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Abstract 

Clustering is a fundamental task in machine learning for discovering hidden structures in unlabelled data. The article 

reviews key clustering methods, including centroid, density, hierarchy and model-based approaches. Their advantages, 

limitations and applications are analysed to provide a comprehensive overview of the state of clustering in machine learn-

ing. Their effectiveness is compared on the basis of selected metrics to evaluate the outcome of a given clustering. Recent 

developments and challenges, including scalability and interpretability problems, are also discussed. 
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1. Introduction 

Machine learning is a rapidly developing field in which 

clustering methods play a key role in unsupervised data 

analysis [1]. Clustering partitions data into subsets  

(clusters) in such a way that objects within the same  

cluster are more similar to each other than to objects from 

other clusters. 

The development of information technology and the 

growing amount of data generated in various fields, such 

as medicine, economics, and natural sciences, require in-

creasingly advanced analysis tools. In this context, clus-

tering becomes not only a tool that supports the discovery 

of patterns in data, but also a key element of recommen-

dation systems image analysis, and anomaly detection 

systems. 

There are many different approaches to clustering that 

are tailored to the specifics of the data and the objectives 

of the analysis. Each of these approaches offers unique 

capabilities and has specific limitations.  

2. Literature review 

With the rise in popularity of machine learning around 

the world over the past decade, the topic of data cluster-

ing has been rapidly developed in scientific literature 

Based on one of the chapters of the book [2] by  

Ch. K. Reddy and Ch. C. Aggarwal, we learn that despite 

the many existing methods, there are some that are used 

in most cases, making them the most popular. One of 

these is the clustering method with divisions. 

In one of his articles [3], J. McQueen presented the 

K-means algorithm – the most popular algorithm belong-

ing to this group of methods. It enables effective data 

clustering by optimizing the objective function measured 

by Euclidean distances. This research sparked the devel-

opment of numerous modifications of the method, which 

were adapted to various applications, such as image anal-

ysis and market segmentation.  

They are effective for large data sets, but depend on 

the random initial setting of cluster means. 

When expressed using mathematical formulas, 

the algorithm looks as follows: 

 

• Assigning each data point (𝑥𝑖) to the nearest cluster 

centre (𝜇𝑗) (formula 1). 

 ‖𝑥𝑖 − 𝜇𝑗‖2𝑗𝑚𝑖𝑛
 (1) 

 

• Update cluster measures as the average of data points 

assigned to the cluster (formula 2). 𝜇𝑗 = 1|𝐶𝑗| ∑ 𝑥𝑖𝑥𝑖𝜖𝐶𝑗 , (2) 

 

where |𝐶𝑗|  is the number of clusters. These two steps are 

repeated until the cluster centres do not change their po-

sitions significantly. 

Another work by L. Kaufman and P. J. Rousseeuw 

[4] discusses hierarchical clustering methods, which in-

volve the creation of tree-like structures resembling bi-

nary trees, called dendrograms (Fig. 1), which help to vis-

ualize the data clustering process. Dendrograms show the 

direct relationship between clusters. These methods are 

intuitive, but also involve high computational costs for 

large data sets. 

  

 

Figure 1: Dendrogram showing data clustering. 

Other very popular clustering methods are density-

based methods. Algorithms such as DBSCAN identify 

clusters as areas with high point density separated by 

areas with low density. In M. Ester's work, we learn that 

these methods work well with irregularly shaped clusters 
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(Fig. 2), but require the selection of appropriate parame-

ters [5]. 

Density criteria can be determined using the follow-

ing formula: 

 𝑀𝑖𝑛𝑃𝑡𝑠 ≤  |𝑁𝜀(𝑝)| (3) 

 

where 𝑁𝜀(𝑝) denotes the set of points within distance 𝜀 of point 𝑝 (the 𝜀 neighborhood), and 𝑀𝑖𝑛𝑃𝑡𝑠 is the min-

imum number of points required for the region to be con-

sidered high-density (typically with distance measured in 

the chosen metric e.g., Euclidean). 

 

 

Figure 2: Example result of grouping using the DBSCAN algorithm. 

3. Research methodology 

The purpose of this chapter is to present in detail the ex-

perimental procedure that enabled a reliable comparison 

of selected clustering algorithms on a selected data set. 

It outlines the data preprocessing steps, parameter 

settings, evaluation metrics, and stability checks used to 

ensure that differences in performance can be attributed 

to the algorithms rather than artifacts of the pipeline. 

