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Abstract—Obesity classification models often rely heavily on anthropometric features, particularly weight and height, because both
variables directly contribute to body mass index (BMI) calculation. This study investigates the extent of such dependency using feature
ablation and error analysis. Experiments were conducted on the NObeyesdad dataset using Logistic Regression and Random Forest under
three feature configurations: (1) baseline using all features, (2) ablation without weight, and (3) ablation without height. Model
performance was evaluated using Balanced Accuracy, Macro F1-score, confusion matrices, and class-level analysis. Results show that
Random Forest consistently outperformed Logistic Regression across all scenarios and demonstrated greater robustness to feature
removal. Under the baseline setting, Random Forest achieved a Balanced Accuracy of 0.90 and a Macro F1-score of 0.90, while Logistic
Regression obtained 0.89 for both metrics. Performance degradation became more pronounced when weight was removed compared with
height, indicating stronger model dependence on weight-related information. Error analysis further revealed increased confusion among
adjacent obesity categories, particularly overweight classes. These findings highlight the importance of feature dependency evaluation to
improve robustness and interpretability in obesity classification models.
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1 INTRODUCTION

Obesity is a medical condition characterized by the
excessive accumulation of body fat, which can cause various
serious health problems, such as cardiovascular disease, type
2 diabetes, hypertension, and other metabolic disorders [1],
[2]. Factors such as diet, fast food consumption, and a
sedentary lifestyle are the main contributors to the rising
prevalence of cases of obesity [3], [4]. According to the
World Health Organization (WHO) report in 2022,
approximately 2.5 billion adults worldwide are overweight,
and more than 890 million of them are classified as obese [5],
[6]. This figure highlights a complex global health issue that
warrants serious attention, both in terms of prevention and
early detection.

In contrast to previous studies on obesity classification,
which usually focused on achieving high predictive accuracy
using complete anthropometric data [7], [8], this study shifts
its focus toward analyzing model dependency and feature
robustness through ablation studies and error analysis. The
existing literature provides limited evidence on systematic
comparisons between linear and non-linear models when key
anthropometric features are omitted. In particular, it remains
unclear whether classification models can still maintain
reliable performance when important features related to the
body mass index (BMI), such as weight and height, are
removed from the input data [9], [10], [11]. An ablation study
is therefore used to evaluate the causal impact of feature
removal and to examine how model performance changes
when specific components are excluded from the learning
process [12].

This study aims to assess the level of dependence of the
obesity classification model on the anthropometric features,
weight, and height, as these variables are the primary
components used to calculate the body mass index
(BMI), which serves as the main indicator of obesity levels.
To achieve this objective, an ablation study approach and
structured error analysis are employed to examine how model
performance changes when these key features are removed.

Unlike previous studies that primarily aim to introduce
new datasets or achieve the highest predictive accuracy, this
study focuses on developing a methodological framework to
analyze the dependence of obesity classification models on
anthropometric features, particularly weight and height. By
combining feature ablation experiments with a systematic
error evaluation using confusion matrix patterns, this study
offers deeper insight into how classification models respond
when key anthropometric features are removed. This
approach helps determine whether models can grasp indirect
relationships between remaining features and anthropometric
characteristics when primary measurements are omitted,
thereby enabling a structured comparison of how linear and
non-linear models react to such feature removal. Thus, the
proposed analysis contributes to addressing gaps in existing
research by emphasizing model robustness and evaluating
feature dependence beyond conventional performance
metrics.
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2 METHOD

This study presents an experimental framework to assess
the extent to which obesity classification models rely on
anthropometric features, specifically weight and height
features, using an ablation study method.

This study used various test scenarios, including a
baseline and several ablation scenarios, to evaluate the
performance of the Logistic Regression and Random Forest
models accross feature configurations. All experimental
stages were designed following a systematic and orderly
methodological flow, with the goal of providing fair
evaluation between scenarios, avoiding data leakage during
the pre-processing and model training stages, and enabling
replication the study with a high degree of dependability. The
research flow is shown in Figure 1.

2.1 Dataset

The dataset used is NObeyesdad. It includes several
features related to the obesity rate of the population in
Colombia, Peru, and Mexico aged between 14 and 61 years
[13], [14], and consists of seven classes (multi-class).

22 EDA

Overall, this dataset consists of 2,111 data points with 17
features [15], [16]. A complete explanation of each feature is
provided in Tables 1 and 2.

Some features in the dataset, such as FCVC, NCP, CH20,
FAF, and TUE, are continuous variables synthetically
generated by the dataset creator to represent behavioral and
lifestyle characteristics. These features were components of
the original dataset design and were not generated through
oversampling techniques such as SMOTE during this study. In
this research, no additional class balancing methods were
applied. The dataset was used in its original distribution to
preserve the data’s natural structure. To address potential class
imbalance, evaluation metrics less sensitive to it, such as
balanced accuracy and macro F1-score, were used during
model evaluation.

