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Abstrak—Understanding the similarities and differences in economic conditions across countries is crucial for various stakeholders.
This research investigates the global economic landscape by clustering countries based on their economic indicators, including
GDP, inflation rate, unemployment rate, and economic growth, spanning the period of 2010 to 2023. This timeframe encompasses
significant global economic events, making it pertinent for analysis. The study employs and compares two prominent clustering
algorithms: K-Means and K-Medoids, to identify groups of countries exhibiting similar economic patterns. Utilizing secondary
data from Kaggle encompassing 19 countries, the research assesses the ability of each algorithm to delineate meaningful economic
clusters. The K-Means algorithm, with a determined optimal number of four clusters, demonstrated a reasonably good cluster
separation and moderate internal cohesion, evidenced by a Silhouette Coefficient of 0.58 and a Davies-Bouldin Index of 0.63. In
contrast, the K-Medoids algorithm yielded a distinct clustering structure with a lower Silhouette Coefficient (0.26) and a higher
Davies-Bouldin Index (1.16), suggesting less distinct cluster separation and potential sensitivity to data characteristics. This
comparative analysis provides insights into the applicability and performance of K-Means and K-Medoids in discerning global
economic structures, contributing to a deeper understanding of the world economic map and the utility of clustering techniques in
economic data analysis.
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1. INTRODUCTION

The state of a country's economy is the complex result of various interconnected factors. These include government
financial and monetary policies, the rate of increase in the prices of goods (inflation) and unemployment, as well as
the growth in the total value of goods and services produced (GDP) and the difference between the value of exports
and imports (trade balance). Understanding the similarities and differences in economic conditions between countries
is important for many parties, including policymakers, investors, and researchers. This information is useful for
recognising opportunities and threats at the global level, developing more targeted economic development strategies,
and understanding the dynamics of the world economy as a whole.

In recent decades, economic ties and interdependence between countries around the world have intensified due
to globalisation. Economic events in one country can quickly spread and affect the economic conditions of other
countries. Therefore, comparing economic conditions between countries has become increasingly important. By
grouping countries based on the similarity of their economic conditions, we can gain a better understanding of how
the global economy is structured and segmented.

One popular way to analyse data and find groups or clusters is through clustering. This technique aims to divide
a set of data into groups in such a way that data within a group is highly similar, while data between groups is
significantly different. Two clustering algorithms that are often used are K-Means and K-Medoids.

The K-Means algorithm[1][2][3] works by finding the centroid which is the average value of the group
members. This method is known to be efficient for large data. However, it is susceptible to outliers and tends to assume
a spherical group shape. On the other hand, the K-Medoids algorithm[4][5][6] uses actual data points (medoids) as
group centres. This makes it more resistant to outliers and less dependent on a particular group shape.

This research aims to cluster the economic conditions of various countries in the time span of 2010 to 2023.
The selection of this period is based on the existence of various important economic events at the world level that are
expected to affect the economic conditions of many countries, such as the debt crisis in Europe, significant changes
in commodity prices, and the COVID-19 pandemic and its recovery process. To achieve this goal, this research will
apply and compare two different clustering algorithms, namely K-Means and K-Medoids. This comparison will assess
the ability of both algorithms to identify groups of countries with similar economic conditions based on several key
economic indicators. The results of this study are expected to provide a deeper understanding of the global economic
map and contribute to the use of clustering algorithms to analyse economic data.

Some previous research has been done before, namely research conducted in 2023 by OMer N. Kenger and
other research colleagues[7]. This paper tackled the limitation of the Smart City Index (SCI)'s rigid city clustering
approach. The study employed three more flexible clustering algorithms: K-Means, Fuzzy C-Means, and K-Medoids
to categorize cities based on SCI data, aiming for a more nuanced understanding of smart city dynamics. The final
result indicated that these clustering techniques offered a different perspective compared to the SCI's original
groupings, with K-Means generally performing well with a MSE of 0.033 for the “technology” category, and Fuzzy
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C-Means showing strength in specific "structure" groups. The research highlighted that the choice of clustering
algorithm impacts the resulting city classifications. The identified gap in this study lies in its limited scope,
encompassing only 118 cities and relying on survey data from the SCI, suggesting a need for broader and potentially
more objective data sources for future investigations.

