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Abstract−Nowadays, there are numerous methods for analyzing data, one of which is cluster analysis. Because most practical data 

in today's analysis contains categorical attributes, categorical data clustering has recently received a lot of attention. To cluster 
categorical data, unsupervised machine learning techniques, which used frequency-based methods, such as K-Mode’s clustering 

are used. The K-Modes algorithm takes advantage of the differences between the data points (total mismatches or dissimilarities). 

The lower the dissimilarities, the more similar the data points, and thus the better the cluster. This paper aims to improve K-Mode’s 

clustering performance by incorporating the intercluster and intracluster dissimilarity measure, or IID measure, into the K-Modes 
algorithm rather than just using the standard simple-matching method to increase the algorithm's accuracy and execution time. This 

combined algorithm improves the accuracy and execution time of the K-Modes algorithm. As a result, this algorithm can be used 

as an alternative to better cluster categorical data. 
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1. INTRODUCTION 

Machine learning is continuously becoming a hot topic in the world. Machine learning has permeated all aspects of 

life. Starting with straightforward tasks like setting up a system to learn when to turn on or off the lights, predicting 

whether it will rain or not, and even predicting when an engine will break down. Complex examples include 

categorizing films into different genres, determining whether humans wear masks or not, and learning how to predict 

the outcome of cryptocurrencies and stocks. [1] 

Machine learning is separated into two types which are unsupervised and supervised learning. Supervised 

learning is relying on training data to be made into a model for the input data or testing data while unsupervised 

learning relies more on whole data to be grouped into similar characteristic data [2]. Unsupervised learning is 

commonly used for data without any labels or scores for the training data. One of the algorithms used for unsupervised 

learning is the K-Modes algorithm. K-Modes are created as an adjusted version of the K-Means algorithm to cluster 

categorical data [3]–[5]. K-Modes is a clustering method for categorical data that has been widely used in a variety of 

applications, including market segmentation and image classification [12]. To determine the distance between two 

objects, it employs a simple matching dissimilarity measure known as the Hamming distance rather than the Euclidean 

distance. Furthermore, it represents the cluster centroids using modes rather than means.  

Some issues have an impact on the quality of clusters created with the K-Modes algorithm. First, is the cluster 

assignment selection. [5] and then the measures of both similarity and dissimilarity of the non-numerical data [4], 

which sometimes cause a very slow execution time and mediocre accuracy. Many improvements have been made to 

the K-Modes algorithm to improve either the accuracy or the execution time. Although it has been improved numerous 

times, it is believed that there are still research gaps in the K-Modes clustering algorithm that could be improved in 

terms of accuracy and/or algorithm execution time. [6] 

The K-Modes algorithm was first proposed in 1998 by Huang to tackle the problem of clustering categorical 

data. The algorithm has had a few upgrades over the years with the latest one from Huang in 2009 in terms of 

initialization [3]. Then another improvement was proposed for the time complexity and accuracy by using a density-

based approach for the initialization Cao in 2012 [4,13].  The study's novelty lies in the dissimilarity measure of the 

K-Modes clustering by changing it from just using a simple matching method as proposed by Huang [3] into using a 

method known as intercluster and intracluster dissimilarity measure or will be mentioned as IID (InterIntra-Cluster 

Dissimilarity) measure. This method combines the object's relationship with the different clusters or will be called 

Inter-cluster and with the relationship inside the same cluster Intra-cluster. The IID method was first implemented in 

the K-Means algorithm as an added method for feature selection in the algorithm [7] and then also implemented in 

other clustering algorithms such as TaxMap [14], heuristic [15], and Mobile Sink algorithm [16,17]. The IID 

implementation on those algorithms has numerous good results such as improved accuracy and execution time. 

2. RESEARCH METHODOLOGY 

The design of the research is stated below: 

2.1 Research Object 
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The K-Modes clustering algorithm is the focus of the thesis. To improve K-Modes, the distance measure is changed 

rather than using simple matching, and the result is compared to the standard K-Modes algorithm or regular K-

Means. [8] 

2.2 Data Collection 

This section contains the explanation, the structure, and the content of the data used in this thesis. The datasets used 

are taken from the University of California, Irvine (UCI) Machine Learning repository. 

2.3 Proposed Algorithm and Implementation 

This section contains an explanation of the proposed algorithm to enhance K-Modes called IID (InterIntra Cluster 

Dissimilarity) which combines the object's relationship with all clusters (inter-cluster) with that within clusters (intra-

cluster). The algorithm will be used to change the dissimilarity measure within K- The modes algorithm to refine the 

accuracy of the algorithm hypothetically [7]. The research is illustrated below in Figure 2 : 

 

Figure 1. Process of K-Modes Optimization 

As shown in Figure 1, after data collection is finished, then comparation between the traditional K-Modes and 

Optimized K-Modes will be done by looking at the time and accuracy of those algorithms. Then the result will be 

analyzed to determine whether or not optimization using IID algorithm on K-Modes is capable on increasing both the 

accuracy and time. 