2.3 Data Cleaning & Quality Control

This stage aims for accurate analysis and reliable decisions
[17]. The following are the steps in data cleaning and quality
control:

1. Missing Value Checking. Missing values refer to missing
data in the dataset [18]. In this study, there are no empty
values in the dataset.

2. Duplicate Data Removal. Duplicate data was checked
using the df.duplicated().sum() function, and 24 rows of
duplicate data were detected. Duplicate data was then
removed to maintain dataset quality and avoid bias.

3. Consistency check (Height > 0, Weight > 0). Checking
and removing invalid values, such as height and weight
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that are zero or negative, because they are unrealistic. In
this dataset, there are almost no zero or negative values.
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Figure 1. Research workflow with feature ablation scenarios

Table 1. A Table of Features in the Dataset

No Features Description

Gender of the individual
1 Gender (male or female)
2 Age Age of the individual
3 Height Height of the individual
4 Weight Individual body weight

Has a family member

family_history_with_ov  suffered or suffers from
5 ; . :
erweight being overweight?

Do you eat high, calorie
6 FAVC food frequently?

Do you usually eat
7 FCvC vegetables in your meals?

How many main meals do
8 NCP you have daily?

Do you eat any food
9 CAEC between meals?

?

10 SMOKE Do you smoke?

How much water do you
11 CH20 drink daily?

Do you monitor the
12 SCC calories you eat daily?

How often do you have
13 FAF physical activity?

How much time do you use
14 TUE technological devices such

as cell phones, video

kG
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games, television,
computers, and others?

How often do you drink

15 CALC alcohol?
Which transportation do
16 MTRANS you usually use?
17 NObeyesdad Obesity level
Table 2. A Table of Features’” Data Type
No Features Description
1 Gender object
2 Age float64
3 Height float64
4 Weight float64
5 famil_y_history_with_ov object
erweight
6 FAVC object
7 FCVC float64
8 NCP float64
9 CAEC object
10 SMOKE object
11 CH20 float64
12 SCC object
13 FAF float64
14 TUE float64
15  CALC object
16 MTRANS object
17 NObeyesdad object

2.4  Target and Feature Separation

The dataset is divided into input features (X). It includes all
variables except the obesity label and target (y), which is the
obesity category (NObeyesdad).

2.5  Train-Test Split

The dataset is separated into training and test data [19][20].
The ratio is 80:20 using stratified sampling based on obesity
class.

2.6 Pre-Processing

Pre-processing aims to process raw data into structured
information [21], [22]. All steps are combined in the model
pipeline via Column Transformer. Pre-processing is tailored
to the nature of the model used:

1. Logistic Regression, numeric features are normalized
using StandardScaler, and categorical features are
encoded using One-Hot Encoding.

See for details: https://creativecommons.org/licenses/by, nc, nd/4.0/
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2. Random Forest, numerical features are used without
scaling, and categorical features are encoded with One-Hot
Encoding.

In StandardScaler, each numeric feature is standardized to
have a mean of zero and a standard deviation of one [23]. To
prevent data leakage, the scaler is fitted only on the training
data after the train-test split. The learned scaling parameters
(mean and standard deviation) are then applied to transform
both the training and testing datasets. For categorical
variables, One-Hot Encoder (OHE) converts each category
into binary vectors. Similar to the scaling process, the encoder
is fitted on the training data and subsequently applied to the
testing data to ensure consistent feature representation while
preventing information leakage. Mathematically, categorical
data x; is represented as in (1) [24], [25]:

x® =1(x;=¢), k=12,..,K 1)

Where xi(k) represents the binary encoded value for the
k — th category of feature x; and 1 (.) denotes the indicator
function that returns 1 if the condition is satisfied and O
otherwise.

2.7  Feature Configuration (Ablation Scenarios)

The feature configurations in this study were designed to
analyze the extent to which obesity classification models
depend on specific input features, particularly anthropometric
attributes. To achieve this goal, a feature ablation strategy was
implemented, systematically modifying the feature set applied
during model training and evaluation. Feature ablation
provides an opportunity to observe how model performance
changes when specific features are removed from the dataset.
Through this approach, the study aimed to identify the strong
dependence of classification models on key anthropometric
features such as weight and height, and to examine whether
the models could retain their predictive ability when these
features were partially or completely removed. The feature
configurations implemented in this study were divided into
several experimental scenarios, including a baseline and
several ablation scenarios, which are described in the
following subsections.

2.7.1  Baseline Scenario (All Features): In baseline
scenario 1, all features are used in both model
training and testing. This baseline scenario serves as
the gold standard for assessing and evaluating model
performance before testing for potential feature bias

using the ablation approach.

Ablation Scenario 1 (Without Weight and Height): In
ablation scenario 1, the anthropometric features,
weight and height are removed simultaneously from
the input feature set. This scenario was created as a
direct comparison with the baseline scenario to
assess the model's reliance on anthropometric
attributes in obesity classification.

