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Abstract: Obesity is an escalating global health concern, with unhealthy lifestyle patterns
contributing significantly to its development. This study aims to evaluate and compare three
clustering techniques for categorizing lifestyle patterns and obesity-related factors: K-Means,
Agglomerative Clustering, and Gaussian Mixture Model (GMM). The data used in this study is
sourced from the Food Nutrition dataset, which includes variables such as dietary habits,
physical activity, and socio-economic status. The three clustering methods were assessed using
evaluation metrics such as Silhouette Score, Davies-Bouldin Index (DBI), and Calinski-
Harabasz Index (CHI). The findings revealed that K-Means exhibited the best performance in
terms of cluster separation with a Silhouette Score of 0.5559, while GMM showed better
flexibility in handling more complex data. Although Agglomerative Clustering produced
acceptable results, it had a higher overlap between clusters compared to the other methods. This
study offers valuable insights into selecting the most appropriate clustering technique based on
the data characteristics.
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Abstrak: Obesitas menjadi masalah kesehatan yang semakin meningkat di seluruh dunia,
dengan pola hidup yang tidak sehat berperan besar dalam perkembangannya. Penelitian ini
bertujuan untuk membandingkan tiga metode clustering dalam mengelompokkan pola gaya
hidup dan faktor yang memengaruhi obesitas, yaitu K-Means, Agglomerative Clustering, dan
Gaussian Mixture Model (GMM). Data yang digunakan diperoleh dari dataset Food Nutrition
yang mencakup informasi terkait pola makan, aktivitas fisik, serta faktor sosial-ekonomi. Ketiga
metode tersebut diuji dengan menggunakan beberapa metrik evaluasi, seperti Silhouette Score,
Davies-Bouldin Index (DBI), dan Calinski-Harabasz Index (CHI). Hasil penelitian
menunjukkan bahwa K-Means memiliki kinerja terbaik dalam hal pemisahan klaster, dengan
nilai Silhouette Score sebesar 0.5559, sementara GMM lebih fleksibel dalam menangani data
yang lebih kompleks. Meskipun Agglomerative Clustering memberikan hasil yang dapat
diterima, tumpang tindih antar klaster lebih besar dibandingkan dengan kedua metode lainnya.
Penelitian ini memberikan pemahaman yang lebih baik mengenai pemilihan metode clustering
yang tepat berdasarkan karakteristik data yang digunakan.

Kata kunci: agglomerative; clustering; GMM,; k-means; obesitas; pola gaya hidup

INTRODUCTION factors [2]. These factors are further

exacerbated by irregular lifestyles, which

Obesity is a growing health can affect long-term  health  [3].

problem in various countries, including Therefore, it is important to analyze

Indonesia [1]. causes of obesity relate to lifestyle patterns associated with obesity,

unhealthy eating patterns, lack of as this can provide a clearer picture of its
physical activity, and socio-economic contributing factors.
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A commonly used method in data
analysis is clustering, which is used to
group data based on the similarity of
existing features [4]. Clustering
techniques enable researchers to uncover
hidden patterns within large and complex
datasets, such as those found in lifestyles
and eating habits related to obesity [5].

By applying clustering  techniques,
important patterns can be identified that
provide insights into the underlying

causes of obesity, which can then serve
as a foundation for more targeted health
interventions  [6]. Moreover, previous
research has indicated that analyzing
lifestyle patterns can play a key role in
the creation of more effective public
health programs [7].

This study focuses on Comparing
Clustering Models for Grouping Lifestyle
Patterns and Obesity Factors using three
of the most commonly used methods:
KMeans, Agglomerative Clustering, and
Gaussian Mixture Model (GMM). Each
of these methods has its own advantages
and disadvantages in clustering data with
specific characteristics [8]. For instance,
KMeans is often used for its simplicity in
implementation and computational
efficiency, while Agglomerative Cluste
ring is more suitable for analyses with
complex  hierarchical  structures  [9].
GMM, on the other hand, provides a
more flexible probabilistic approach and
can handle more varied and unstructured
data [4].