3.1. Clustering methods 

The choice of clustering algorithms determines both the 

quality of the segments obtained and the possibility of 

interpreting the results in a business context. This chapter 

presents five complementary clustering methods: 

K-means, Gaussian Mixture Model (GMM), DBSCAN, 

Mean Shift, and BIRCH. Each of the described algo-

rithms is characterized by different sensitivity to data 

scale, parameterization, and cluster shape. 

A discussion of their theoretical assumptions, compu-

tational complexity, and practical advantages and limita-

tions allows not only for a comparison of the effective-

ness of the tools, but also for the identification of scenar-

ios in which a given algorithm can bring the greatest an-

alytical benefits. 

3.1.1. K-Means Method 

The K-means method is one of the most commonly used 

and popular clustering methods [6]. It is a widely used 

algorithm, largely due to its simplicity and efficiency [7]. 

This method involves dividing a data set into a predeter-

mined number of clusters [8], in which random points are 

initially designated as the central points, and then all ele-

ments of the set are assigned to centroids using a distance 

measure, usually Euclidean distance. Finally, based on 

the arithmetic mean of all cluster values, the correct cen-

troid for each cluster is indicated [9]. Thanks to its speed 

in handling large data sets, the K-means method has 

found its place in many fields, such as commerce and 

transaction data [10]. 

The operation of the K-means algorithm can be based 

on five steps: 

1. Select the number of clusters k. 

2. Freely select central points. 

3. Assign each point to one of the clusters. 

4. Calculate the new central point based on the 

arithmetic mean of all points in the cluster. 

The grouping result is largely influenced by the 

distribution of the original central points (step 2), which 

means that the final result may not always be sufficiently 

optimal. 

3.1.2.  GMM Method 

The Gaussian Mixture Model (GMM) is another popular 

[11] clustering technique in unsupervised learning. 

GMM uses probabilistic [12] assignment of points to 

clusters, which means that it does not assign a given point 

to a specific cluster directly, but is based on measures of 

the probability that an observation may belong to  

a selected group. Gaussian mixture models are an 

extremely versatile technique which, unlike the K-means 

method, can determine cluster membership for data with 

overlapping distributions. In practice, model parameters 

are estimated via the Expectation–Maximization algo-

rithm, and the chosen covariance parameterization 

(full, diagonal, tied, or spherical) controls the admissible 

cluster shapes and degree of overlap. 

3.1.3.  DBSCAN Method 

DBSCAN is a density-based clustering method that re-

quires two parameters instead of the number of clusters: 

the proximity radius ε (eps) and the minimum number of 
points minPts. The key idea is to treat clusters as areas of 

sufficient density, separated by zones of sparser observa-

tions. 

The algorithm goes through all points one by one and 

classifies them as core, edge, or noise. A core point has 

at least minPts neighbours within radius ε; all objects 
reachable by a chain of cores form a single cluster. 

Objects lying within ε of a core but too sparse to become 
a core are marked as edge and attached to the nearest 

cluster [13]. Points not assigned to any core are marked 

as noise, which ensures natural detection of outliers. 

 DBSCAN detects clusters of any shape, handles dif-

ferent group sizes, and eliminates the need to guess k. The 

ε parameter is most often selected from the k-distance 

graph using the elbow method , which signals the transi-

tion between dense and sparse regions. A limitation is its 

sensitivity to parameter selection and decreasing 
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effectiveness in data with varying density or very high 

dimension, where the concept of density becomes 

blurred. 

3.1.4.  Mean-Shift Method 

Mean Shift works by shifting points toward the mean un-

til they stop at the maximum data density. This is where 

it gets its name. By recognizing the density of points, the 

Mean Shift algorithm is able to generate a reasonable 

number of necessary clusters on its own [14]. Mean Shift 

is called a parameterless clustering algorithm [15], which 

does not require prior assumptions about the number of 

clusters or their shapes.  

The method works well with irregular data structures. 

It has found particular application in image processing. 

Tasks such as image segmentation, object tracking, 

or real-time applications. 

Unfortunately, Mean Shift also has disadvantages, 

one of which is cost [16]. The algorithm requires signifi-

cant computing resources, which significantly affects the 

operation time, especially with large data sets. 

