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Abstract: Clustering is a key method in unsupervised machine learning, which is
commonly used to find latent patterns in unlabeled datasets. This research
evaluates the efficacy of K-Means and K-Prototype clustering algorithms using
five benchmark datasets that include labeled, unlabeled, and mixed-type data.
After routine preprocessing, datasets were divided into 2 to 5 clusters, and a
Support Vector Machine (SVM) classifier was used to check the resulting cluster
assignments. Experimental results show that K-Means works better on labeled
datasets, while K-Prototype works better on unlabeled and mixed-type datasets.
Also, accuracy goes down as the number of clusters goes up, and the best results
are shown with two clusters. These results show how the type of data and the way
the clusters are set up affect how well clustering and classification tasks work.
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1. Introduction

Unsupervised machine learning is very effective when there isn't much labeled data, it's too expensive,
or it's not available [1]. Unsupervised approaches try to find hidden patterns, structures, or relationships in
data that hasn't been labeled [2], [3]. This is different from supervised learning, which uses labeled datasets.
Clustering is one of the most common methods in this group. It puts related data points into groups based
on their traits [4]. Finding natural groupings by clustering is useful in many areas, including healthcare [5],
marketing [6], finance [7], image processing [8], and cybersecurity [9].

K-Means is one of the most popular clustering algorithms due to its simplicity, efficiency, and ability to
handle large datasets [10], [11]. It works well for numerical data by grouping points so that each cluster has
minimal internal variation [12]. However, real-world datasets often contain both numerical and categorical
attributes. In such cases, the K-Prototype algorithm is more suitable [1], [13], as it extends K-Means to
handle mixed-type data using a different measure of dissimilarity for categorical values [14].

Evaluating clustering performance is challenging because, unlike supervised learning, there are no
predefined labels to compare against [15]. One way to address this is by using a post-clustering
classification approach [16], [17]. Here, the clusters formed are tested using a supervised model—such as
a Support Vector Machine (SVM)—to check how well the data points can be separated based on the clusters
[18], [19]. This hybrid method provides an indirect measure of clustering quality and has been explored in
previous works [20], [21].

In this study, we compare the performance of K-Means and K-Prototype on both labeled and unlabeled
datasets [1], [3]. We test their effectiveness under different conditions, including varying the number of
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clusters, and use multiple publicly available datasets [22]. Data preprocessing techniques are applied to
reduce noise and improve quality before clustering [23]. We then use SVM to evaluate the separability of
the clusters [18].

The paper is organized as follows: Section 2 reviews related work on clustering methods and evaluation
techniques. Section 3 describes the datasets and methodology, including preprocessing, clustering, and
classification steps. Section 4 presents the experimental setup, results, and comparison between K-Means
and K-Prototype on labeled and unlabeled data. Section 5 summarizes key findings and suggests directions
for future research in unsupervised learning and clustering evaluation.

2. Literature Review

Unsupervised machine learning, especially clustering, has been widely used in healthcare, cybersecurity,
finance, and behavioral analytics because it can find hidden patterns in datasets that don't have labels. K-
Means is still one of the most common clustering methods since it works well with big sets of numbers and
is easy to scale [1]. However, real-world datasets frequently encompass both numerical and categorical
variables, constraining the direct use of K-Means. To solve this problem, Huang [2] came up with the K-
Prototype algorithm, which uses the Euclidean distance metric from K-Means for numerical characteristics
and the dissimilarity measure from K-Modes for categorical attributes.

Sharma et al. [3] utilized K-Means clustering on patient medical records in healthcare applications to
discern high-risk groups, obtaining enhanced prediction performance when combined with Support Vector
Machine (SVM) classification. In a similar way, Singla and Bhatia [4] showed that K-Means followed by
SVM classification made it much easier to accurately forecast disease categories than clustering alone.
These results indicate that post-clustering classification can function as an efficient indirect assessment of
clustering quality.