Previously, various studies have
been conducted using clustering methods
to identify lifestyle patterns related to
obesity. For example, KMeans is often
chosen for its simplicity in implemen
tation and computational efficiency [7].
Meanwhile, Agglomerative Clustering is
more suitable for analyses with hierar
chical structures, and GMM provides a
more flexible probabilistic approach [3].
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These methods have also been used to
analyze various other health phenomena
related to eating habits and physical
activity [10]. ]. However, even though
many studies have used these methods,
few have compared their performance in
the context of grouping lifestyles
associated with obesity [4].

The objective of this study is to
assess and compare the effectiveness of
three clustering models using evaluation
metrics such as the Silhouette Score,
Davies-Bouldin ~ Index  (DBI), and
Calinski-Harabasz Index (CHI). Through
this comparison, the goal is to identify
the most suitable model for classifying
data related to lifestyle patterns and
obesity, as well as to offer
recommendations for the best approach
for future analysis [6]. This research will
also consider the role of socio-economic
factors in determining obesity patterns
among different populations, which has
been a major topic in previous obesity-
related studies [11].

METHOD

This study uses a quantitative
approach  with  clustering  analysis
methods to classify lifestyle patterns

related to obesity. The data used in this
research is obtained from the Food
Nutrition Dataset available on Kaggle
[12]. The analysis is carried out using
three popular clustering methods, namely
K-means, Agglomerative Clustering, and
Gaussian Mixture Model (GMM) [13].
This study aims to evaluate the
performance of each method in grouping
data associated with obesity and lifestyle
patterns.

The data used in this study is
taken from the Food Nutrition Dataset
available on the Kaggle platform. This
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dataset includes various variables related
to eating patterns and physical activity,
which are important in identifying factors
associated with obesity [14]. The varia
bles measured in this dataset include
eating habits, physical activity, and
socio-economic factors. This dataset also
provides additional information related to
age, gender, and anthropometric measu
rements (e.g., weight and height), which
can be used to calculate body mass index
(BMI) and analyze the relationship betw
een lifestyle and obesity [15].

K-means Method

K-means is a widely used
clustering algorithm that groups data into
K clusters based on their distance from
the cluster centroids. The process for
applying K-means is as follows:

1. Decide on the number of clusters
(K) to be formed.

2. Randomly select K points to serve
as the initial centroids.

3. Assign each data point to the
closest centroid by calculating the
Euclidean distance between the
data point and the centroid.

4. Update the centroid by computing
the average of all data points
within the cluster.

5. Continue repeating steps 3 and 4
until the centroids stabilize and no
longer change.

The formula for calculating the
Euclidean distance between two points x
and y is [16]:

d(x,y) = \/Z?=1(xi —y)?

1)

Description:

x and y are the two data points whose
distance will be calculated;

n is the number of features or dimensions
in the data;

x;and y; is the value of the k-th features
of data point x and y;d(x,y) is Eucli
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dean distance between the two data
points x and y, which is used to deter
mine the proximity of data in feature
space.

Where x; and vy; represent the
values of the p-th feature at data points x
and y. The goal of the K-means objective
function is to reduce the total squared
distance between the data points and their
corresponding cluster centroids [16]:

J= Ilezxjeci”xj_”i” ‘O

Where |4 is the centroid of cluster
Ci.

Description:

J is the value of the K-means objective
function to be minimized;

K is the number of clusters selected.

C; is the-i cluster;

x; € C; indicates that data belongs to
Cluster C;;

y; is the center of the-i cluster, calculated
as the average of all data in that cluster;

Il x;—p; I* is the squared distance
betwee data x;and the cluster center w;.

Agglomerative Clustering Method

Agglomerative  Clustering is a
hierarchical  clustering  technique  that
progressively combines data points into
clusters. Initially, each data point is
treated as its own cluster, and then the
most  similar  clusters are  merged
together. In each iteration, the distance
between two clusters is computed using a
distance measure, such as single linkage,
complete linkage, or average linkage.
The formula for calculating the distance
between two clusters C; and Cj in the
single linkage method is [17]:

d(Ci, Cj) = minxeciyecj lx — vl

o @)
Description:
d(C;,C;) is the distance between two
clusters C; and C;;
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x € C; indicates that is an element x in
cluster C;, and y € C; indicates that is an
element in cluster C;;
llx — yll is the distance between two data
points x and y that are in clusters C;and
C;.
Where x is an element in cluster
C;and C;,and |l x —y Il'is the Euclidean

distance between those elements.