3.1.5.  BIRCH Method 

BIRCH is a clustering algorithm designed for very 

large data sets that creates a compact representation of 

a CF (Clustering Feature) tree. 

BIRCH processes complex data sets with minimal 

effort, while remaining efficient and highly scalable. 

It begins by dividing large data sets into more compact 

ones, eliminating the need to devote enormous resources 

to working on the entire data set. 

BIRCH has a time and memory complexity close to 

O(n) and can process streaming data, which is why it is 

popular in event log mining and is one of the most effec-

tive algorithms for quickly analysing hundreds of 

millions of records. Despite the strengths of the algo-

rithm, an overly large CF tree may be created, leading to 

increased memory consumption costs [17]. However, the 

appropriate selection of threshold parameters (threshold, 

branching factor) and a possible condensation phase can 

significantly reduce this problem without compromising 

the quality of segmentation. Furthermore, the hierar-

chical structure of the CF-tree can later serve as input for 

more accurate secondary clustering methods, making 

BIRCH a useful module in complex big data analytics 

pipelines. 

3.2. Data collection 

The dataset used for the research was downloaded from 

the publicly available platform Kaggle.com. 

The set contains approximately 9,000 records compil-

ing data on consumers and their credit card transactions. 

It was developed to segment customers based on purchas-

ing patterns. This data can be put to practical use in rec-

ommendation and marketing systems, for example.  

The set (Fig. 3) includes attributes such as balance, 

total purchase amount, information about installments 

purchases or interest. 

 

Figure 3: Fragment of a data set. 

Before starting the research, it was necessary to per-

form preliminary data cleaning to remove missing infor-

mation. Cells containing missing data were filled in using 

the median. The column with the customer ID, which did 

not provide key information for the clustering algorithms, 

was removed. Finally, the data was normalized using 

standardization. 

This collection contains diverse attributes, making it 

a good environment for testing different clustering meth-

ods and verifying how algorithms will separate customer 

groups. 

3.3. Implementation of algorithms 

This chapter presents details of the implementation of 

five clustering algorithms—K-means, Gaussian Mixture 

Model (GMM), DBSCAN, Mean Shift, and BIRCH-

along with the data preparation process, parameter 

selection, and a common execution template. 

The whole thing was implemented in Python 3.11 us-

ing the pandas 2.2, NumPy 1.26, and scikit-learn librar-

ies. All experiments were conducted in the Google Colab 

environment.  

Each clustering method was called in the cluster_data 

function (listing 1).  

Listing 1: Function invoking the clustering algorithm 

 

This function takes a data matrix, the name of the 

method, and its input parameters as input. The clustering 
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algorithms used were implemented using the Scikit-learn 

library.  

The implementation process consisted of five repeat-

able steps: 

1. Configuration of parameters specific to a given 

method. 

2. Training the model on the feature matrix X. 

3. Reducing the dimensions of the dataset for better 

visualization. 

Visualizing the data on a two-dimensional graph. 

4. Calculating the clustering quality metrics. 

3.4. Selection of parameters 

Each of the implemented methods accepts different input 

parameters. Determining the appropriate parameter val-

ues results in more accurate clustering results, which is 

why this stage is the most crucial.  

The K-Means method requires the specified number 

of clusters that we want to obtain as a result of clustering. 

In order to find the most optimal number, an elbow curve 

graph is used. It involves calculating the sum of the 

squares of the distances of all points from the centroids 

of their clusters, otherwise known as WCSS (Within-

Cluster Sum of Squares) or often referred to as inertia 

calculation (formula 3). 

 𝑊𝐶𝑆𝑆 =  ∑ ∑ 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑥𝑗(𝑖), 𝑐𝑖)2,𝑛𝑖
𝑗=1

𝑘
𝑖=1  (3) 

 

where  

• k – number of clusters; 

• n –maximum number of clusters; 

• 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑥𝑗(𝑖), 𝑐𝑖)2 – Euclidean distance square. 

 

The WCSS summary on a line graph (Fig. 4) for 

different k values helps to find the optimal value (the 

point where the graph breaks). 

 

Figure 4: Chart illustrating the Elbow Method. 

The effectiveness of GMM depends primarily on two 

decisions: the number of components in the mixture 

n_components and the structure of the covariance matrix 

covariance_type. The experiment used a two-stage 

selection procedure, combining information criteria with 

observation of cluster stability. 

