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Abstract: With increasing rates of obesity and being underweight, proper classification of types of weights has
emerged as a very serious matter of public health. Here, data science techniques are applied to investigate and
analyze a real dataset on demographic and physical attributes such as age, gender, height, weight, and body
mass index (BMI). The objective is to construct a robust classification model to accurately identify an individ-
ual’s weight class —underweight, normal weight, overweight, or obese —from the k-Nearest Neighbors (k-NN)
algorithm. The sample set of 110 examples with six features creates challenges with the asymmetrical distribu-
tion of the weight classes, predominantly the preponderance of underweight patients. The research aims to not
only gain accurate classification but also to establish the most meaningful factors contributing to weight clas-
sification. By assessing the performance of the k-NN model, the research measures its ability to answer classi-
fication issues based on health and aims to optimize it. The results yield knowledge of the viability of data
science in healthcare decision-making, i.e., formulation of targeted health interventions.
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1. Introduction

Obesity and underweight are global health problems, disabling millions of individuals and
threatening to develop various chronic diseases such as diabetes, cardiovascular disease, and disor-
ders related to malnutrition. Accurate weighting of individuals into an appropriate category is essen-
tial to create effective public health policy and tailored healthcare interventions. Data science and
machine learning provide strong tools to model health-related data, detect patterns, and enhance
decision-making [1-2].

The task of work in this project is to work on building a classification model based on the k-
Nearest Neighbors (k-NN) algorithm in order to make predictions for weight categories using demo-
graphic and physical traits. The data utilized in this project is composed of 110 samples with six
features like age, gender, height, weight, and BMI that were collected from sources ranging from
surveys to clinical records to self-reported[3-6]. The labels used for classification are four classes: un-
derweight, normal weight, overweight, and obese. One of the big challenges with this analysis is the
highly skewed distribution weight category, with a much higher proportion of underweight cases,
which can influence the performance of models[7-12].

The k-NN model is chosen due to its simplicity to use, efficiency, and interpretable nature as a
classification strategy. It predicts the class for new instances based on the majority class of their neigh-
bors, which is a significant algorithm for health-oriented applications where there exists immense
need for pattern recognition[13-18]. In addition to achieving accurate categorization, this study pur-
ports to establish which characteristics are most prevalent in weight categorization, such as BMI or
weight, and can be applied in understanding patterns of health and risk factors[19-20].

Moreover, this research compares the effectiveness and performance of the k-NN algorithm in
weight classification problems. Through comparison, the research provides information on how it
could be enhanced as well as other ways that can enhance classification. Generally, the findings con-
tribute to the growing body of health data science, demonstrating how machine learning can be uti-
lized to advance decision-making in healthcare and the development of targeted health interven-
tions[21-22].
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2. Dataset Description

This study uses a dataset containing information regarding the classification of obesity among
individuals. The dataset was combined from various sources like medical records, questionnaires,
and self-reported data, to provide a mixed set of inputs[23-25]. It contains 110 samples and six fea-
tures: demographic features like age and gender, and body measurements like height, weight, and
BMLI. Each individual in the dataset is assigned a unique identifier (ID), which preserves data integrity
while allowing for proper analysis. The primary goal of this dataset is to allow people to be classified
into four weight groups: underweight, normal weight, overweight, and obese.

The dataset holds both numerical and categorical features, both of which are very important for
classification. The quantitative features are classified as continuous variables such as BMI, weight,
and height and discrete variables such as ID and age. The features can be analyzed statistically and
plotted using histograms, boxplots, and scatter plots[26]. But the categorical features are gender
(nominal) and the label for obesity classification (ordinal). Since categorical variables never hold any
inherent numerical relationships, encoding techniques are typically employed to condition them for
machine learning algorithms.

One of the advantages of this dataset is that it is of high quality. It is already pre-cleaned, without
missing values or duplicates[27]. The data is also well-structured, and the structure is consistent,
making it ready for analysis without additional preprocessing. While there are outliers, as identified
using boxplot visualizations, they do not significantly affect the performance of the model. The label
groups follow a right-skewed normal distribution with increasingly decreasing skewness from "Nor-
mal Weight’ to "Obese.” This suggests a natural bias in the data that follows expected real-world dis-
tributions of weight categories[28-30].