In 2023, Ermawati, et al. conducted research.[8]. This study addressed the problem of categorizing Indonesian
state universities (PTNs) based on their scientific publication productivity to gauge their performance. The method
employed was cluster analysis, specifically comparing the k-means and k-medoids algorithms with Silhouette index
validation. The final result indicated that the k-means method yielded a better clustering outcome (Silhouette score of
0.8018) compared to k-medoids (0.7281). The k-means clustering identified four PTN-BH in Java as having high
publication productivity, sixteen PTN-BH and PTN-BLU predominantly in Java as having medium productivity, and
one hundred and two PTN-Satker mostly located outside Java as having low productivity. The gap in this paragraph
lies in the lack of discussion regarding the reasons behind these clustering results. While the study successfully
categorized universities, it does not delve into the underlying factors contributing to the observed differences in
scientific publication productivity across the identified clusters and university types.

Lia Puspita Sari, et al also conducted research in 2023[9]. The research addresses the problem of grouping
cities in Indonesia based on their inflation indicators. The method employed to tackle this was a comparative analysis
of two clustering techniques: Ward's method and K-Means, utilizing 11 expenditure group variables from the
Consumer Price Index (IHK). The final result of the analysis indicated that K-Means clustering yielded a lower
standard deviation ratio (1.43) compared to Ward's method (1.77), suggesting that the K-Means clustering results are
more suitable for grouping cities based on inflation indicators. The gap in this paragraph lies in the lack of specific
details about the characteristics of the resulting clusters. While it identifies K-Means as the preferred method, it doesn't
describe the distinct inflation patterns or expenditure profiles that define each of the three identified clusters.

Fathimatuz Zahra, et al also conducted research in 2024[10]. This research addressed the problem of varying
poverty levels across Indonesian provinces. To tackle this, the study employed the K-Medoids clustering algorithm to
group the 34 provinces based on their poverty data from 2015 to 2022, sourced from the Central Bureau of Statistics
(BPS). The analysis successfully identified three distinct poverty clusters: very poor, poor, and vulnerable poor, with
the majority of the population falling into the extreme poverty (50%) and poverty (45%) categories. The Silhouette
Score of 0.4 indicated a very good clustering result. However, a gap in the paragraph is the lack of specific details
about the characteristics or distinguishing factors of each identified cluster, such as which provinces fall into each
category and the key poverty indicators that define them.

2. RESEARCH METHODOLOGY

This research methodology is designed to cluster the economic conditions of various countries during the period of
2010-2023 using the K-Means and K-Medoids algorithms, and to conduct a comparative analysis of the clustering
results generated by both algorithms. The main stages in this research can be seen in Figure 1 below:

Data Collection

v

Data Pre-processing

2

Implementation of Clustering
Algorithms

K-Means Algorithm K-Medoids Algorithm

Comparative Analysis of
Clustering Results

v

Documentation and Reporting

Figure 1. The main stages in this research
2.1 Data Collection:

Secondary data collected from credible and reliable sources such as the World Bank, the International Monetary Fund
(IMF), the Organisation for Economic Co-operation and Development (OECD), and 1 relevant national statistical
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agencies of the selected countries. Data collected annually for the period from 2010 to 2023. This time frame is
chosen to encompass various significant global economic dynamics of recent years. A set of key economic indicators
have been selected to represent the economic conditions of a country. These indicators may include: Annual Gross
Domestic Product (GDP) Growth (%), Inflation Rate (Consumer Price Index - CPI, % annual change), Unemployment
Rate (%) and Economic Growth (%).There are 19 countries that will be analysed to serve as data samples in this study.