2.4 Data Collection 

The K-Modes with the IID algorithm are tested using the datasets obtained from the UCI Machine Learning repository. 

The Chess, Nursery, Wisconsin Breast Cancer, and Lung Cancer datasets were used. The information about the 

datasets can be seen in Table 1. 

Table 1. Datasets 

No Dataset Attribute characteristics # of objects # of attributes # of Class 

1 Chess Categorical 3196 36 2 

2 Nursery Categorical 12960 8 5 

3 Wisconsin Breast Cancer Numerical 699 10 2 

4 Lung Cancer Numerical 32 56 3 

In Table 1, there are 4 datasets used on this paper. The first dataset is using Chess dataset which contains 

categorical variables with 3196 number of objects, 36 number of attributes, and two number of classes. The second 

dataset is using Nursery dataset which contains categorical variables with 12960 number of objects, eight number of 

attributes, and five number of classes. The third dataset is using Wisconsin Breast Cancer dataset which contains 

numerical variables with 699 number of objects, ten number of attributes, and two number of classes. The fourth 

dataset is using Lung Cancer dataset which contains numerical variables with 32 number of objects, 56 number of 

attributes, and three number of classes. 

2.5 Proposed Algorithm and Implementation 

The proposed method is called the InterIntra-Cluster Dissimilarity measure or will be known as IID would be applied 

in the distance measure of the K-Modes algorithm. IID considers the relationship between the object and all clusters 

as well as that within clusters instead of just simple matching. The Pseudocode of this algorithm can be reviewed 

below in Figure 3: 
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Figure 2. Pseudocode of K-Modes with IID Algorithm 

A shown in Figure 2, this proposed approach could minimize the K-Modes cluster problem because it 

replaces the initial simple matching from the K-Modes algorithm with the InterIntra Cluster dissimilarity (IID) 

measure to be able to increase the accuracy and execution time of the algorithm by assigning supposed similar data 

points to more appropriate cluster rather than just assigning it into a random cluster. 

3. RESULT AND DISCUSSION 

The proposed algorithm's performance in terms of accuracy and execution time is compared to standard K-Modes 

with Huang [3] and Cao [5] initialization. Because both of the standard K-Modes are executed with a known class in 

their cluster parameter, the standard K-Modes is executed several times in the experiment to obtain the average value 

of the result [9], [10].  

To evaluate the clustering result, several parameters are passed into the K-Modes model provided by Python 

Package Index, or PyPI. The experiments are carried out on a Laptop with an AMD Quad-Core FX-9800P processor 

and 8GB memory running the Windows 10 operating system. All algorithms are written in Python on Jupyter 

Notebook. 

To evaluate the performance of the algorithm, we use two kinds of clustering evaluations, which are the 

Fowlkes-Mallows score and RandIndex. Let Table 2 be an example for Fowlkes-Mallows and RandIndex as follows: 

Table 2. Score Labels 

Labels 
Cluster Results 

0  1 

Measured Data 
0 1  1 

1 1  0 

 As shown in table 2 above, the True Positive (TP) of the Fowlkes-Mallows and RandIndex score is the number 

of data points that are present in both Cluster 1 (C1) and Cluster 2 (C2). The False Positive (FP) of the Fowlkes-

Mallows score is the number of data points that are present only in Cluster 1 (C1) while the False Negative (FN) of 

the Fowlkes-Mallows and RandIndex score is the number of data points that are only present in Cluster 2 (C2). The 

equation for Fowlkes-Mallows score as Equation 6 is shown below: 

𝐹𝑀 =  
𝑇𝑃

√(𝑇𝑃+𝐹𝑃).(𝑇𝑃+𝐹𝑁)
    (1) 
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The equation for the RandIndex score as Equation 7 is shown below: 

𝑅𝐼 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
     (2) 

The adjusted RandIndex formula as shown in equation 7 above is a chance-corrected version of the RandIndex. 

A benchmark is established by utilizing a few comparisons between each cluster which is indicated by a random 

clustering model’s expected similarity. While the RandIndex can only return values between 0 and +1, the adjusted 

RandIndex can return negative values if the index is less than the expected index [11]. The equation of Adjusted 

RandIndex as Equation 8 and Equation 9 are shown below: 

𝐴𝑅𝐼 =  
𝑇𝑃−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑅𝐼

𝑀𝑎𝑥(𝑅𝐼)−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑅𝐼
     (3) 

𝑀𝑎𝑥(𝑅𝐼) =  
𝐹𝑃+𝐹𝑁+2𝑇𝑃

2
    (4) 

In the experiments, we compare the K-Modes with the IID algorithm with the K-Modes with Huang and Cao 

initialization. The three algorithms are run sequentially on all the datasets. The parameters that are passed to the K-

Modes algorithm are as follows: The cluster number is the number of clusters that must be formed and generated, and 

the cluster number will be set based on the classes of each dataset respectively. The maximum iteration is set to 100 

to limit the iteration and the number of initiation will be set to 25 for all datasets which is the best run for each of the 

datasets. The Repeat parameter is used to repeat the process a set number of times. 