Gaussian Mixture Model (GMM)
Method
The Gaussian Mixture Model

(GMM) is a probabilistic approach that
assumes the data is derived from a
mixture of multiple normal (Gaussian)
distributions. GMM is employed to
identify subgroups within the data and to
cluster the data points based on the
likelihood of their association with each
normal distribution. It represents the data
as a combination of several normal
distributions, characterized by mean p
and covariance X parameters. The
probability density function for GMM is
[18]:

f0) = B mN ((xles2) @)

Description:
f(x) is the probability that the data x
comes from a mixture of normal

distributions;
K is the number of Gaussian components
in the mixture model,
m; is the weight for the th Gaussian
component the-i, indicating the
proportion of data that corresponds to
that component (with ¥X, ; = 1);
N((xlp, =) is the normal Gaussian
distribution function with mean p; and
covariance matrix X;for the-i component;
x is the data for which the distribution
will be predicted.

Where m; is the weight of the i,

and  N(x|p;,X) is the normal
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distribution with mean p;and covariance
%,
Model Evaluation Metrics

Once the clustering is completed,
the effectiveness of each clustering
model is assessed using various metrics,
including the Silhouette Score, Davies-
Bouldin Index (DBI), and Calinski-
Harabasz Index (CHI). These metrics
help to measure how accurately each
method (K-means, Agglomerative
Clustering, GMM) organizes the obesity
data according to the variables in the
Food Nutrition Dataset.

RESULT AND DISCUSSION

In this research, three distinct
clustering techniques K-means,
Agglomerative Clustering, and Gaussian
Mixture Model (GMM) were utilized to
classify lifestyle patterns and factors
associated with obesity. Each method
was evaluated using data that had been
preprocessed. The outcomes from each
method were assessed with the Silhouette
Score, Davies-Bouldin Index (DBI), and
Calinski-Harabasz Index (CHI) metrics.
The subsequent section presents the
results and discussion based on the

application of these three methods.

K-means Clustering Result

In this study, K-means was used
to cluster data related to lifestyle patterns
and obesity. The number of clusters used
was selected using the Elbow Method to
determine the optimal number of clusters.
The clustering results showed that K-
means  successfully  produced three
Clearly separated clusters. The Silhouette
Score obtained was 0.5559, indicating
that K-means provided good cluster
separation and  significant  distinction
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between the clusters formed. The clusters
generated by K-means can be seen in
Figure 1.

KMeans Clustering g (PCA)

o 400
pc1

Figure 1. Visualization of the clustering
results with K-means for three clusters.

illustrates the distribution
three clearly separated

which
of data into
clusters [19].

The evaluation of these results is
in line with previous studies that have
shown K-means to be effective for
clustering data with clear and simple
structures [16]. In terms of processing
efficiency, K-means is faster than the
other methods, making it a suitable
choice for large datasets with a known
number of clusters [12].

Agglomerative Clustering Result

Agglomerative Clustering
produced three clusters similar to K-
means, but the way the clusters were
merged is different. This merging process
is depicted in the dendrogram in Figure
2, which shows how the clusters were
hierarchically —combined.  Agglomerative
Clustering tends to be more sensitive to
relationships between data points, but the
Davies-Bouldin  Index (DBI) obtained
shows that Agglomerative Clustering has
a higher score compared to K-means,
indicating  greater  overlap  between
clusters. ~ This  suggests that  while
Agglomerative Clustering is effective for
hierarchical grouping, it is more prone to
overlapping clusters compared to K-
means [20].
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Agglomerative Clustering (PCA)

) 200
rC1

Figure 2. Dendrogram of cluster merging
in Agglomerative Clustering.
Gaussian Mixture Model

Result

The Gaussian Mixture Model
(GMM) method was applied by selecting
three Gaussian components using the
Bayesian Information Criterion (BIC) to

(GMM)

determine  the optimal number of
components. GMM, as a probabilistic
method, is more flexible in clustering

data that are not distributed spherically.
The GMM results showed a Log-
Likelihood of 3500, which is lower
compared to K-means and
Agglomerative, but suggests that this
model is better at handling complex data
distributions [21].