The dataset has been updated over the last two years, and as such, it will be suitable for use in
today’s applications. The dataset was acquired from secondary data sources, including reliable online
platforms and recognized authors or compilers. The dataset also provides a level of balanced distri-
bution between both genders across the four weight categories, allowing for unbiased analysis and
model development.

Ethical Considerations

This dataset was collected from secondary sources such as medical records, questionnaires, and
self-reported data. The data has been pre-processed to make it accurate and convenient. Since it has
been collected from public sources and just for research and educational purposes only, its usage
comes under fair usage policies and does not violate any ethical codes or privacy rules. No personally
identifiable information (PII) exists, ensuring the anonymity of the subjects. Furthermore, as the da-
taset is an educational tool, it provides an opportunity to explore obesity classification without in-
fringing ethical standards on patient confidentiality and data security.

3. High-Level Statistics

The high-level statistical analysis provides a sense of distribution and most significant trends
within the dataset. A bar chart (Figure 1) illustrates the distribution of each weight category in the
"Label’ variable per age group. The data has a right-skewed distribution, nearing normality. The "Un-
derweight’ category, comprised largely of participants below 30, falls off significantly with age. The
"Normal Weight’ category is symmetrically distributed, peaking between 20-40 years, while the
"Overweight’ category becomes apparent in the late 30s, peaking between 40-60, indicating a trend
of increasing weight with age. The "Obese” category is almost exclusively found in individuals over
40, indicating increasing obesity with age. These trends signify that weight category varies according
to age due to lifestyle and diet, necessitating specialized intervention —obesity prevention in middle-
aged and elderly individuals and undernutrition treatment in the young.


https://doi.org/10.20944/preprints202504.1032.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 April 2025 d0i:10.20944/preprints202504.1032.v1

3 of9

Distribution Of Age With Weights

1 Label

16 [ Normal Weight
[ oOverweight
[ underweight

14 [ Obese

Count

20 40 60 80 100
Age

Figure 1. Age vs Count of each Label.

A box plot (Figure 2) provides information about the distribution of BMI by labels and also iden-
tifies outliers. Underweight individuals have BMI values mostly below 17.5 with more spread and
extreme values towards the lower end. 'Normal Weight’ contains a very small range of BMI (21-24),
showing consistent distribution. The "Overweight’ class is defined by the range of BMI 26-28 with
little variability, whereas the "Obese’ class varies over 30 with high variability. Notably, BMI values
less than 6.7 were identified as extreme outliers, warranting further discussion on the deletion of
outliers in later sections.
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Figure 2. Box plots of BMI vs Label.
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Another bar chart (Figure 3) presents class imbalance, with “"Underweight’ being the dominant
class and 'Obese’ being the least represented. This type of imbalance can be damaging to model per-
formance by favoring the dominant class. To remedy this, methods like oversampling, under-
sampling, or weighted metrics can be employed to balance classification.

Statistical summaries of the dataset, comprising 108 rows and 7 columns, provide important
descriptive statistics. The dataset includes numerical features such as Age, Height, and Weight (as
‘int64’) and BMI (as ‘float64’), and categorical features such as Gender and Label (as ‘object’). There
were no missing values, and summary statistics, which were generated by applying the df.describe()
function, offer valuable information about data distribution. The data is right-skewed, as indicated
in Figures 1 and 2. The mode indicates "Underweight’ as the most prevalent weight status, and "Male’
is the dominant gender. The average BMI is approximately 20.55 and ranges from 3.9 to 37.2. The age
ranges between 11 and 112 years, and the median age is 42.5.