2.17.2
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Ablation Scenario 2 (Without Weight): The partial
ablation scenario 2, which does not use the weight
feature is designed to isolate the impact of the weight
variable on model performance, while retaining the
Height feature. This scenario is used to assess
whether the model can still significantly differentiate
obesity classes when weight information is absent, as
well as to observe changes in the model's dependence
on features related to behavior and lifestyle.

Ablation Scenario 3 (Without Height): A partial
ablation scenario 3 without the Height feature was
created to evaluate the influence of the Height feature
in the obesity classification process, as well as to
compare its influence with the removal of the Weight
feature in the previous scenario.

2.7.3

274

2.8  Classification Model

This study uses two different classification approaches,
namely Logistic Regression and Random Forest, to represent
linear and non-linear modeling strategies. Logistic Regression
was chosen because it is a commonly used linear classifier,
provides understandable decision boundaries, and serves as a
solid foundation for multi-class classification problems. In
contrast, Random Forest was chosen as a non-linear ensemble
method that can capture complex relationships and
interactions between features through multiple decision trees.

The comparison between these two models aims to analyze
how different model structures respond to feature removal.
Specifically, the linear characteristics of Logistic Regression
may indicate a more significant dependence on key features,
while Random Forest may exhibit better robustness due to its
ability to model non-linear patterns and interactions between
features.

This comparison is particularly relevant in obesity
classification tasks where both linear relationships (such as
anthropometric measurements) and non-linear lifestyle
patterns can influence model predictions. Two types of models
are applied consistently in the following two scenarios.

2.9  Logistic Regression

Logistic Regression is a statistical method usually used for
analysis in health research [26]. It is applied to see the impact
of ablation on linear models that are sensitive to variations in
feature distributions.

In multi-class classification, Logistic Regression is applied
with a multinomial formula [27], where the probability of each
class is calculated using the SoftMax function, which converts
the linear values of each class into a normalized probability
distribution. In the multinomial Logistic Regression model,
the Softmax function is used to estimate the probability of each
obesity class. With the following probability in (2) [28]:

ew£x+bk

P(y = klx) = 2

T
wix+b;
25‘:19 J J
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Where P(y = k|x) represents the probability that the
input feature vector x belongs to the class k. The parameter w
denotes the weight vector for class k1, bk represents the bias
term, and K is the total number of classes. Then, Table 3
shows the configuration of the Logistic Regression model
applied in each experimental scenario.

The configuration parameters applied in Logistic
Regression are described in Table 3. Most parameters follow
the default settings provided by the implementation to ensure
model stability and consistency. The LBFGS solver was
chosen because it is suitable for multinomial logistic
regression and shows good performance on classification
problems involving many classes. The regularization
parameter C=1.0 was maintained as the default value to
maintain a balance between bias and variance. In addition, the
maximum limit for the number of iteration parameters was
increased to ensure good training convergence.

2.10 Random Forest

Random Forest is a combined method that utilizes decision
trees to produce predictions [29] with the aim of minimizing
the relationship between data features [29], [30]. This model
is used to assess how well a non-linear model captures patterns
from non-anthropometric features and its robustness to the
omission of important features. Table 4 shows the Random
Forest model configuration settings applied in each
experimental scenario.

The Random Forest configurations applied in this study are
summarized in Table 4. The number of trees (n_estimators)
was set at 300 to improve model stability and reduce variance
by using more decision trees. The maximum tree depth
(max_depth) was limited to 8 to regulate model complexity
and reduce the possibility of overfitting.

The min_samples_split parameter is set to 10 to ensure that
internal node splitting is only performed when sufficient
training samples are available, which helps generate more
general decision boundaries. Additionally, min_samples_leaf
is set to 5 to avoid creating too few leaf nodes that might
capture noise in the dataset. The random_state parameter is set
to 42 to ensure reproducible experimental results, while n_jobs
= -1 allows the algorithm to use all available processor cores
to speed up training.

2.11 Model Training and Prediction

2.11.1 Training Process: In the training process, the
algorithm learns the patterns that exist between the
input variables and the class variables in the dataset
[31]. This process is done using the training data set
as follows:

e  Pre-processing parameters (scaling and
encoding) are performed only on training data.

e  The classification model was developed with
data that had been pre-processed without using
test data.
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e  Alltraining stages are arranged in one workflow

(pipeline) to avoid information leakage between
stages.

2.11.2 Prediction Process: The prediction process is carried

out in the following way:

e The test data is processed using pre-processing
parameters that have been learned from the
training data.

e The model assigns a predicted label to each
observation in the test data.

e At this stage, no parameter adjustments or
retraining are performed.

This method ensures that the prediction results
reflect the model's generalization ability to
previously unencountered data.

2.12 Model Evaluation

Multi-class classification models have more than two
classes. Model performance is evaluated using Balanced
Accuracy and Macro Fl1-score, which function to measure
average performance across all classes fairly [32], [33].

