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 :الولخض

، الرٖ ذعُرثز إحدٓ أُن ذقٌ٘اخ الترعلن ي٘تز الوُفتزف عل٘تَ جتٖ ذاو٘تا الث٘اًتاخ k-meansِٗدف ُذا الثحس إلٔ ذطث٘ق خْارسه٘ح 

. قوٌتا Kaggle( هتخخْةج هتي هٌصتح 300،2ي٘ز الوصٌفح. ّقد اخرثزًا ذطث٘قِا علٔ هاوْعح ت٘اًاخ شٌائ٘تح ابتعتات ذرنتْى هتي  

خ ُتْ الوفتنلح الزئ٘ظت٘ح جتٖ الزْارسه٘تح. كوتا ، ح٘س إى ذحدٗد الواوْعتاK=3ترٌشٗل الث٘اًاخ شن حدتًا ٗدًّّٗا عدت الواوْعاخ 

، ّأظِزخ الٌرائج أى الزْارسه٘ح ذحظٌد ذتدرٗاًّ٘ا عثتز الرنتزاراخ. اطترزدهٌا هقتاٗ٘ض الرق٘ت٘ن لرق٘ت٘ن T=6حدتًا عدت الرنزاراخ 

كوتا أظِتزخ عٌتد اسطترقزار الٌِتائٖ.  266.65إلٔ  4719.65أتاء الزْارسه٘ح، ح٘س اطرزدهٌا تالح الِدف، الرٖ اًزفضد هي 

ج٘ظُِتز الوظتاجح « الفصل»هقاٗ٘ض الرواطك اًزفاضًا هلحْظًا، هوا ٗعنض الرزاتظ ت٘ي الٌقاط تاخل كل هاوْعح. أها هق٘اص الرق٘٘ن 

ت٘ي الواوْعاخ. ذف٘ز ُذٍ الٌرائج إلٔ جعال٘ح الزْارسه٘ح جٖ ذقظ٘ن الث٘اًاخ إلٔ هاوْعاخ جٖ ّقد قصت٘ز ّتنفتاءج عال٘تح. ّهتا 

ٗوصل هفنلح رئ٘ظ٘ح للزْارسه٘ح ّٗرطلة الوشٗد هي الحلتْل. لتذلك،  Kروات علٔ الإتخال ال٘دّٕ لعدت الواوْعاخ ةلك، جإى اسع

ٌٗثغٖ أى ذظرنفف ابتحاز الوظرقثل٘ح طزقًا لحل ُذٍ الوفنلح، خاصح جٖ حالح هاوْعاخ الث٘اًاخ النث٘زج، هصل اطترزدام طزٗقتح 

 Elbow)الٌرتتائج ّٗحتتدت  ، ح٘تس إى الاوتتا تتت٘ي ُتتذٍ الطتتز  ٗعتتشسk  تطزٗقتتح ي٘تتز ٗدّٗتتح، هوتتا ٗاعتتل عول٘تتح الراو٘تتا أكصتتز تقتتح

 ّجعال٘ح.

 

 ، الرعلن اٙلٖ، الرعلن ي٘ز الوُفزف علَ٘.K-Meansالراو٘ا، خْارسه٘ح  الكلوات الذالة:
Abstract 

This research aims to apply the k-means algorithm, which is considered one of the most important 

unsupervised learning techniques in clustering unlabeled data. We tested its application on a two-

dimensional dataset consisting of (300,2) taken from the Kaggle platform. We downloaded the data and 

then manually specified the number of clusters K=3, as specifying the clusters is the main problem in the 

algorithm. We also specified the number of iterations T=6, and the results showed that the algorithm 

gradually improved across iterations. We used evaluation metrics to assess the performance of the 

algorithm, where we used the objective function, which decreased from 4719.65 to 266.65 at final 

stability. The Cohesion metrics also showed a significant decrease, reflecting that the points are 
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interconnected within each cluster. The Separation evaluation metric shows the distance between clusters. 

These results indicate the effectiveness of the algorithm in dividing data into clusters in a short time and 

with high efficiency. However, relying on manually entering the number of clusters K is a major problem 

for the algorithm and requires further solutions. Therefore, future work should explore methods to solve 

this problem, especially in the case of large data sets, such as using the Elbow method, as combining such 

methods enhances the results and selects k in a non-manual way, making the clustering process more 

accurate and effective. aggregation process more accurate and effective. 