In cybersecurity, Aljawarneh et al. [5] put forward a hybrid intrusion detection model that used K-Means
to group network traffic at first and then SVM to classify it, which led to better detection accuracy. Elngar
et al. [6] also used a K-Means—SVM pipeline to find anomalies in IoT environments and said that it had
lower false positive rates than other methods.

Beyond numerical datasets, Joshi and Dang [7] applied K-Means with SVM classification to predict
online user preferences in e-commerce, showing enhanced personalization accuracy. Kumar et al. [8]
extended this approach to educational data mining, where clustering was used to identify learning behavior
patterns prior to classification.

While prior works have explored K-Means extensively, fewer studies have investigated K-Prototype in
conjunction with SVM for mixed-type data. Kumari and Yadav [9] conducted a comparative analysis of K-
Means, K-Modes, and K-Prototype, concluding that K-Prototype produced better clustering quality for
mixed-attribute datasets. However, they did not evaluate the post-clustering classification performance,
leaving a research gap in understanding how such algorithms impact separability in supervised learning. A
consolidated summary of related works is presented in Table 1.

Table 1: Literature Review Analysis

Ref. Algorithm(s) Purpose Performance Evaluation
Measure
[1] K-Means, K-Prototype  Performance analysis Produced better clusters Efficiency and
for outlier detection using proposed accuracy
architecture

[2] Gray Wolf Compare  accuracy Achieved a 27.68% Accuracy
Optimization (GWOQO), with other methods accuracy improvement
Support Vector over baseline methods

Machine (SVM)
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[3] K-Prototype Measure user Clusters revealed more Clustering of
(combination of K- behavior accurate user mixed-attribute
Means and K-Modes) preferences data

[4] K-Means Application in data Demonstrated Algorithm

mining and pattern efficiency and behavior and
recognition promising results performance

[5] SVM with Sequential Improve SVM SMO outperformed Classification
Minimal Optimization efficiency standard SVM accuracy
(SMO)

[6] K-Means + SVM, Measure predictive Both K-Means SVM Accuracy
Weighted SVM performance  using and WSVM improved comparison
(WSVM) boosting classification accuracy

[8] K-Means, Genetic  Optimal feature Achieved 98.79% Accuracy of
Algorithm (GA), SVM  selection in data accuracy on reduced reduced datasets

mining datasets

[9] K-Means + SVM Hyperplane Selected most Time efficiency
Classifier (K-SVM) separation  between informative  samples,

two classes

improving efficiency

[71 K-Means, SVM Intrusion detection Achieved 90% detection Attack  detection
accuracy accuracy
[10] Basic K-Means, Address limitations of Enhanced K-Means Efficiency
Enhanced K-Means K-Means outperformed Basic K-
Means
[11] Improved K-Means Reduce dependence Improved K-Means Efficiency and
(based on  largest on initial points and outperformed Basic K- time
minimum distance) avoid local minima Means
[12] K-Means Improve time Removed limitations of Time efficiency
efficiency standard K-Means and performance
[13] K-Means, Euclidean Data analysis Provided efficient Performance
Distance clustering results evaluation
[14] K-Means, SVM Compare clustering K-Means produced High-dimensional
and classification for better results feature space
categorical data analysis
[15] SVM, Derivative-Free Process optimization  Efficiently performed Efficiency
Numerical Optimizer classification tasks
[16] SVM Pattern  recognition, Achieved 22x faster Accuracy and
regression, and results compared to speed
operator inversion baseline
3. METHODOLOGY

The proposed framework employs a hybrid evaluation strategy that integrates unsupervised clustering
with supervised classification to assess the performance of K-Means and K-Prototypes algorithms. The
methodology is organized into four primary stages: (1) dataset selection and preprocessing, (2) clustering,
(3) supervised classification, and (4) evaluation. The overall workflow is illustrated in Figure. 1.
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Efficiency of K-Prototype and K-Means Algorithm using Support Vetcor Machine (SVM)
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Figure 1: Proposed Methodology Diagram