2.2 Data Pre-processing:
2.2.1 Handling Missing Values

Appropriate methods will be applied to address missing data, such as imputation using the mean, median, or more
advanced imputation techniques, depending on the pattern and extent of missing data[11][12][13].

2.2.2Data Normalization/Standardization:

Given that the economic variables have different scales, normalization techniques (e.g., min-max scaling) or
standardization techniques (e.g., z-score standardization) will be applied to ensure that all variables contribute equally
to the clustering process and to avoid bias due to scale differences[14][15][16].

2.3 Implementation of Clustering Algorithms:
2.3.1 K-Means Algorithm:

The K-Means algorithm[3][4][17][18][19] is a popular partitional clustering method that aims to divide a dataset into
a pre-specified number of K groups (clusters). It operates by iteratively assigning each data point to the nearest cluster
based on a distance metric, typically the Euclidean distance. The process begins with the initialization of K cluster
centers (centroids) either randomly or using a specific heuristic. Subsequently, each data point is assigned to the cluster
whose centroid is closest. Once all data points have been assigned to their respective clusters, new centroids for each
cluster are calculated as the arithmetic mean of all the data points belonging to that cluster. This step of assigning data
points and updating centroids is repeated until convergence is achieved, which is indicated by no significant change
in the centroid positions or cluster memberships. The primary objective of the K-Means algorithm is to minimize the
within-cluster variance, which is the sum of the squared distances between each data point within a cluster and its
cluster's centroid.
a. The optimal number of clusters (K) will be determined using appropriate methods, such as the Elbow Method,
Silhouette Score, or Gap Statistic.
b. The K-Means algorithm will be run on the pre-processed data with multiple initializations of cluster centroids to
avoid suboptimal solutions.
c. The clustering results will be evaluated using internal metrics (e.g., Silhouette Score, Davies-Bouldin Index) and
interpretation of cluster profiles.
Mathematically, the K-Means algorithm seeks to minimize the objective function (often referred to as the
distortion function or inertia) defined as:

JO) = 2% S esillg — vl (1)

Where K is the desired number of clusters, X; is the j-th data point, S; is the set of data points belonging to the i-th
cluster and v; is the centroid vector (mean) of the i-th cluster, calculated as:

1
v = EZXjESi xj (2)
1> is the squared Euclidean distance between the data point x; and the centroid v;

The algorithm is known for its efficiency in handling large datasets but is sensitive to the initial initialization
of centroids and the presence of outliers in the data. Furthermore, K-Means tends to produce clusters that are convex
in shape and relatively of equal size.

2.3.2 K-Medoids Algorithm (PAM - Partitioning Around Medoids)

The K-Medoids algorithm[20][21][22], also known as PAM (Partitioning Around Medoids)[23], is a partitional
clustering algorithm that aims to divide a dataset into a pre-specified number of K clusters. Unlike K-Means, which
uses the mean of data points (centroid) as the cluster center, K-Medoids selects actual data points from within the
cluster itself to serve as the cluster centers, called medoids. A medoid is defined as the point within a cluster that has
the smallest average dissimilarity to all other points in the same cluster. The K-Medoids algorithm starts by randomly
selecting K initial data points as medoids. Then, each remaining data point is assigned to the cluster of the nearest
medoid based on a distance metric (often Euclidean distance or other dissimilarity measures). After all data points
have been assigned, new medoids for each cluster are selected by evaluating all points within the cluster and choosing
the one that has the minimum total distance to all other points in that cluster. This process of assigning data points and
updating medoids is repeated until there is no significant change in the medoids or cluster memberships. By using
actual data points as cluster centers, K-Medoids is more robust to the presence of outliers compared to K-Means[24].