 

Keywords: Clustering, K-Means Algorithm, Machine learning, Unsupervised Learning. 

Introduction 

Recent decades have seen growing interest in machine learning algorithms, particularly 

unsupervised learning, which is considered one of the fundamental pillars of data analysis, where 

the system is trained without any labeled data. In other words, the algorithm learns identify 

patterns and relationships within the data on its own, without any prior knowledge or guidance. 

This feature makes it a powerful tool for data analysis, especially in cases where labeled data is 

either unavailable or too expensive to obtain. In this research paper, the K-Means Algorithm 

strategy is explained in simple terms. It is based on unsupervised learning, and clustering is one 

of the most prominent unsupervised learning methods. This technique separates data into 

different groups and objects, where similar objects are placed in one group, while different 

objects are placed in different groups [1].The K-Means algorithm is one of the most prominent 

clustering algorithms, as it divides data into homogeneous groups according to their internal 

similarity. Despite the simplicity and effectiveness of this algorithm, it faces several challenges 

when applied , such as reliance on a random initial selection of centers (Initial Centroids), and the 

difficulty of determining the optimal number of clusters K in advance. If the number is 

inappropriate, the results may affect the accuracy of the clustering. Several recent studies have 

pointed to the importance of addressing these limitations. Naeem et al. (2023) provided a 

comprehensive review of unsupervised learning algorithms, highlighting their importance in 

analyzing unlabeled data and their applications in multiple fields such as computer vision and 

natural language processing. They emphasized the position of K-Means among the most widely 

used clustering algorithms [2]. Kowsic et al. (2024) proposed an improved version of K-means 

based on combining the elbow method with computational improvements to automatically 

determine the number of clusters and reduce time complexity. The results showed that the 

developed algorithm is more efficient than traditional K-means, especially when dealing with 

large or high-dimensional data sets [3]. A comparative study between it and the hierarchical 

clustering algorithm was also conducted by Divya and Maniraj (2025) to highlight the strengths 

and weaknesses of each. It showed that K-means is more efficient with well-defined data clusters, 
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while hierarchical clustering provides a clearer representation of hierarchical relationships 

between data [4]. In addition, Sinaga and Yang (2020) introduced the Unsupervised K-Means (U-

K-means) algorithm, which improves on the traditional version by automatically determining the 

optimal number of clusters and reducing the impact of the initialization problem [5]. In the 

financial domain, K-Means was applied by Huang, Zheng, Li, and Che (2024), where it was used 

to cluster banking transaction data and identify abnormal patterns that may indicate fraudulent 

activities [6].  It has also been applied in the social field to assess social assistance eligibility and 

classify families by poverty levels and needs [7] . In the field of smart education, K-Means was 

employed by Lahmadi, El Khattabi, Rahhali, and Oughdir (2024) to classify students' learning 

styles and allocate educational resources according to their individual needs, thereby enhancing 

the effectiveness of adaptive educational systems [8]. Alzahrani, Meccawy, Samra, and El-

Sabagh (2025) also addressed the application of K-Means in the field of e-learning, using student 

data from learning management systems (LMS) to discover weekly participation patterns. The 

results were validated using internal and external metrics, and the algorithm proved its ability to 

predict participation levels (low, medium, high) and link them to academic performance, making 

it an effective tool for supporting adaptive learning [9]. The dataset used in the analysis was 

obtained from Kaggle, a popular platform for sharing datasets and data science competitions [10]. 

Based on this background, this paper aims to review and apply the K-means algorithm to an 

unclassified dataset. We applied evaluation metrics to the algorithm to assess the performance of 

the clustering, identify optimal centers, and visually represent the results, thereby contributing to 

the understanding of the internal structure of the data and the extraction of hidden patterns. 

The concept of the clustering:  

Clustering is a method of unsupervised learning, where we deal with unlabelled data and try to 

discover patterns or internal structure in it. The main goal of clustering is to divide data into 

groups so that the elements within each group are as similar as possible, while being different 

from the elements in other groups. For example, if we have data on a group of clients relating to 

their ages, incomes, and number of purchases, clustering algorithms can help us discover the 

existence of client categories such as young people with average spending, or older people with 

high spending, and so on, without these categories being predefined. 

Types of clustering algorithms: 

1.k-Means algorithm is the best unsupervised clustering algorithm due to its simplicity and speed. 