The Fowlkes-Mallows and RandIndex score results with the execution time of the three algorithms on each 

dataset can be shown in Table 3-6. It shows that the K-Modes with the IID algorithm get the highest score out of all 

the algorithms in each repetition. 

Table 3. Performance Evaluation On Chess Dataset 

Repeat Algorithm Fowlkes-Mallows (%) Adjusted RandIndex Execution Time (s) 

1 K-Modes Huang 55.2 0.031 88 

K-Modes Cao 58.3 0.016 7 

K-Modes IID 61.1 0.095 58 

2 K-Modes Huang 55.2 0.031 194 

K-Modes Cao 58.3 0.016 18 

K-Modes IID 59.3 0.067 91 

3 K-Modes Huang 54.8 0.015 143 

K-Modes Cao 58.3 0.016 9 

K-Modes IID 59.3 0.062 84 

4 K-Modes Huang 55.3 0.022 90 

K-Modes Cao 58.3 0.016 9 

K-Modes IID 61.9 0.1 67 

5 K-Modes Huang 55.3 0.022 106 

K-Modes Cao 58.3 0.016 8 

K-Modes IID 62.4 0.055 59 

The Fowlkes-Mallows score of the Chess dataset is illustrated below in Figure 4 : 

 

Figure 4. Fowlkes-Mallows Score of Chess Dataset 

The RandIndex score of the Chess dataset is illustrated below in Figure 5 : 
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Figure 5. Adjusted RandIndex Score of Chess Dataset 

As shown in table 3 above, the result score of Fowlkes-Mallow and Adjusted RandIndex  on the chess dataset 

can be inferred that the K-Modes with IID is higher than both K-Modes Huang and Cao. Although, it still lost in terms 

of time spent by K-Modes with Cao algorithm. The illustrated result of K-Modes with IID performacne can be seen 

on Figure 4 for Fowlkes-Mallow result and Figure 5 for Adjusted RandIndex score. 

Table 4. Performance Evaluation On Nursery Dataset 

Repeat Algorithm Fowlkes-Mallows (%) Adjusted RandIndex Execution Time (s) 

1 

K-Modes Huang 27.8 0.029 148 

K-Modes Cao 31.5 0.064 8 

K-Modes IID 35.8 0.127 99 

2 

K-Modes Huang 31.3 0.062 161 

K-Modes Cao 31.5 0.064 8 

K-Modes IID 32.9 0.086 132 

3 

K-Modes Huang 29.4 0.039 160 

K-Modes Cao 31.5 0.064 8 

K-Modes IID 32.7 0.083 133 

4 

K-Modes Huang 30 0.051 161 

K-Modes Cao 31.5 0.064 8 

K-Modes IID 33.3 0.092 152 

5 

K-Modes Huang 30.1 0.045 177 

K-Modes Cao 31.5 0.064 8 

K-Modes IID 35.3 0.120 161 

The Fowlkes-Mallows score of the Nursery dataset is illustrated below in Figure 6 : 

 

Figure 6. Fowlkes-Mallows Score of Nursery Dataset 

The RandIndex score of the Nursery dataset  is illustrated below in Figure 7 : 
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Figure 7. RandIndex Score of Nursery Dataset 

As shown in table 4 above, the result score of Fowlkes-Mallow and Adjusted RandIndex  on the nursery 

dataset can be inferred that the K-Modes with IID is higher than both K-Modes Huang and Cao. Although, it still 

lost in terms of time spent by K-Modes with Cao algorithm. The illustrated result of K-Modes with IID performacne 

can be seen on Figure 6 for Fowlkes-Mallow result and Figure 7 for Adjusted RandIndex score 

Table 5. Performance Evaluation On Wisconsin Breast Cancer Dataset 

Repeat Algorithm Fowlkes-Mallows (%) Adjusted RandIndex Execution Time (s) 

