0.95 1

0.85
>
(8]
8
g 0.80 1
X

0.75 A

0.70

0.65

1 2 3 4 5 6 7 8 9
Tree Depth

Figure 3. Depth-Wise Model Training and Validation Accuracy Graph

4.5 Confusion Matrix Analysis

Figure 4 also gives a step-wise illustration of
the model classification performance. Most
predictions lie on the diagonal, showing
accurate categorizations. The Near-perfect
classification accuracy is in the Underweight
and Obese categories. Nevertheless, there are
between  the

slight  misclassifications

Overweight and Obese groups, indicating the
feature distributions similarity. There is also a
slight misclassification in the Normal
category, which is probably caused by the
imbalance between classes. The confusion
matrix in general validates the usefulness and

dependability of the model.
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Underweight

Normal

True Label

Overweight

Obese

Underweight  Normal

Confusion Matrix

Overweight
Predicted Label

Obese

Fig 4. Confusion Matrix Analysis

4.6 Feature Importance Analysis and Model
Interpretation

The analysis of the feature importance shows
that weight and height are the most
significant predictors in the definition of
BMI categories, and the variables associated
with the lifestyle, including training duration
the number of meals

and a day, are

comparatively  less  relevant to  the
classification process, as shown in Figure 5.
This finding is in line with the theoretical
development of BMI, which is directly
obtained through height and weight. The
findings also suggest that the inclusion of
other lifestyle characteristics, even though less

influential, can still play a small role in

enhancing classification limits in complicated
cases. Moreover, the comparatively balanced
nature of the distribution of classes, which
was  accomplished by means of controlled
data augmentation, has led to the consistent
BMI
groups. One of the strengths of this study is

model performance across various
the interpretability of the Decision Tree
model. In contrast to black-box models, the
Decision Tree gives clear decision-rules,
allowing a clear comprehension of the extent
to which input features affect classification
results. This openness is especially significant
in healthcare and sports science applications,
where it is necessary to be able to explain this

to provide confidence and make a decision.
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Weight
Height
Training Duration .

Meals per Day

Feature Importance

0.35

0.32

Fig 5 Top 4 feature importance analysis

4.7 Implications for Athlete Health
Assessment
The results of this work indicate the

prospects of machine learning methods in
improving BMIbased measurement in
athletic groups. The suggested framework
offers a more evidence-based approach than
the conventional interpretation of BMI by
including several anthropometric and lifestyle
factors. Though the BMI in isolation has
been known to have shortcomings in the
sporting  scenarios, machine learning
integration can be used to identify patterns
that can be used to facilitate better health
monitoring and classification. This is further
promoted by the fact that the model is
interpretable, hence making it more
applicable in the realworld context, such as
in learning environments, clinical, and
athletic performance environments.

6. Conclusion and Future Work

This paper proposes a machine learning
framework for categorizing BMI categories

using anthropometric and lifestyle-related

variables. Through its combination of
controlled synthetic data enhancement,
systematic preprocessing, and an

interpretable Decision Tree categorizer, the

well-organized dataset can be accurately
classified in terms of BMI. The proposed
model was found to have a general
classification accuracy of about 94-95% with
high performance in most of the BMI
categories. Analysis of feature importance has
also verified that weight and height are the
most  significant  predictors  of  the
classification of BMI, and lifestyle variables
play a less significant role. The presence of
the confusion matrix analysis and model
comparison further enhances the validity of
the findings. In addition, the findings
underscore the usefulness of interpretable
machine learning models in aiding the health
assessment and monitoring of athletes.
Specifically, the Decision Tree model is clear
and interpretable, which makes it fitting in
applications where it is important to
comprehend model behavior. Nevertheless, it
has a number of limitations. The use of
augmented data, as well as the fact that the
original dataset is relatively small, can also
impact  generalizability.  Moreover, the
Decision Tree is interpretable but might not
be as predictive as more complex ensemble
approaches. Future studies need to be aimed

at testing the suggested framework with larger,

research study shows that even a small but 1985more varied realworld data, introducing
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more physiological and biometric variables,
and considering more sophisticated machine
learning models like ensemble and hybrid
models. The longitudinal data analysis can
also potentially improve the capacity to
monitor and anticipate future changes in the
health of athletes. On the whole, the given
study constitutes a stepping stone to the
implementation of interpretable machine
learning methods in the domain of sports
health analytics, which presents a feasible and
scalable way of carrying out BMlIrelated
classification challenges.
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