It relies on determining the number of clusters (k) in advance. The idea behind the K-Means 
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algorithm is very simple: the sample set is divided into K clusters according to the distance 

between the samples. Make the points in the clusters as close to each other as possible, and make 

the distance between the clusters as large as possible. In other words, it is an iterative algorithm 

that divides an unlabelled data set into different clusters so that each data set belongs to only one 

cluster with similar characteristics. 

2.Hierarchical clustering is one of the clustering algorithms that does not require knowing the 

number of clusters in advance. The idea here is to build a hierarchical tree that shows how data 

can be gradually merged or divided. Clustering can start from the bottom, where each point is 

considered an independent cluster and then gradually merged, or from the top, where all points 

are considered a single cluster and then divided into smaller clusters. This type is suitable when 

we want to understand the relationships between clusters hierarchically. 

3.The DBSCAN algorithm is based on the idea of density. It searches for dense areas of data to 

form clusters, and considers sparse or isolated points as noise. The advantage of this method is 

that it does not require prior knowledge of the number of clusters and is able to handle complex 

cluster shapes and easily detect outliers. 

4.There is also the Mean-Shift algorithm, which gradually moves the centres of the clusters 

toward areas of higher density until they stabilize. This method is capable of automatically 

detecting the number of clusters, but it is usually slower than K-Means. 

MATERIALS AND METHODS: 

We have several auxiliary methods here: 

In this study, the k-means algorithm was created using: 

1.The Python programming language on the Spyder development environment, which is a 

powerful environment for scientific experiments and model creation.  

2.Several software libraries (numpy, pandas, matplotlib.pyplot, scipy.io) were used to implement 

and program the algorithm.  

3.A two-dimensional dataset consisting of 300 points (300,2). 

4.Measures to evaluate the quality of the algorithm's results, namely cohesion and separation 

measures, in addition to the target function.  

The data was taken from the Kaggle platform.  The algorithm was applied as follows. 
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Steps of the k-means algorithm : 

We applied the k-means algorithm to a dataset taken from the Kaggle platform, which is a two-

dimensional dataset, i.e., (300,2). We loaded the data into the algorithm and manually selected 

the number of centers k, choosing K=3. The algorithm was applied in the following steps: 

1.Center configuration: After manually selecting the number of groups k, we select random 

centers from the data sets, or what is known as the cluster center, which is the center of the group. 

However, at the beginning, the exact center of the data will be unknown, so we select random 

data points and identify them as centers for each group. The centers are configured using the 

following equation: 

 

        {      
      

         }                      (1) 

 

2.Cluster Assignment: After initialization, we assign each point to its nearest cluster center by 

calculating the Euclidean distance between the point and all cluster centers. The point is assigned 

to the cluster center with the smallest Euclidean distance among all centers, which is calculated 

using the following equation: 

                          ‖     
   ‖

 

             (2) 

 

3.Centroid Update: After assigning each point to its nearest cluster center, we update the location 

of each cluster center. The new cluster center Cj is the arithmetic mean of all points within the 

cluster, calculated using the following equation: 

 

  
     

 
 

    
 ∑            

                    (3) 

 

4.Iteration: After updating the centers, the assignment process is repeated again and continues 

until there is stability or a predetermined number of iterations T. Each time, the points are 

assigned to the new centers, and then the new centers C^(t+1) are calculated based on the points 

assigned to them. At this point, the new centers become as close as possible to their true values, 

representing the shape of the clusters more accurately and representatively, and can be 

represented mathematically: 

 

                               (4) 
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5.Objective function: After each iteration, we calculate the objective function, where the 

algorithm seeks to minimize the sum of squares within clusters, or what is known as the Within-

Cluster Sum of Squares (WCSS). This is the primary objective that the K-means algorithm seeks 

to minimize, through which we can determine whether the algorithm has improved or reached 

stability. It is calculated using the following equation: 

 

  ∑ ∑ ‖     ‖
 

     

 

   

         (5) 

 

6.Algorithm evaluation: After implementing the algorithm, we added evaluation metrics to the 

algorithm, which evaluate the quality of the clusters: 

 

a).Cohesion: This measure evaluates the quality of the cluster internally, where the distance 

between each point x within cluster j and the center c is calculated, and then the average of these 

distances is calculated. If the value is small, it means that the points are very close to the center, 

which means that the points are homogeneous. If the value is large, it means that the points are 

far apart and not homogeneous. 