[1xj=vi
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a. The same number of clusters (K) as used in K-Means will be applied for easier comparison. The same methods
for determining K will be used.
a. The PAM algorithm will be run on the pre-processed data.
b. The clustering results will be evaluated using internal metrics (e.g., Silhouette Score, Davies-Bouldin Index) and
interpretation of cluster profiles.
Mathematically, the K-Medoids algorithm seeks to minimize a cost function E which is the sum of the
dissimilarities between each data point in a cluster and the medoid m; of that cluster:

E = Z{(=1 ZXjESid(xj’mi) (3)

Where K is the desired number of clusters, X; is the j-th data point, S; is the set of data points belonging to the i-th
cluster, m; is the medoid of the i-th cluster, which is one of the data points in S; and d(x;, m;) is the distance
(dissimilarity) function between the data point x; and the medoid m; (e.g., Euclidean distance). The selection of the
medoid m;is done by finding the point xx € S; that minimizes:

ijesl- d(xj, xx) 4)

The K-Medoids algorithm is more computationally expensive than K-Means, especially for large datasets, because
the medoid selection process involves calculating distances between all pairs of data points within each cluster at each
iteration. However, its advantage in handling outliers and its ability to work with various types of distance metrics
make it an attractive choice in certain situations.

2.4 Comparative Analysis of Clustering Results:
2.4.1 Comparison of Evaluation Metrics:

The values of internal evaluation metrics (such as Silhouette Score and Davies-Bouldin Index) generated by both
algorithms will be compared to assess the quality of clustering for each algorithm.

2.5 Cluster Profile Analysis:

The economic characteristics of each cluster generated by K-Means and K-Medoids will be analyzed. This involves
examining the mean values (for K-Means) or the medoid values (for K-Medoids) of each economic variable within
each cluster.

2.6 Cluster Stability Comparison:

The stability of the clusters produced by both algorithms can be tested using techniques such as subsampling or by
running the algorithms multiple times with different initializations and measuring the consistency of the groupings.

2.7 Documentation and Reporting:

The entire research process, from data collection and pre-processing to algorithm implementation, comparative
analysis, and result interpretation, will be documented in detail. The research report will present the main findings, a
comparison of the performance of the K-Means and K-Medoids algorithms in the context of economic data, and the
implications of the resulting country groupings.

3. RESULTS AND DISCUSSION
3.1 Results

The ‘Economic Indicators And Inflation’ dataset sourced from the Kaggle platform is a collection of secondary data
used in this study, the dataset contains various economic indicators and inflation data from 19 countries in the time
period from 2010 to 2025. The indicators used as an assessment include GDP (in billion USD), Inflation Rate (%),
Unemployment Rate (%) and Economic Growth (%). This dataset is highly relevant for clustering as it allows
researchers to identify groups of countries or time periods that have similar patterns or characteristics based on their
economic indicators and inflation rates. There are two clustering methods that will be analysed including the K-Means
method and the K-Medoids method. The following Table 1 contains the sample.

Table 1. Sample Data

Countr Vear GDP (in Inflation ~ Unemploym Economic
y billion USD)  Rate (%)  ent Rate (%) Growth (%)
USA 2010 15000.0 1.64 9.63 2.55
USA 2025 22500.0 3.5 4.2 2.6
China 2010 6700.0 33 4.2 10.3
China 2011 7000.0 5.4 4.1 9.3
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Countr Year GDP (in Inflation =~ Unemploym Economic
y billion USD)  Rate (%)  ent Rate (%)  Growth (%)
China 2012 7300.0 2.6 4.1 7.7
China 2025 12000.0 2.8 5.4 3.8
Japan 2010 5500.0 -0.72 5.1 4.2
Japan 2011 5600.0 0.0 4.7 -0.1
Japan 2012 5700.0 0.02 4.6 1.5
Japan 2019 6400.0 0.4 2.4 1.1
Japan 2020 6500.0 0.2 2.8 -4.8
Pakista 2025 5000 20.0 5.0 32

Based on the sample data in Table 1 above, GDP is one of the features in the dataset that has a significantly
different value scale, it can be seen that the feature has a much larger value than the inflation rate (in percentage). If
the clustering algorithm is directly applied to data with these different scales, features with larger scales can dominate
the calculation of the distance between data points, so that features with smaller scales become less influential.
Standardisation is done so that all features have similar scales (mean around 0 and standard deviation around 1), so
that each feature contributes equally to the clustering process. The following Figure 2 displays the results of the
normalisation that has been done.