For this purpose, the Calinski-Harabasz Index metric 

was calculated for each pair of parameters (Fig. 5), 

and then the highest value was selected. 

Of all pairs, the highest score was obtained with a  

luster count of 2 and a full covariance matrix type. 

 

Figure 5: Calinski-Harabasz Index chart. 

DBSCAN requires two hyperparameters to be speci-

fied: the proximity radius eps and the minimum number 

of points min_samples needed for an observation to be 

considered a core point. Since there is no need to specify 

the number of clusters, these parameters determine both 

the number of clusters and the amount of data classified 

as noise. 

The min_samples selection is calculated using the 

natural logarithm of the number of records in the set (for-

mula 4). 

 min _𝑠𝑎𝑚𝑝𝑙𝑒𝑠 =  ln 𝑥, (4) 

 

where x is equal records number. 

The value for the eps parameter is usually selected 

using the kNN (k-Nearest Neighbours) algorithm and its 

visualization on a graph (Fig. 6). As in the previous el-

bow method, look for a point of sudden change in value. 

In this case, a sudden increase in value could be observed 

around eps = 4. 

 

Figure 6: k-Nearest Neighbours chart. 
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Unlike methods requiring a predetermined number of 

clusters, Mean Shift primarily requires an accurate esti-

mate of the kernel bandwidth, which determines the res-

olution of the detected structures. To calculate this value, 

a ready-made tool available in the used libraries–  

estimate_bandwidth – is used. It returned a value of 4. 

Unfortunately, for the bandwidth parameter = 4, the al-

gorithm separated 80 data groups, so the Silhouette and 

Calinski-Harabasz metrics were analysed to determine 

the best parameter value.  

Tabel 1: Summary of metric results for different bandwidth 

values 

Bandwidth Clusters 

count 

Silhouette 

Score 

CHI 

8,32 13 0,63 139,27 

9,44 9 0,67 139,27 

10,55 8 0,73 189,89 

11,66 5 0,75 264,29 

12,77 2 0,78 85,29 

13,89 2 0,78 85,29 

The most advantageous range is between 10 and 12. 

At values above 11, the algorithm creates 8 clusters, 

achieving high results for both metrics, which indicates a 

compact and well-distributed structure, which is why this 

value was used. 

BIRCH is an algorithm designed for very large data 

sets; its main hyperparameters are threshold and  

n_clusters. They determine both the shape of the CF tree 

and the final number of clusters. The n_clusters parame-

ter was calculated using an elbow chart, as in the case of 

the K-Means algorithm, indicating a value of 2. 

3.5. Discussion 

In this chapter, we move on to analysing the clustering 

results obtained. 

The Customer Segmentation set was clustered using 

five techniques and then evaluated using three commonly 

used internal measures: Silhouette Score, Calinski-

Harabasz Index, and Davies-Bouldin Index. Each of 

these measures emphasizes a different aspect of the qual-

ity of the division: the compactness and separability of 

clusters, their homogeneity, and the clarity of the bound-

aries between clusters. By comparing the values of the 

metrics with the size and shape of the groups obtained, 

we can identify which algorithms best reflect the struc-

ture of the data. 

The results of the groupings were first collected and 

presented using graphs visualizing the distribution of ob-

servations in the first two principal components of PCA, 

which together explain 72% of the variance in the data 

set. 

Figure 7 shows a graph of the K-means clustering 

method. The set has been divided into four clearly visible 

groups, with marked central points.  

Figure 8 shows the division using the GMM algo-

rithm. Two asymmetrical clusters with overlapping data 

points are visible. 

 

Figure 7: Visualization of clustering using the K-means method. 

 

Figure 8: Visualization of clustering using the GMM method. 

The DBSCAN method grouped the set into two clus-

ters (Fig. 9), with one of them having a significant ad-

vantage in the number of assigned data points. The other 

was assigned less frequently distributed points and 

outliers. 

 

Figure 9: Visualization of clustering using the DBSCAN method. 

The Mean-Shift method (Fig. 10) assigned virtually 

all data points to a single group, creating a very compact 

data cluster. This separated the outliers into the remain-

ing seven clusters. The remaining clusters can be consid-

ered atypical situations, which are very rare. 
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Figure 10: Visualization of grouping using the Mean-Shift method. 

The last BIRCH method clearly divided the set of 

points into two groups (Fig. 11). The first one extends 

vertically upwards along the vertical axis, and the second 

one extends widely along the horizontal axis, collecting 

points with lower density.  