Table 3. Logistic Regression Configuration Table

LR Configuration Table

Component Parameter Setting
Logistic
Model type Regression
Multi-class multi_class Multinomial
strategy
Optimization solver Ibfgs
solver
l\_/laxn_num max_iter 1000
iterations -
Regularization Penalty 12 (default)
Regularization
Strength C 1.0 (default)
Intercept fit_intercept True (default)

: StandardScaler +
Pre-processing N OneHotEncoding
Training

Framework ) Pipeline

This article is distributed under the terms of the Creative Commons Attribution, NonCommercial, NoDerivatives 4.0 International License.
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Table 4. Random Forest Configuration Table

RF Configuration Table

Parameter Selected Value Description
n_estimators 300 Number of
decision trees
max_depth 8 Max depth of
each decision
tree
min_samples_split 10 Min number of
samples to split
internal nodes
min_samples_leaf 5 Min number of
samples at leaf
nodes
Seed for
random_state 42 reproducibility
n_jobs -1

To speed up the
training process

2.13  Error Analysis

Error analysis was conducted using a confusion matrix to
identify error patterns in the classification of various obesity
categories or classes [7]. This analysis aims to provide a
deeper understanding of changes in model behavior between
the baseline and ablation scenarios.

3 RESULT AND DISCUSSION

The results of this study indicate that body weight is the
most influential feature in obesity classification. When this
feature is removed, the performance of Logistic Regression
significantly decreases from 0.89 to 0.60, indicating that the
linear model relies heavily on key anthropometric features for
decision-making.

On the other hand, the decrease in Random Forest
performance is less drastic (from 0.90 to 0.78), indicating that
this model is capable of capturing the complex and non-linear
relationships among the remaining behavioral and lifestyle
features. This finding suggests that other variables, such as
diet and physical activity, may harbor hidden patterns that
play a role in obesity classification when processed with a
non-linear model.

This finding provides important insight: models for
obesity classification may indirectly learn about the
relationship between lifestyle features and body composition.
Therefore, relying solely on key features such as body weight
may obscure the role of other behavioral factors.

The main contribution of this study is demonstrating how
feature removal, combined with error analysis, can uncover
unseen model dependencies and proxy learning effects in
obesity classification.
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This study presents a methodological perspective on the

evaluation of feature dependencies in machine learning

models using feature ablation techniques as well as structured

error analysis, offering a deeper understanding of how

different model architectures react to the removal of dominant
anthropometric features.

3.1 Classification Results with All Features and Ablation
Without Weight and Height Features

The experiment was conducted by comparing the baseline
model (using all features) and the ablation model (without
weight and height features) using two methods, namely
Logistic Regression and Random Forest.

3.2 Model Logistic Regression

In the baseline scenario, the model achieved a Balanced
Accuracy of 0.895 and a Macro F1-score of 0.893, indicating
that Logistic Regression can perform multi-class
classification quite effectively when all features are used.

However, after the removal process, the model's
performance declined significantly. The Balanced Accuracy
value became 0.614, while the Macro F1-score became 0.587.
This decline indicates that the model's ability to distinguish
between obesity classes becomes significantly more limited
when weight and height information are removed. These
results are shown in Figures 2 and 3.

To better understand classification performance and error
distribution across obesity classes, an error analysis was
performed using a confusion matrix. This analysis helps
identify which classes are frequently misclassified and
reveals patterns in the model's prediction errors.

e Baseline Logistic Regression
Significant misclassification errors occurred in the

Normal_Weight and Overweight_Level I-Il classes,

where some samples were interchanged. This indicates

similarities in characteristics between categories with
nearly the same weight range. Figure 4 and Tables 5 and

6 below demonstrate these results.

LR Baseline
Balanced Accuracy: ©.8945551639614383
Macro F1l: ©.8927601155481121

LR Ablation
Balanced Accuracy: 0.6140300927387381
Macro F1: ©.5865676354490756

Figure 2. Logistic Regression model evaluation results
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Logistic Regression Performance Comparison Insufficient_Weight 0.95 1.00 0.97 53
Normal_Weight 0.84 0.82 0.83 57
Obesity_Type_| 0.92 0.93 0.92 70
Obesity_Type_lII 0.94 1.00 0.97 60
. Obesity Type_Ill 0.98 0.98 0.98 65
§ Overweight_Level_| 0.80 0.80 0.80 55
Overweight_Level_II 0.82 0.72 0.77 58
accuracy 0.90 418
macro avg 0.89 0.89 0.89 418
o I e weighted avg 089 090 090 418
ﬁasca““e 63,,9,\'\“?' . P\O\a“o‘\ m\a\'@“ ’

e Ablation Logistic Regression (Without Weight and Height

Figure 3. Comparison results of the LR baseline vs ablation evaluation Features)
After removing the Weight and Height features,
classification errors increase significantly. The Confusion
Confusion Matrix LR - Full Features Matrix shows that many samples from the
o 60 Normal_Weight, Overweight_Level I, and
Overweight_Level Il classes were incorrectly predicted
as other obesity classes. The Overweight_Level Il class
showed the most significant performance decrease, with a
recall of only 0.09, indicating that nearly all data in this
0 class was not correctly detected. Figure 5 and Tables 7 and

8 below show these results.