It is calculated using the following equation: 

 

        (  )  
 

    
 ∑ ‖     ‖         

        (6) 

 

b).Separation: This measure evaluates the value of separating clusters from each other by 

calculating the distance between the center Cj and other centers Cl, where the smallest distance 

(closest to it) is taken. If the value is large, it means that the clusters are separated and spaced 

apart, but if it is small, it means that the clusters are very close together, which leads to the 

possibility of overlap. It is calculated using the equation: 

 

          (  )         ‖     ‖        (7) 
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Results and Discussion: 

This study focused on applying the k-means algorithm using Python programming to a two 

dimensional dataset consisting of 300 points (300,2). where we manually set the number of 

clusters k=3. After applying the algorithm steps, we focused on tracking the evolution that occurs 

in the clustering process through iterations, where we experimented with the number of iterations 

T=6. The quality of the algorithm results was evaluated using the evaluation metrics (Cohesion) 

and (Separation). 

 

Figure 1: The top part of the diagram shows the initial initialization of the cluster centers as well 

as the distribution of points in iteration 1, where the red points represent the data, while the larger 

points (blue, red, and green) represent the cluster centers. It can be seen that all data points are 

grouped into a single cluster (red) with the red center. The bottom part shows that in iteration 2, 

the algorithm started to distribute the points among the clusters, where the data points appear in 

three colors. However, the algorithm did not cluster the points accurately, as overlaps between 

them can still be observed. 

 

In addition to the objective function, which is calculated in each iteration. At the beginning of the 

first iteration, when the centers were randomly initialized, all points were clustered into one 

cluster, while the other two clusters did not contain any points (300,0,0), as shown in Figure 1. 

This was reflected in the high value of the objective function (J=4171.49) and also in the 

weakness of the Cohesion and Separation indices. However, in the second iteration, the algorithm 

began to distribute the points among the three clusters (154, 104, 42), as shown in Figure 2. The 

value of the objective function also decreased (J=1071.19), indicating that the algorithm began to 

improve the quality of the clustering by reducing the distance within the clusters. It was observed 

that the center moved towards new areas with higher point density, but there was still some 

overlap between the clusters. 
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Figure 2: The top part of the diagram shows that in iteration 3, the distribution of points became 

more balanced compared to iteration 2 (77, 102, 121). In addition, the objective function 

decreased to (J = 566.99), and there was an improvement in the evaluation metrics, where the 

Cohesion measure decreased while the Separation measure increased, indicating a clear 

enhancement in the quality of the algorithm’s results for achieving a more stable clustering. The 

bottom part of the diagram shows that in iteration 4, the points were distributed among the 

clusters (101, 100, 99), and the clusters became separated from each other, with each point 

grouped to its nearest cluster center. It was also observed that the objective function decreased 

further to (J = 268.312), along with an improvement in the evaluation metrics. 

 

 

 

 

 

 

 

 

 

Figure 3: The top part of the diagram shows that in iteration 5, the points stabilized into clusters 

(102, 100, 98) with a slight change in the objective function (J = 266.65) and in the algorithm’s 

evaluation metrics. The bottom part of the diagram shows that in iteration 6, the algorithm 

reached a stable stage, meaning no change occurred compared to iteration 5. The objective 

function remained at (J = 266.65), and the evaluation metrics (Cohesion and Separation) recorded 

their best results, indicating that the algorithm successfully clustered the data into three clusters. 

 

The results of applying the algorithm to the dataset showed that it was able to cluster the data into 

K=3 clusters and achieved good performance after evaluating each cluster using the Cohesion 

measure, which indicates a decrease in the distances between points within each cluster. The 

algorithm also achieved good results when using the Separation measure, which reflects an 

increase in the distances between the three clusters, as illustrated in Figure 4. In addition, a 

significant reduction in the objective function was observed, as its value dropped from 4719.65 to 

266.66 , as shown in Tables (1, 2, and 3). Each table presents the results obtained for each cluster. 
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Figure 4 also demonstrates the clear change in the Cohesion measure, where the values were 

initially very high (indicating weak clustering), then gradually decreased until stabilizing at 

values below 1. This reflects that the points are internally connected and well-integrated within 

each cluster, as shown in Figure 4 and Tables (1, 2, and 3). Moreover, Figure 4 highlights the 

noticeable change in the Separation measure, which was initially low but increased with each 

iteration. It should be noted that the Separation measure represents the distance between a cluster 

center and its nearest center, i.e., the average distance to the other centers in each iteration. The 

average Separation (avg Separation) was calculated for each iteration, as presented in Table 4 and 

illustrated in Figure 4. 