 

Figure 11: Visualization of clustering using the BIRCH method. 

For the final analysis of the clustering results, the 

metrics were compared. The previously defined 

measures were collected during the research phase. 

The first one was the Silhouette Score measure. It as-

sesses the quality of data division into clusters by com-

paring the consistency of data points within their own 

cluster with the distances to the nearest neighbouring 

group. 

 

Figure 12: Silhouette Score results. 

The second measure used was the Davies-Boulding 

Index (Fig. 13). It measures the average “similarity” of 
each cluster to the most similar neighbouring cluster, 

combining its compact structure and separation from 

other groups into a single value. Lower results indicate 

better division. 

 

Figure 13: Davies-Bouldin Index results. 

The Calinski–Harabasz Index (Fig. 14) compares in-

ter-cluster variance with intra-cluster variance, thereby 

assessing how well clusters are separated from each other 

and at the same time how compact they are. The higher 

the value of the index, the better the clustering structure, 

because high dispersion between groups and low disper-

sion within them indicates a clear division. 

 

Figure 14: Calinski-Harabasz Index results. 

A comparison of three classic quality measures shows 

that none of the five algorithms dominates in all compar-

isons – each method reveals strengths and weaknesses 

depending on the criterion adopted. Mean Shift and 

DBSCAN perform best in terms of Silhouette and the 

lowest Davies-Bouldin, which means compact and well-

separated clusters with irregular shapes. K-means and, 

secondarily, BIRCH achieve the highest Calinski-

Harabasz index, so they better maximize the distances 

between centroids with low intra-group variance, but 

their clusters overlap more. So there is no universal win-

ner: DBSCAN/Mean Shift are better when natural sepa-

ration of segments is important, while K-means or 

BIRCH are better when simple, centroid representation 

and computational scalability are the priority. 

Another method for comparing the results of the 

groupings was a box plot (Fig. 15) showing the stability 

of the methods using the external measure Normalized 

Mutual Information (NMI). 

The NMI measure is mainly used to check the 

similarity of two divisions. This requires labels (actual 

values), which we do not have when grouping. However, 

there is a method that involves running the clustering on 

the entire set, and we define its results as the base 
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partition. Then, through a specified number of iterations, 

we randomly select a certain part of the data set and per-

form the clustering again. For each iteration, the results 

are compared and the NMI is calculated. In this case, 30 

iterations were selected for each clustering method on 

80% of the data set. 

 

 

Figure 15: Box plot of method stability (NMI). 

The box plot shows the distribution of NMI values for 

the clustering methods. The lower the “box” the more 

stable the method. The DBSCAN method proved to be 

the most repeatable. A high median (orange line) and 

a small spread of values mean that the clustering results 

for random data groups overlap significantly. However, 

it should be noted that the DBSCAN method was charac-

terized by high data noise, which may affect the result in 

the chart. The Mean-Shift method is also highly stable. 

The result for GMM can be considered moderate, but it 

can be seen that there is a much greater difference 

between the highest and lowest values compared to the 

previous methods. The K-Means algorithm proved to be 

highly sensitive to changes in the data set. The large 

spread of values and low median value show how 

smoothly the cluster boundaries changed with reduced, 

randomly selected sets. The BIRCH method is 

characterized by the lowest and most dispersed stability. 

Due to the way it works, a small change in the data set 

changes the tree structure on which the algorithm is 

based. 

4. Conclusions 

The study compared five clustering algorithms on the 

“Customer Segmentation” dataset after uniform data 
preparation. The results and visualizations obtained were 

consistent. Density-based methods – Mean Shift  

and DBSCAN – produced the most compact and 

well-separated clusters (highest Silhouette, lowest DBI), 

while K-means and BIRCH achieved the best  

Calinski-Harabasz variance score and the shortest 

running time. The final choice of algorithm therefore 

depends on the priority. Research shows that when 

selecting the appropriate algorithm, an optimal compro-

mise between cost and quality should be sought. Simpler 

and less expensive methods can sometimes be more ef-

fective than more advanced methods when the parame-

ters are selected appropriately. PCA visualizations con-

firmed the existence of one large segment of typical cus-

tomers and several niche groups with different risk pro-

files and business values. The research conducted shows 

that the final grouping result depends mainly on the algo-

rithm used and the appropriately selected input parame-

ters.  
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