0

0 0 0 0

Actual
w

Confusion Matrix LR - Without Weight & Height

4 0 60
20 o
5 5]
4 50
10
6 0 3 6 1 0 6
. . & 40
0 1 2 3 4 5 6 0
Predicted _
Figure 4. Confusion matrix LR baseline all features § : L 30
0
Table 5. Results Table for Each Baseline LR Label 20
5 0 8 8 13 0 24 2
Table of Results for Each Label 1o
TP FP FN TN 6 3 2 20 20 2 6 5
Insufficient_Weight 53 3 0 362 . ‘ : ; , . .
0 1 2 3 4 5 6 —0
Normal_Weight 47 9 10 352 Predicted
Obesity_Type_| 65 6 5 342 Figure 5. Confusion matrix LR ablation (without weight and height)
Obesity_Type_ll 60 4 0 354
. Table 7. Results Table for Each Ablation (without Weight and Height
Obesity_Type_lII 64 1 1 352 Features) LR Label
Overweight_Level_| 44 11 11 352
] Table of Results for Each Label
Overweight_Level_II 42 9 16 351 TP = EN ™
Insufficient_Weight 36 21 17 344
Table 6. Table LR Baseline Classification Report
Normal_Weight 27 18 30 343
Table Classification Report Obesity_Type_| 54 42 16 306
precision  recall fl-score support .
Obesity_Type_lI 52 47 8 311

EY MG RO
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Obesity_Type_IlI 64 3 1 350 Random Forest Performance Comparison
Overweight_Level_|I 24 15 31 348
Overweight_Level_II 5 10 53 350

Table 8. Table LR Ablation Classification Report

Score

Table Classification Report
precision  recall  fl- score support

Insufficient_Weight 0.63 0.68 0.65 53
Normal_Weight 0.60 0.47 0.53 57
Obesity_Type_| 0.56 0.77 0.65 70
Obesity_Type_lI 0.53 0.87 0.65 60 ’%3\%" &L@’c‘ ‘Ba\:«* ‘,\bc‘o"\'
e - (y) .
Obesity_Type_lIl 0.96 0.98 0.97 65 o @52\«@ 2 ?p\auﬂ(\
Overweight_Level_|I 0.62 0.44 0.51 55 . . . . .
Figure 7. Comparison results of baseline vs ablation evaluation
Overweight_Level_lI 0.33 0.09 0.14 58
Confusion Matrix RF - Full Features
accuracy 0.63 418
3 0 0 0 0 60
macro avg 0.60 0.61 0.59 418
weighted avg 0.61 0.63 0.60 418 -
3.3  Model Random Forest a0
In the baseline scenario, the model achieved a Balanced -
Accuracy of 0.901 and a Macro F1-score of 0.902, indicating g -
excellent performance in identifying classes. In contrast, in
the ablation scenario without the weight and height features,
the model only achieved a Balanced Accuracy of 0.743 and a 20
Macro F1-score of 0.739. Comparing the results between the
two scenarios shows a decrease in Balanced Accuracy of
around 15.8% and a decrease in Macro F1-score of around 10
16.3% after the weight and height features were removed.
These results are shown in Figures 6 and 7. L L,
i Predicted
* Baseline .R.and.om Forest . Figure 8. Confusion matrix RF all features
Classification results were quite stable across most
obesity classes, with high precision, recall, and F1-score
values. This indicates that the model can accurately Table 9. Results Table for Each Baseline RE Label
distinguish extreme categories when anthropometric data able 9. Results Table for Each Baseline RF Labe
is available. Figure 8 and Tables 9 and 10 show these Table of Results for Each Label
results.
TP FP FN TN
Insufficient_Weight 50 0 3 365
RF Baseline Normal_Weight 48 15 9 346
Balanced Accuracy: ©.9011560987820765 .
Macro F1: ©.9021495439344545 Obesity_Type._| 65 1 5 347
Obesity_Type_II 60 2 0 356
RF Ablation Obesity_Type_III 64 0 1 353
Balanced Accuracy: ©.74308881568532 ]
Macro F1: ©.7393954567432368 Overweight Level I 43 7 12 356
Overweight_Level_II 48 15 10 345

Figure 6. Random Forest model evaluation results
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e Ablation Random Forest (Without Weight and Height
Features)

The performance decline was most pronounced in the
Normal Weight, Overweight Level I, and Overweight
Level Il classes. In the ablation scenario, the recall rate for
the Overweight Level 11 category dropped sharply to 0.41,
while the recall rate for the Overweight Level | category
dropped to 0.60. This indicates that the model has
increased difficulty distinguishing between similar
obesity levels when anthropometric data is missing.
Figure 9 and Tables 11 and 12 demonstrate these results.