 

 
 

Figure 4: The graph shows the algorithm evaluation metrics over six iterations. The blue, orange, 

and green lines represent the cohesion of each cluster, which started high and then gradually 

decreased until it stabilized, indicating that the points became closer to the centers of their 

clusters. The black line shows Separation (avg), or how far apart the three clusters are from each 

other. We note that it was low at the beginning and began to rise with each iteration until it 

reached a final stable state, indicating that the clusters became more distinct. 

 

These results show that the K-means algorithm is simple and easy to use, but it is sensitive to 

configuration in terms of choosing the number of clusters. We manually selected the number of 

clusters K=3, which is one of the fundamental limitations of the K-means algorithm, especially in 

large and high-dimensional data, affecting the performance of the algorithm and the clustering 

process. Therefore, previous studies have addressed this problem using several methods, 

including the study by Gowsic et al. (2024), which highlighted this problem. It used a 

combination of the Elbow method and the K-means algorithm, which proved to be accurate and 

significantly improved the performance of the algorithm compared to the traditional version [3]. 

TABLE 1: SHOWS THE SIZE OF POINTS, THE COHESION MEASURE, THE 

SEPARATION MEASURE, AND THE OBJECTIVE_J VALUE FOR CLUSTER 1. 
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Itera.. Clust.0:Size Clust.0:Cohesion Clust.0:Sep.. Object_ J 

1 300 3.593 1.396 4719.65 

2 42 1.382 2.920 1071.19 

3 77 0.821 3.757 566.99 

4 101 0.823 4.127 268.32 

5 102 0.823 4.155 266.66 

6 102 0.823 4.155 266.66 

 

The table shows the results of the K-Means algorithm for group number (1) during six iterations 

when applied to a dataset consisting of 300 points, with the aim of analyzing the evolution of 

clustering performance across implementation stages. From the values shown, it can be seen that 

the cluster size decreased significantly from 300 points in the first iteration to 42 points in the 

second iteration as a result of the redistribution of points between clusters, then stabilized at 

around 102 points starting from the fourth iteration, indicating that the algorithm reached the 

convergence stage. The centers no longer changed. The cohesion value also decreased from 3.593 

to 0.823, reflecting an increase in the homogeneity of points within the cluster, while the 

separation value increased from 1.396 to 4.155, which is evidence of improved clarity of the 

boundaries between clusters. Similarly, the objective function (Objective_J) recorded a 

significant decrease from 4719.65 to 266.66, indicating a continuous improvement in the quality 

of the clustering and a reduction in the squared distance between the points and their centers. 

 

TABLE 2: SHOWS THE SIZE OF POINTS, THE COHESION MEASURE, THE 

SEPARATION MEASURE, AND THE OBJECTIVE_J VALUE FOR CLUSTER 2. 

Itera.. Clus..1:Size Clus..1:Cohesion Clus..1:Sep…. Object_J 

1 0 none 0.822 4719.65 

2 104 1.938 1.699 1071.19 

3 102 1.127 3.091 566.99 

4 100 0.833 3.583 268.32 

5 100 0.809 3.588 266.66 

6 100 0.809 3.588 266.66 
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The table shows the results of the K-Means algorithm for cluster No.(2) through six iterations on 

a dataset containing 300 points. Initially, the cluster did not contain any points (0 points in the 

first iteration), then it began to receive points, reaching 104 points in the second iteration, and 

stabilizing at 100 points starting from the fourth iteration, reflecting the stability of the data 

distribution within the cluster. The Cohesion value decreased from 1.938 to 0.809, Separation 

increased from 1.699 to 3.588, and Objective_J decreased from 1071.19 to 266.66, indicating an 

improvement in the quality of the grouping, the differentiation of the cluster from other clusters, 

and the stability of the algorithm. 

 

TABLE 3: SHOWS THE SIZE OF POINTS, THE COHESION MEASURE, THE 

SEPARATION MEASURE, AND THE OBJECTIVE_J VALUE FOR CLUSTER 3. 