Hasil Normalisasi (NumPy Array:)
[[ 2.713 -9.258 ©.423 -0.232]
[ 2.828 -8.246 ©.32 -8.514]
[ 2.943 -8.254 ©.194 -8._367]

636 -0.118 -8.27 0.168]

[-o.
[-0.625 -0.08 -0.27 -0.108]
[-0.613 -0.118 -6.27 -0.853]]

Figure 2. Normalisation Results

After normalisation in Figure 2 above, the next process is to implement the K-Means algorithm, in this study
it is done iteratively by testing various number of clusters (k). For each value of k, the K-Means model is trained on
the scaled data, and the inertia value (WCSS) of the clustering result is recorded. The aim is to find the optimal number
of clusters using the elbow method, which is to observe the decrease in the inertia value as the number of clusters
increases and look for the point where the decrease starts to slow down significantly, which is believed to be an
indication of a balance between cluster compactness and the number of clusters that is not excessive. The results of
this process are then visualised in the form of a plot to facilitate the identification of the number of clusters that best
fit the data structure which can be seen in Figure 3 below.

Elbow Method

1200 +

1000

WCSS

600 4

400

1 2 3 4 5 6 7 8 9
Jumlah Cluster (k)

Figure 3: Determination of the Number of K (Cluster)

From the graph in Figure 3 above, it can be seen that the decrease in WCSS is very steep from k=1 to k=3 or
k=4, and then the rate of decrease slows down significantly after that point. The point where this change in the rate of
decrease occurs (forming an ‘elbow’) is considered to be the optimal number of clusters, as adding more clusters after
this point does not provide a substantial reduction in WCSS, which means that adding clusters no longer significantly
improves the homogeneity within the cluster. Based on the visual of this graph, the optimal number of clusters is
around 3 or 4, where there is a visible ‘elbow’ formation so this study will form 4 clusters. Here is Figure 4 of the
implementation results using the K-Means Clustering method.
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Figure 4. Application of K-Means Clustering

Figure 4 is the visualisation result of data clustering using the K-Means algorithm, where each point represents
a data point mapped based on two features: GDP (Gross Domestic Product) in billion USD on the X-axis and
Economic Growth (%) on the Y-axis. The different colours at each point indicate the different clusters that have been
identified by the K-Means algorithm. The right-hand side indicates that red represents cluster 0, blue represents cluster
1, green represents cluster 2, and purple represents cluster 3. From this visualisation, we can observe how the K-Means
algorithm has divided the data points into four different clusters based on their proximity in the two-dimensional space
of GDP and Economic Growth features. For example, most of the data points with low GDP and variable economic
growth are grouped in the red cluster (0), while the green cluster (2) tends to have higher GDP with moderate economic
growth. Blue (1) and purple (3) clusters appear to have relatively low GDP and economic growth characteristics and
are concentrated in smaller GDP areas. This visual analysis helps us understand how K-Means identifies groups of
similar data based on the considered features.

Based on the three indicators, researchers visualised using only two indicators because GDP is often considered
a leading indicator of the size and scale of a country or region's economy. The economic growth rate shows the
dynamics and changes in the size of the economy. The combination of the two provides a fundamental picture of
economic conditions and developments. The researcher's decision to only visualise GDP and economic growth rate
does not mean that other variables in the dataset are not important to the clustering process itself. The performance
results of K-Means clustering can be seen in Figure 5 below.