1 

K-Modes Huang 86 0.669 8 

K-Modes Cao 86 0.669 0.59 

K-Modes IID 90.9 0.796 1.4 

2 

K-Modes Huang 86 0.669 8 

K-Modes Cao 86 0.669 0.59 

K-Modes IID 90.9 0.796 1.53 

3 

K-Modes Huang 86 0.669 6.63 

K-Modes Cao 86 0.669 0.52 

K-Modes IID 90.9 0.796 1.53 

4 

K-Modes Huang 86 0.669 9.19 

K-Modes Cao 86 0.669 0.57 

K-Modes IID 90.9 0.796 1.6 

5 

K-Modes Huang 86 0.669 6.55 

K-Modes Cao 86 0.669 0.51 

K-Modes IID 90.9 0.796 1.62 

The Fowlkes-Mallows score of the WBC dataset is illustrated below in Figure 8 : 

 

Figure 8. Fowlkes-Mallows Score of WBC Dataset 

The RandIndex score of the WBC dataset  is illustrated below in Figure 9 : 
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Figure 9. RandIndex Score of WBC Dataset 

As shown in table 5 above, the result score of Fowlkes-Mallow and Adjusted RandIndex  on the WBC dataset 

can be inferred that the K-Modes with IID is higher than both K-Modes Huang and Cao. Although, it still lost in terms 

of time spent by K-Modes with Cao algorithm. The illustrated result of K-Modes with IID performacne can be seen 

on Figure 8 for Fowlkes-Mallow result and Figure 9 for Adjusted RandIndex score 

Table 6. Performance Lung Cancer Dataset 

Repeat Algorithm Fowlkes-Mallows (%) Adjusted RandIndex Execution Time (s) 

1 

K-Modes Huang 53.1 0.117 2.96 

K-Modes Cao 46.8 -0.01 0.13 

K-Modes IID 60.9 0.2 2 

2 

K-Modes Huang 53.3 0.127 3.72 

K-Modes Cao 46.8 -0.01 0.2 

K-Modes IID 63.4 0.266 2 

3 

K-Modes Huang 50.2 0.084 3.72 

K-Modes Cao 46.8 -0.01 0.24 

K-Modes IID 59.7 0.204 1.97 

4 

K-Modes Huang 49.9 0.087 2.96 

K-Modes Cao 46.8 -0.01 0.17 

K-Modes IID 60.6 0.228 2.47 

5 

K-Modes Huang 55.1 0.169 2.99 

K-Modes Cao 46.8 -0.01 0.14 

K-Modes IID 69.5 0.314 2.17 

The Fowlkes-Mallows score of the Lung Cancer dataset is illustrated below in Figure 10 : 

 

Figure 10. Fowlkes-Mallows Score of Lung Cancer Dataset 

The RandIndex score of the Lung dataset  is illustrated below in Figure 11 : 

https://ejurnal.seminar-id.com/index.php/bits
https://creativecommons.org/licenses/by/4.0/


Building of Informatics, Technology and Science (BITS)  
Volume 4, No 4, Maret 2023 Page: 1705−1713  
ISSN 2684-8910 (media cetak)  
ISSN 2685-3310 (media online) 
DOI 10.47065/bits.v4i4.2791 

Copyright © 2023 Farah Yulianti, Page 1712  
This Journal is licensed under a Creative Commons Attribution 4.0 International License 

 

Figure 11. RandIndex Score of Lung Cancer Dataset 

As shown in table 6 above, the result score of Fowlkes-Mallow and Adjusted RandIndex  on the lung cancer 

dataset can be inferred that the K-Modes with IID is higher than both K-Modes Huang and Cao. Although, it still lost 

in terms of time spent by K-Modes with Cao algorithm. The illustrated result of K-Modes with IID performacne can 

be seen on Figure 10 for Fowlkes-Mallow result and Figure 11 for Adjusted RandIndex score 

Based on the results of the experiment above in table 3-6 and figure 4-11, the K-Modes with the IID algorithm 

are stable in terms of accuracy, meaning have a significant improvement, and can be used as an alternative to better 

cluster categorical data. Although execution time still falls behind K-Modes with Cao initialization, it is still faster 

and more reliable rather than K-Modes with Huang initialization. 

4. CONCLUSION 

This study examines the use of Intercluster and Intracluster dissimilarity measures of the K-Modes algorithm for 

categorical data. Based on this, we propose to combine K-mode with the IID algorithm to improve categorical data 

grouping. This measure is used to improve the performance of existing K-Mode algorithms. On four real data sets 

from the UCI, we tested K-Modes with the IID algorithm. Several conclusions can be drawn from this experiment 

namely that the accuracy and execution time of K-Mode is improved by combining the K-Modes algorithm with the 

InterIntra Dissimilarity or IID measure, K-Mode with IID improves K-Mode accuracy with Huang and Cao 

initialization significantly,  K-Mode with IID outperforms K-Mode with Huang initialization in terms of execution 

time but still lags behind K-Mode with Cao initialization and K-Mode with IID has better accuracy based on Fowlkes-

Mallows and RandIndex Score. In the future, we hope to improve the algorithm by adding some improvements, 

especially in terms of making the execution time faster. 
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