Itera.. Clus..2:Size Clus..2:Cohesion Clus..2:Sep.. Object_J 

1 0 none 0.822 4719.65 

2 154 2.15 1.699 1071.19 

3 121 1.55 3.091 566.99 

4 99 0.84 3.583 268.32 

5 98 0.82 3.588 266.66 

6 98 0.82 3.588 266.66 

 

 

The table shows the results of the K-Means algorithm for cluster No. (3) through six iterations, 

on a dataset containing 300 points. Initially, the cluster did not contain any points (0 points in the 

first iteration), then it began to receive points, reaching 154 points in the second iteration, before 

stabilizing at around 98 points starting from the fifth iteration, reflecting the stability of the data 

distribution within the cluster. The Cohesion value decreased from 2.15 to 0.82, Separation 

increased from 1.699 to 3.588, and Objective_J decreased from 1071.19 to 266.66, indicating an 

improvement in the quality of the grouping, the differentiation of the cluster from other clusters, 

and the stability of the algorithm. 

 

TABLE 4: SHOWS THE EVOLUTION OF THE SEPARATION MEASURE FOR EACH 

CLUSTER OVER SIX ITERATIONS AND THE CALCULATION OF THE AVERAGE 

SEPARATION (AVG) FOR EACH ITERATION, AS ILLUSTRATED IN FIGURE 4. 

Itera.. Clus..0:Sep.. Clus..1:Sep.. Clus..2:Sep.. Sep..(avg) 

1 1.396 0.822 0.822 1.013 

2 2.920 1.699 1.699 2.106 

3 3.757 3.091 3.091 3.313 
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4 4.127 3.583 3.583 3.764 

5 4.155 3.588 3.588 3.777 

6 4.155 3.588 3.588 3.777 

 

The table shows the evolution of the separation metric for each cluster over six iterations, as well 

as the average separation for each iteration. We observe a clear increase in separation for all 

clusters: cluster 0 values rose from 1.396 to 4.155, cluster 1 from 0.822 to 3.588, and cluster 2 

from 0.822 to 3.588, indicating that the clusters became more separated and distinct with 

repetitions. The overall average separation shows an increase from 1.013 to 3.777, reflecting an 

overall improvement in the clarity of the boundaries between clusters and the stability of the 

clustering process after the fifth repetition. 

Conclusion : 

In this research paper, we applied the K-means algorithm to a two-dimensional dataset taken 

from the Kaggle platform with a size of (300,2) in order to cluster and analyze this data. After 

entering the data into the algorithm and specifying the number of clusters K=3, the points were 

clustered and distributed among them .The algorithm was implemented according to systematic 

steps that included: first, initializing the centers, then clustering the points around the nearest 

center of the three centers by calculating the Euclidean distance, then updating the cluster centers, 

and finally using evaluation metrics to assess the performance of the algorithm. The cohesion 

measure showed that the algorithm achieved good homogeneity within the clusters. The 

separation measure showed that the algorithm achieved a good level of separation. The objective 

J function index was calculated, which helped evaluate the gradual improvement of the 

algorithm. The objective J function index also helped evaluate the gradual improvement, as its 

value decreased from 4719.65 in the first iteration to 266.65 in the sixth iteration. This indicates 

the stability of the algorithm and its success in clustering points within clusters. This paper 

highlights the power of the K-means algorithm in simplifying and clustering data. The use of 

evaluation metrics enhanced the clarity and credibility of the results. Although choosing the 

number of clusters is one of its most important limitations, especially with large and high-

dimensional data, studies have shown that combining it with the Elbow Method improves 

performance and automatically determines the optimal number instead of manual determination. 

Overall, experiments have shown that the K-means algorithm is effective in clustering and 

unsupervised learning. The scientific contribution of this paper lies in its practical and 

explanatory aspects. It is a practical and educational addition that simplifies the understanding of 

the algorithm. It also relies on analyzing performance development through iterations using 

multiple evaluation metrics (Cohesion, Separation, Objective Function) simultaneously to 

evaluate the quality of the grouping, which adds scientific clarity in monitoring the performance 

of the algorithm. 

future work : 

1. Trying out the algorithm on real-world data that's bigger. 

2. Using methods to figure out the K number instead of picking it manually, like the Elbow 

Method. 
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3. Using more evaluation metrics for the algorithm. 

4. Select another algorithm and compare it with the K-means algorithm. 

5. Apply the algorithm to different fields, such as image analysis, text analysis, or medical data, 

to test its effectiveness.  
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