Silhouette Coefficient: 8.5836641281834816

Davies-Bouldin Index: 0.6265839382613496

Figure 5. K-Means performance evaluation

Figure 5 presents two commonly used evaluation metrics to measure the quality of K-Means clustering results,
namely Silhouette Coefficient and Davies-Bouldin Index. The Silhouette Coefficient has a value between -1 and 1,
where higher values indicate that objects are more similar to their own cluster than to the nearest neighbouring cluster.
A value of 0.5836641281834816 indicates that on average, data points within a cluster are fairly well separated and
have moderate cohesion within their cluster. On the other hand, the Davies-Bouldin Index measures the ratio of within-
cluster similarity to between-cluster separation, with lower values indicating better clustering. A value of
0.6265039382613496 indicates that there is fairly good separation between clusters compared to how dispersed the
data is within each cluster. Overall, these two metrics give a positive indication of the quality of the resulting
clustering, with the Silhouette Coefficient indicating good separation and the Davies-Bouldin Index confirming that
the clusters are relatively dense and well separated from each other.

Figure 6 below shows the visualisation results of clustering the data using the K-Medoids algorithm, which is
similar to K-Means but uses actual data points (medoids) as cluster centres instead of centroids.

Clustering K-Medoids

15

Economic Growth (%)
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~15 4
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Figure 6. Application of K-Medoids Clustering
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In Figure 6, each point on the graph represents a data point positioned by GDP value (in billion USD) on the
X-axis and Economic Growth (%) on the Y-axis. The different colours at each point indicate the cluster membership
assigned by the K-Medoids algorithm, with the legend on the right-hand side identifying each colour with a cluster
number (0 to 3). From this visualisation, we can observe how the data has been clustered into four different groups
based on the similarity of GDP values and economic growth. For example, the turquoise green coloured cluster (0)
tends to have lower to medium GDP values with economic growth varying around positive values. Orange clusters
(1) are concentrated at very low GDP values but with a wide range of economic growth, including high values. Purple
clusters (2) indicate groups with relatively low to medium GDP values and economic growth that tends to be negative
or low positive. Finally, the pink clusters (3) appear to have higher GDP values with varying economic growth. This
visualisation helps us understand how K-Medoids groups the data based on the medoid representation of each cluster.
The performance results of K-Medoids clustering can be seen in Figure 7 below.

Silhouette Coefficient: 0.26113980634886496

Davies-Bouldin Index: 1.1638253156838378

Figure 7. K-Medoids performance evaluation

Figure 7 presents two performance evaluation metrics of the K-Medoids algorithm, namely Silhouette
Coefficient and Davies-Bouldin Index. Silhouette Coefficient has a value between -1 and 1, where a higher value
indicates that each data point is more similar to its own cluster member than to other cluster members. A Silhouette
Coefficient value of 0.26113900034086496 indicates that the separation between clusters is not very clear and the
cohesion within clusters is also not very strong. On the other hand, the Davies-Bouldin Index measures the average
similarity of each cluster to the cluster it is most similar to, where lower values signify better clustering (dense and
well-separated clusters). A Davies-Bouldin Index value of 1.1638253156038378 indicates that there is significant
similarity between clusters, and the separation between clusters may not be optimal. Overall, the low Silhouette
Coefficient value and relatively high Davies-Bouldin Index suggest that the quality of the resulting clustering may be
poor, with indications of overlap between clusters and weak internal cluster cohesion. The following comparison graph
of the K-means and K-Medoids methods can be seen in Figure 8.
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Figure 8. Visualisation results of scatter plot comparison of K-Means and K-Medoids methods