GMM Clustering (PCA)

-600 -400 -200 0 200 400
rC1

Figure 3. Visualization of clustering
results using Gaussian Mixture Model
(GMM) on the obesity data.

These results are consistent with
previous research showing that GMM
excels at handling data with non-
spherical  distributions and  provides
smoother and more flexible cluster
separation [8]. Even though the Log-
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Likelihood is lower, GMM offers
advantages in dealing with more complex
data [5].

Evaluation of Clustering Results
Table 1 shows the evaluation
results of the Silhouette Score, Davies-
Bouldin Index (DBI), and Calinski-
Harabasz Index (CHI) metrics for each
clustering method applied.
Table 1. Clustering Result Evaluation

evaluation of results

metrics
Method -
Silouette pp CHI
KM eans 0.547 19724.153
0.5559 6 2
Agglomerative 0'5111 1819; 187
0.5355
0.538 19511.170
GMM 0.5595 1 7

Based on the evaluation results,
K-means demonstrated better perform
ance in terms of cluster separation and
clustering quality according to the
Silhouette Score and DBI. Although
GMM performed better at handling more
complex distributions, K-means was
more efficient in processing time for data
with a clear cluster structure [22].
Agglomerative  Clustering gave acce
ptable results but showed higher overlap
between clusters compared to K-means
and GMM, especially in terms of more
overlapping  cluster  separation,  as
reflected in its higher DBI score.

CONCLUSION

his study aims to compare three
clustering methods, namely K-means,
Agglomerative Clustering, and Gaussian
Mixture Model (GMM), in grouping
lifestyle patterns and obesity factors.
Based on evaluation results using the
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Silhouette Score, Davies-Bouldin Index
(DBI), and Calinski-Harabasz  Index
(CHI) metrics, the following conclusions
can be drawn:

K-means produces fairly good
cluster separation with a Silhouette Score
of 0.5559, although it is less effective in
handling data with complex distributions
or data that are not spherically structured.
This method offers efficient processing
time and is suitable for datasets with
clearly structured clusters. This research
provides important insights into selecting
the  appropriate  clustering  method,
depending on the characteristics of the
data used. GMM is more recommended
for data with complex distributions,
while K-means can be considered for
applications  requiring  efficiency and
speed, particularly for data with clearer
and simpler structures [6].

Agglomerative  Clustering  shows
lower performance with a Silhouette
Score of 0.5355. Nevertheless, this

method has the advantage of hierarchical
analysis, but it is unable to produce
optimal cluster separation compared to
K-means and GMM [9].

Gaussian Mixture Model (GMM)
shows the best results with a Silhouette
Score of 0.5595. GMM is more flexible
in grouping data with complex and non-
spherical distributions. This makes it the
most superior choice in terms of the
quality of the resulting clusters, although

it requires longer processing time
compared to K-means [23].
Owveral, GMM is a superior

method for handling more complex data
with  non-spherical  distributions. K-
means, though more time-efficient,
remains a good choice for simpler and
more structured datasets. On the other
hand, Agglomerative Clustering, despite
being useful for hierarchy-based analysis,
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has limitations in cluster separation
compared to the other two methods.

Given these  results, it is
suggested that future studies investigate
alternative  clustering  techniques, like
DBSCAN or Fuzzy C-means, which are
capable of managing data with irregular
distributions and do not necessitate
specifying the number of clusters in
advance. Additionally, applying
dimensionality reduction methods such
as PCA or t-SNE is recommended to
enhance the efficiency of processing data
with high dimensions.

In addition, to enhance the
validity of the results, subsequent
experiments can involve larger and more
diverse datasets, as well as consider
variations in data collection. Further
research can also explore the use of
ensemble methods that combine various
clustering algorithms to produce more
robust results and reduce dependence on
a single method.
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