Table 10. Table RF Baseline Classification Report

Table Classification Report

precision  recall f1, score support
Insufficient_Weight 1.00 0.94 0.97 53
Normal_Weight 0.76 0.84 0.80 57
Obesity_Type_| 0.98 0.93 0.96 70
Obesity_Type_lI 0.97 1.00 0.98 60
Obesity_Type_lII 1.00 0.98 0.99 65
Overweight_Level_|I 0.86 0.78 0.82 55
Overweight_Level_lII 0.76 0.83 0.79 58
accuracy 0.90 418
macro avg 0.91 0.90 0.90 418
weighted avg 0.91 0.90 0.91 418
Confusion Matrix RF - Without Weight & Height

60
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= 40
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Figure 9. Confusion matrix RF ablation (without weight and height)
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The confusion matrix shows that the majority of
prediction errors occur between Normal Weight,
Overweight Level I, and Overweight Level Il. This pattern
suggests that without the feature that forms BMI, the
boundaries between the classes become less clear.
However, performance in the Type Il Obesity
category remained quite consistent, with the F1-score
remaining around 0.98. These results indicate that obesity
classes can still be identified through a combination of
behavioral and lifestyle factors, although not as accurately
as when anthropometric features are applied. This
strengthens the hypothesis that behavioral traits in the
severe obesity category tend to be more stable and easier
for the model to understand.

3.4  Classification Results Without Weight Features using

Logistic Regression

In the scenario where the Weight feature was removed,
the Logistic Regression model produced a Balanced
Accuracy of 0.622 and a Macro Fl-score of 0.598. The
evaluation results can be seen in Figures 10 and 11.

Based on the class-based assessment results, Obesity
Type I performed best with a precision level of 0.96, a recall
of 0.98, and an F1-Score of 0.97. This indicates that the
majority of data in the extreme obesity class can be identified
well, even without weight information.

3.5  Classification Results without Weight Features using

Random Forest

The Random Forest model achieved a Balanced Accuracy
of 0.787 and a Macro F1-score of 0.784. These figures
indicate that Random Forest does not rely entirely on the
Weight feature in performing multi-class classification for
obesity. Compared to Logistic Regression, Random Forest
demonstrated more consistent performance.

Table 11. Results Table for Each Ablation RF Label

Table of Results for Each Label

TP FP FN TN
Insufficient_Weight 40 8 13 357
Normal_Weight 39 19 18 342
Obesity_Type_| 57 30 13 318
Obesity_Type_lI 57 23 3 335
Obesity_Type_Ill 64 1 1 352
Overweight_Level_|I 33 9 22 354
Overweight_Level_II 24 14 34 346
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Table 12. Table RF Ablation Classification Report

Table Classification Report

precision  recall fl-score support
Insufficient_Weight 0.83 0.75 0.79 53
Normal_Weight 0.67 0.68 0.68 57
Obesity_Type_| 0.66 0.81 0.73 70
Obesity_Type_lI 0.71 0.95 0.81 60
Obesity_Type_lll 0.98 0.98 0.98 65
Overweight_Level_| 0.79 0.60 0.68 55
Overweight_Level_lI 0.63 0.41 0.50 58
accuracy 0.75 418
macro avg 0.75 0.74 0.74 418
weighted avg 0.75 0.75 0.74 418

Balanced Accuracy: 0.6223112636463027
Macro F1l: ©.5980932078041304

Figure 10. LR model evaluation results (without weight features)

E\iaoluation Metrics - Logistic Regression (Without Weight)

0.8 A

0.622

0.598

0.6 1

Score

0.4

0.2 1

0.0-

Balanced Accuracy Macro F1

Comparison results of LR evaluation without weight

These findings support the results of ablation studies,
which showed that Random Forest is more robust to the
removal of key features than Logistic Regression. These
results can be seen in Figures 13 and 14. The Insufficient
Weight, Obesity Type Il, and Obesity Type I1 classes showed
quite high levels of prediction, with recall values reaching
0.85, 0.97, and 0.98, respectively. This indicates that extreme
classes can still be identified or recognized well even without
weight data. Figure 15 and Tables 15 and 16 demonstrate
these results.
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Logistic Regression - Without Weight

Insufficient_Weight 7 5 3 0 2 0 60

Normal_weight { 12 30 6 2 0 3 4 0
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Overweight_Level_Il 4

Predicted Label

Figure 11.  Confusion Matrix without weight feature

In contrast, the Overweight Level Il class recorded the
lowest results with a precision of 0.38, a recall of 0.10, and an
Fl-score of 0.16. Overall, the Macro F1-score of 0.60
indicates that Logistic Regression relies heavily on the
Weight feature to distinguish between adjacent obesity
classes. Figure 12 and Tables 13 and 14 demonstrate these
results.

Table 13. Results Table for Each LR (without Weight Feature) Label

Table of Results for Each Label

TP FP FN TN
Insufficient_Weight 36 20 17 345
Normal_Weight 30 19 27 342
Obesity_Type_| 52 47 18 301
Obesity_Type_lI 53 43 7 315
Obesity_Type_llI 64 3 1 350
Overweight_Level | 24 11 31 352
Overweight_Level_II 6 10 52 350

An interesting observation is seen in the Type Il Obesity
category, where the classification results remain very stable
with an F1-score of around 0.98, even when the Weight and
Height features are removed. This finding indicates that the
Random Forest model can still identify this class by
leveraging other attributes in the dataset.