Based on the clustering analysis results visualised in two scatter plots in Figure 8 above, the comparison
between K-Means and K-Medoids algorithms in clustering data based on GDP and Economic Growth features shows
differences in cluster formation. In the K-Means plot, it can be seen that the algorithm tends to produce clusters with
a more rounded shape and relies on the centroid as the cluster centre, which results in some data points with extreme
values of low GDP and variable economic growth being grouped together in the dominant red (0) cluster. Meanwhile,
the K-Medoids plot displays clusters with a more organic shape and is defined by medoids (actual data points),
resulting in clusters that may be more representative of the actual density of the data, as seen in the separation of
turquoise green clusters (0) with low to medium GDP values and positive economic growth, and orange clusters (1)
that separate data with very low GDP but a wide range of economic growth. This difference indicates that the choice
of clustering algorithm may result in different interpretations of the cluster structure in the data, where K-Medoids
may be more sensitive to the presence of outliers or data with non-linear distributions compared to K-Means.

3.2 Discussion

This study analyses and interprets the clustering results for the time period (2010-2025) of various countries using
two different clustering algorithms, namely K-Means and K-Medoids. In general, the clustering results using the K-
Means algorithm tend to show higher consistency in assigning countries to a single cluster throughout the 2010-2025
time period. This can be seen in countries such as Australia, Bangladesh, Brazil, Canada, France, Germany, India,
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Italy, Japan, Malaysia, and Saudi Arabia, where most or all of the time period is grouped into Cluster 0. This
consistency indicates that based on the Euclidean distance metric used by K-Means, the data characteristics of these
countries are relatively stable throughout the observed period. In contrast, the K-Medoids algorithm, which uses actual
data points (medoids) as cluster centres and measures dissimilarity based on Manhattan distance, tends to produce
more variable groupings over time for many countries. This difference could be due to the sensitivity of K-Medoids
to the presence of outliers or significant changes in one or a few data points (specific years), which could affect the
selection of medoids and the overall cluster configuration.

While K-Means often puts most countries into Cluster 0, K-Medoids shows a clearer distinction between
countries in terms of their cluster profiles. For example Bangladesh, the entire time period is grouped into Cluster 0
by K-Means, but entirely into Cluster 1 by K-Medoids. This difference suggests that the two algorithms capture
different data structures for Bangladesh. Brazil, China, Indonesia and Saudi Arabia also show differences.

Interestingly, the K-Medoids algorithm consistently identified 2020 as a different year for some countries
(Australia, Canada, Germany, India, Malaysia, South Korea and the UK), placing them in Cluster 2. This reflects the
significant global impact of events in that year (such as the COVID-19 pandemic) on these countries' economic data,
which K-Medoids is more sensitive to detect.

The fundamental difference between K-Means (using the mean as the cluster centre and Euclidean distance)
and K-Medoids (using actual data points as the cluster centre and Manhattan distance) is a key factor in the difference
in clustering results. K-Means tends to be more sensitive to the variance and shape of the data distribution, while K-
Medoids is more robust to outliers because it uses actual data points as cluster centres.

Changes in clusters over time, especially those identified by K-Means (as in China and Indonesia) and K-
Medoids (as in Brazil, France, Saudi Arabia, and Turkey), indicate significant changes in the data patterns of these
countries over the study period. Further analysis of the variables used in the clustering is required to understand the
economic or other factors underlying these changes.

4. CONCLUSIONS

This research aims to cluster the economic conditions of various countries from 2010 to 2023 based on secondary data
from Kaggle which includes economic indicators (GDP, inflation rate, unemployment rate, economic growth) of 19
countries. Through comparative analysis of K-Means and K-Medoids algorithms, this research identifies similar
patterns and characteristics across countries or time periods. The results of the K-Means implementation with 4
clusters show a fairly good separation and moderate cohesion between clusters based on the visualisation of GDP and
economic growth, which is supported by the Silhouette Coefficient value of 0.58 and Davies-Bouldin Index of 0.63.
Meanwhile, K-Medoids produced a different clustering with a lower Silhouette Coefficient value (0.26) and a higher
Davies-Bouldin Index (1.16), indicating a less clear separation between clusters and potential overlap, as well as a
higher sensitivity to data with non-linear distribution or outliers than K-Means.
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