Data preprocessing steps address some significant concerns. There is class imbalance, with 47
instances of ‘Underweight,” 29 of ‘Normal Weight,” 20 of ‘Overweight,” and only 12 instances of
"Obese.” Corrections could be applied, but leaving it as the natural distribution ensures model valid-
ity. Feature scaling and encoding techniques were implemented to improve balance. One-hot encod-
ing for ‘Gender’ and label encoding for "Label” were used for categorical features, with numerical
values ‘Normal Weight’ (0), "Obese’ (1), ‘Overweight’ (2), and "Underweight’ (3) being assigned, re-
spectively. Outliers, i.e., BMI values under 6.7, were identified using medical literature, and hence
six rows were eliminated, with the dataset reducing to 102 records. StandardScaler was used to nor-
malize BMI, Gender, and Height to enable them to contribute equally to the model’s performance.

For model deployment, feature selection preceded correlation analysis, identifying BMI, Gender,
and Height as salient predictive variables. The data were split into 80% training and 20% test for
unbiased evaluation. Model validation employed stratified k-fold cross-validation (k = 5) to preserve
class distribution, averaging at 66.57% accuracy and 10.03% standard deviation. There was antici-
pated variability owing to dataset size and class imbalance. The k-Nearest Neighbors (k-NN) classi-
fier was chosen, using Euclidean distance as the metric, since it could be applied to numerical data.
The model, after training on the data, predicted weight categories for the test set, and model perfor-
mance was tested by comparing predictions with true labels.

Lastly, this strategy details the higher-level statistical processing, preprocessing, feature selec-
tion, training, and evaluation through k-NN classification. The methodology achieves data integrity,
model robustness enhancement, and addresses major challenges such as class imbalance and feature
scaling.

Class Distribution of Labels
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Figure 3. Label vs Count of each Label.

4. Proposed Methodology

The approach proposed is having a step-by-step approach towards data preprocessing, model
development, and validation to determine the accuracy of k-Nearest Neighbors (k-NN) classification
model.

Data Preprocessing and Problems

The class is very imbalanced with “Underweight’ being the most frequent and ‘Obese’ being the
least. The class imbalance could make the model favor underweight cases but not give correct pre-
dictions for overweight and obese cases. Nevertheless, the class distribution would not be reflective
of the true data and is least likely to influence the performance of the model considerably because the
dataset is too small. The data is skewed to the right as can be seen in the bar chart (Figure 1) and the
numerical features are of varying scale, with height having a much greater range than BMI. Feature
scaling through StandardScaler reverses this problem, so that all features contribute equally to model
training.

The categorical variables, "Gender” and ‘Label,” must be encoded. Gender, a nominal variable, is
treated with one-hot encoding via pd.get_dummies(), introducing a binary column for ‘Gen-
der_Male.” ‘Label’ variable, which contains an ordinal order, is encoded via LabelEncoder, giving
numerical values: Normal Weight (0), Obese (1), Overweight (2), and Underweight (3).

Data Preprocessing Steps

Since there are no missing values, imputation is not necessary. If it is necessary, missing numer-
ical values can be imputed using mean or median imputation, and mode can be employed to impute
categorical variables. The 'ID’ column is removed since it does not contribute to model prediction
and increases the dimensionality, hence improving model performance.

Outliers from the BMI column are detected and deleted for data quality in the dataset. A mini-
mum BMI threshold of 6.7, based on medical literature, is set to delete extreme values. Six rows of
BMI values below this threshold are deleted, reducing the dataset from 108 to 102 records. The lowest
BMI after data cleaning is 8.3, reflecting the effective elimination of nonsensical values. Outlier dele-
tion enhances data integrity and prevents biased outcomes in analysis. Feature scaling is accom-
plished by StandardScaler for normalizing features such as BMI, Gender, and Height. This standard-
izes the mean to 0 and variance to 1 so that features with larger scales do not overwhelm the model.
StandardScaler is applied on both tests and training datasets for consistency.