One possible explanation is that individuals in the Type
111 Obesity category exhibit stronger patterns in lifestyle,
related variables such as diet, physical activity levels, or other
behavioral indicators. As a non-linear model, Random Forest
can capture the complex interactions between these variables,
allowing the model to maintain high levels of predictive
accuracy even when key anthropometric features are
removed.
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Table 14. Table LR (without Weight Feature) Classification Report Table 15. Results Table for Each RF (without Weight Feature) Label
Table Classification Report ma Table of Results for Each Label
precision  recall fl-score support TP FP FN TN

Insufficient_Weight 0.64 0.68 0.66 53 Insufficient_Weight 45 8 8 357
Normal_Weight 0.61 0.53 0.57 57 Normal_Weight 40 20 17 341
Obesity_Type_| 0.53 0.74 0.62 70 Obesity Type_| 61 24 9 324
Obesity_Type_ll 0.55 0.88 0.68 60 Obesity_Type_lI 58 19 2 339
Obesity_Type_lIl 0.96 0.98 0.97 65 Obesity Type_Ill 64 1 1 352
Overweight_Level | 0.69 0.44 0.53 55 Overweight_Level_| 35 8 20 355
Overweight_Level_lI 0.38 0.10 0.16 58 Overweight_Level_Il 29 6 29 354

The results of this study indicate that the severely obese

accurac 0.63 418 . . . . .
y class may have specific habits or physical traits that can still
macro avg 0.62 0.62 0.60 418 be identified even when key body measurements are
weighted avg 062 063 0.60 218 removed. This observation further strengthens the hypothesis
that non-linear models likely rely more on complex
interrelationships between features than on a single dominant
Balanced Accuracy: ©.7871264641161081 anthropometric variable. Table 16 below demonstrates these
Macro F1l: ©.7841694861535091 results.

Figure 12. RF model evaluation results (without weight features)

3.6  Classification Results Without Height Feature using
Logistic Regression

LEvaluation Metrics - Random Forest (Without Weight) This subsection shows the results of the classification
model performance assessment, with ablation that does not
0o 0.787 0784 use the Height feature. The model obtained a Balanced
‘ Accuracy of 0.831 and a Macro F1-score of 0.828, which
indicates that the ability to classify remains fairly balanced
L across all classes.
& When compared to ablation without the Weight feature,
047 the degradation without the Height feature appears milder,
indicating that the Height feature plays a smaller role in the
0.2 Logistic Regression classification. These results can be seen
in Figures 16 and 17.
0.0 The  highest performance occurred in the
Balanced Accuracy Macro F1 Obesity Type_IIl and Obesity Type Il categories, with
recall values reaching 0.98 and 0.98, respectively, and F1-
Figure 13. Comparison results of RF evaluation without weight scores of 0.99 and 0.94.

On the other hand, the performance decline is more
pronounced in the Overweight_Level_II class, which has the

Random Forest - Without Weight lowest recall of 0.53, indicating that nearly half of the samples
nsufficien el 5 o 2 o 1 o H H H H H H H H
meutmicient_weight ﬂ ° in this class are still miscategorized into similar classes.
Normal_weight 1 3 50 Figure 18 and Tables 17 and 18 show these results.
_ Obesity_Type_| 4 o 40
5 ovesityypei] O " Table 16. Random Forest Table (without Weight feature) Classification
2 Report
Obesity_Type_ m{ ©
20
Overweight_Level I { 4 o Table Classification Report
Overweight_Level_l1 { 1 precision recall f1, score support
T T o
& -\“AQQ\’J."*QJ & &Qe‘? Insufficient_Weight 0.85 0.85 0.85 53
&7 B ST ST e \(‘«,, &
& ¢ Normal_Weight 0.67 0.70 0.68 57
<® o
Predicted Label Obesity Type_| 0.72 0.87 0.79 70
Figure 14. Confusion matrix RF (no weight) Obesity_Type_II 0.75 0.97 0.85 60
Obesity_Type_Ill 0.98 0.98 0.98 65
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Overweight_Level_| 0.81 0.64 0.71 55
Overweight_Level_lII 0.83 0.50 0.62 58
accuracy 0.79 418
macro avg 0.80 0.79 0.78 418
weighted avg 0.80 0.79 0.79 418

Balanced Accuracy: 0.83129081236091612
Macro F1: ©.82783408241215292

Figure 15. LR model evaluation results (without height feature)

E\lr%luat\on Metrics - Logistic Regression (Without Height)
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Figure 16. Comparison results of the LR evaluation without height
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Figure 17. Confusion matrix model LR (without height feature)

Table 17. Results Table for Each LR (without Height Feature) Label

Table of Results for Each Label

TP FP FN N
Insufficient_Weight 49 5 4 360
Normal_Weight 45 14 12 347
Obesity_Type_| 60 14 10 334
Obesity_Type_lI 59 6 1 352
Obesity_Type_llI 64 0 1 353
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Overweight_Level_|I 41 17 14 346

Overweight_Level_II 31 13 27 347

3.7  Classification Results without Height Feature using

Random Forest

The Random Forest model still performed well, with a
Balanced Accuracy value of 0.87 and a Macro F1-score of
0.87. These figures indicate that the model can maintain
equivalent performance across all categories.

Compared to Logistic Regression, Random Forest yields
better evaluation scores, indicating a greater ability to capture
non-linear relationships among non-anthropometric features.
These results indicate that the influence of the Height feature
on Random Forest performance is relatively small, and the
model can still efficiently distinguish obesity categories using
a combination of other features. These results are shown in
Figures 19 and 20.

Table 18. Table LR (without Height feature) Classification Report

Table Classification Report

precision  recall fl-score support
Insufficient_Weight 0.91 0.92 0.92 53
Normal_Weight 0.76 0.79 0.78 57
Obesity_Type_| 0.81 0.86 0.83 70
Obesity_Type_lII 0.91 0.98 0.94 60
Obesity_Type_llI 1.00 0.98 0.99 65
Overweight_Level_|I 0.71 0.75 0.73 55
Overweight_Level_II 0.70 0.53 0.61 58
accuracy 0.83 418
macro avg 0.83 0.83 0.83 418
weighted avg 0.83 0.83 0.83 418

Balanced Accuracy: ©.8732451885014489
Macro F1l: ©.873244284515677

Figure 18. RF model evaluation results (without height feature)
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Figure 19. Comparison results of RF evaluation without height
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Based on the confusion matrix and per-class analysis, it
shows consistent performance with an accuracy of 0.88 and a
macro F1-score of 0.87. However, errors occur in adjacent
classes, particularly Normal_Weight, Overweight_Level I,
and Overweight_Level_Il. The Normal_Weight class has a
recall of 0.82, indicating that some samples are still confused
with the overweight class. On the other hand,
Overweight_Level Il shows the lowest results with a
precision of 0.72 and a recall of 0.71, meaning samples in this
class are incorrectly classified into neighboring classes such
as Overweight Level | and Obesity Type I. Overall, this
error pattern indicates that removing the Height feature
affects the separation of the overweight class, but does not
significantly reduce the model's ability to detect the extreme
obesity class, as seen from the macro F1-score value, which
remains high. Figure 21 and Tables 19 and 20 below show
these results.

Confusion Matrix - Random Forest (Without Height

True Label

5 .
0 1 2 3 4 5 6
Predicted Label

Figure 20. Confusion matrix model RF (without height feature)

Table 19. Results Table for Each LR (without Height Feature) Label

Table of Results for Each Label

TP FP FN N
Insufficient_Weight 50 1 3 364
Normal_Weight 47 15 10 346
Obesity_Type_|I 61 7 9 341
Obesity_Type_lI 60 4 0 355
Obesity_Type_llI 64 0 1 353
Overweight_Level_| 43 10 12 353
Overweight_Level_II 41 16 17 344

Table 20. Table RF (without Height feature) Classification Report

Table Classification Report
recall fl-score

0.94 0.96

precision
0.98

support
53

Insufficient_Weight
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Normal_Weight 0.76 0.82 0.79 57
Obesity_Type_| 0.90 0.87 0.88 70
Obesity_Type_lI 0.95 1.00 0.98 60
Obesity_Type_lIlI 1.00 0.98 0.99 65
Overweight_Level_|I 0.81 0.78 0.80 55
Overweight_Level_Il 0.72 0.71 0.71 58
accuracy 0.88 418
macro avg 0.87 0.87 0.87 418
weighted avg 0.88 0.88 0.88 418

4 CONCLUSION

This study examines the extent to which obesity
classification models are model-dependent and robust to
anthropometric features, particularly Weight and Height,
using a systematic ablation study using Logistic Regression
and Random Forest. The results of the experiment show that
the baseline model's high performance is significantly
influenced by the presence of Weight and Height features, as
evidenced by a marked decrease in performance when both
features are removed. Logistic Regression performance
experienced a more drastic decline, indicating a strong
dependence on the linear relationship  between
anthropometric features and obesity categories, while
Random Forest showed better survival while maintaining
fairly good performance using only behavioral and lifestyle
features. The Partial Ablation Study also showed that the
Weight feature contributed more than the Height feature, so
it can be concluded that the Weight feature is the primary
source of information indirectly describing BMI. Error
analysis shows that most misclassification errors occur within
clinically adjacent classes, such as between normal weight
and overweight, while the extreme obesity class remains
relatively stable even without anthropometric features. This
finding confirms that many obesity classification models
achieve high performance through the use of BMI proxies,
rather than solely based on a comprehensive understanding of
behavioral patterns. Thus, this study fills an important gap in
the literature by emphasizing the need for robustness
evaluation and analysis of model dependability and feature
robustness, beyond conventional performance metrics. The
proposed ablation-based evaluation framework can serve as a
practical approach for assessing feature bias and improving
the reliability of machine learning models in healthcare
contexts.
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