Model Implementation

Feature selection is done based on correlation analysis, and BMI, Gender_Male, and Height are
chosen as the most important predictors. The data is split into 80% training and 20% testing for the
evaluation of model performance. Standard scaling procedure ensures fair feature contribution.
Model validation is done through Stratified k-Fold Cross-Validation (k = 5), with each fold main-
tained at the same class distribution as the original. This efficiently validates the model, particularly
with imbalanced data. When k = 3, the mean accuracy of the k-NN model is 66.57% with a standard
deviation of 10.03%. This kind of variation can be expected given the small size and class imbalance
of the dataset. We chose the k-NN classifier to train the model, using Euclidean distance as the simi-
larity measure. This is an appropriate option given the numerical dataset, in which Euclidean dis-
tance can meaningfully measure feature similarity. StandardScaler facilitates fair distance calcula-
tions by preventing scale-dominated bias. While alternative distance measures are possible, Euclid-
ean distance allows for computational efficiency and interpretability. Predictions are made on models
using the trained k-NN classifier, and performance is evaluated by comparing predicted labels with
actual test labels.

Model Evaluation

Model performance is evaluated with a number of metrics:

Accuracy determines the number of instances correctly predicted as a percentage.

Macro-averaged precision, recall, and F1-score determine performance for all weight categories,
taking into account false positives and false negatives. Confusion Matrix graphs model predictions,
highlighting misclassifications and points of improvement.
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This methodology ensures a rigid process for dataset preprocessing, feature engineering, model

training, and evaluation, maximizing the performance and reliability of the k-NN classification
model.

EE} Accuracy: ©.9523809523809523
Precision (macro): ©.9642857142857143
Recall (macro): 0.9642857142857143
F1-Score (macro): ©.9615384615384616

Confusion Matrix:
[[6 © @ 0]
[ 3 0 0]
[106 0]
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Classification Report:
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Figure 4. Code for Model Evaluation.

conf_matrix = confusion_matrix(y_test, y pred)
print(conf_matrix)

plt.figure(figsize=(8, 6))
sns.heatmap(conf matrix, annot=True, fmt='d’, cmap="Blues’,
xticklabels=1abel encoder.classes , yticklabels=label encoder.classes )
plt.xlabel('Predicted label')
plt.ylabel( ' Tru i
plt.title('Confu
plt.show()

Figure 5. Code for Plotting Confusion Matrix.
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Figure 6. Confusion Matrix Results.
Classification Report:
precision i fl-score  support
.86
.88

1.68
1.88

accuracy

macro avg
weighted avg

Figure 7. Results of Classification Report.

The classification report breaks down the precision, recall, and f1-scores for each class separately:

Class Class Name Remarks

Num-

ber

Class 0 Underweight Slightly lower precision (0.86) due to one instance being
misclassified

Class 1 Normal Weight | Perfect classification

Class 2 Overweight Slightly lower recall (0.86) due to one instance being mis-
classified.

Class 3 Obese Perfect classification

According to the evaluation, the model consistently predicts most instances correctly. Making it
highly reliable for this classification problem.

Conclusion

This paper reports on the successful application of the k-Nearest Neighbors (k-NN) algorithm
for classifying individuals into weight classes from basic physical and demographic data. With
95.24% total accuracy and macro-averaged precision, recall, and F1-measures of over 96%, the model
was highly reliable and reasonably well-balanced in performance for all the classes. Exploratory Data
Analysis (EDA) also revealed BMI as the strongest feature with clear statistical and graphical dis-
crimination across weight classes. Age patterns showed that underweight persons were more com-
mon in younger age groups, while obesity increased with advancing age, reflecting larger population
trends. Gender was less related and had a lesser impact on classification. Strong positive correlation
between BMI and the weight label further illustrated its relevance and adding it along with charac-
teristics like height improved model performance overall. Removal of outliers, particularly extreme
BMI values, enhanced model performance and data integrity. Because of its simplicity and high ac-
curacy, the model has a high potential for application in healthcare settings to support early obesity
or risk of malnutrition detection, enabling preventative intervention. To further improve minority
class classification like “Obese” and “Overweight,” future work may include resampling techniques
and addition of lifestyle, diet, or genetic attributes. Other machine learning methods, including De-
cision Trees or Random Forests, could be applied to solve data imbalance and complexity as well.
Finally, the project demonstrates how easy-to-interpret models like k-NN can provide meaningful
insights into public health when applied to real data.
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