3.1. Dataset Selection

Eight benchmark datasets were sourced from two widely recognized repositories: the UCI Machine
Learning Repository [24] and the KEEL (Knowledge Extraction based on Evolutionary Learning) Dataset
Repository [25]. These repositories were selected due to their dataset diversity, established use in prior
clustering and classification studies, and suitability for evaluating hybrid algorithms. The datasets
encompass both numerical and categorical features, making them appropriate for mixed-type clustering
algorithms such as K-Prototypes [1], [3], which combine Euclidean and categorical dissimilarity measures.

The datasets used include: the Adultt dataset [24], containing 48,842 instances with 14 categorical and
integer attributes, used for income classification with some missing values; the Hepatitis dataset [24] with
155 instances and 19 mixed-type attributes for survival prediction, also containing missing data; the
Primary Tumor dataset [24] comprising 339 categorical attributes aimed at tumor location classification
with missing values; the Arrhythmia dataset [24] with 452 instances and 279 mostly real-valued attributes
for arrhythmia diagnosis, containing missing data; the Monks-Problems dataset [24] with 432 categorical
instances used for binary classification, having no missing values; the Airlines Delay dataset [25] with
500 instances and categorical/integer features for flight status classification, without missing values; the
Credit Approval dataset [24] containing 690 mixed-type attributes for credit approval classification,
including missing values; and the Vowel (Japanese Vowels) dataset [24], a time series dataset with 640
real-valued attributes used for classification, without missing values. These datasets provide a
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comprehensive test bed for evaluating clustering algorithm performance across varied data types and
domains. A summary of the selected datasets, including size, type, and missing values, is presented in Table
2.

Table 2: Summary of Selected Datasets

Dataset Name # # Data Types Purpose Missing
Instances  Attributes Values

Adultt [24] 48,842 14 Categorical, Integer  Classification Yes

Hepatitis [24] 155 19 Real, Categorical, Classification Yes
Integer

Primary Tumor 339 17 Categorical Classification Yes

[24]

Arrhythmia [24] 452 279 Real, Categorical, Classification Yes
Integer

Monks-Problems 432 7 Categorical Classification No

[24]

Airlines Delay [25] 500 7 Categorical, Integer  Classification No

Credit Approval 690 15 Real, Categorical, Classification Yes

[24] Integer

Vowel (Japanese) 640 12 Real Classification No

[24]

3.2. Data Preprocessing

To ensure compatibility with the clustering algorithms and enhance performance, each dataset
underwent a standardized preprocessing pipeline.

* Missing values were addressed using mean or mode imputation [26], depending on the
attribute type, while records with excessive incompleteness were removed to maintain data
integrity.

*  Numerical features were normalized to a [0,1] range using Min—Max scaling [27] to prevent
bias in distance-based clustering.

* For categorical variables, preprocessing differed based on the clustering algorithm: in the case
of K-Means [2], categorical attributes were transformed into numerical form through one-hot
encoding [28], whereas for K-Prototypes, categorical attributes were preserved in their native
form to fully leverage the algorithm’s capability to handle mixed-type data.

This ensured comparability between the two clustering approaches and prevented distance bias.

3.3. Model Architecture

SMO classifier was used to evaluate two clustering algorithms: K-Means and K-Prototypes. Five
datasets were tested both with and without the class attribute to compare classification accuracy. Initially,
the K-Means technique was applied to each dataset, varying the number of clusters from 2 to 5. After
clustering, the resulting grouped datasets—first including the class attribute and then with the class attribute
removed—were fed into the SMO classifier to measure accuracy. Subsequently, the K-Prototypes
clustering algorithm was applied under the same conditions to assess its performance with and without class
labels.
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3.4. Clustering Phase

In the initial stage, datasets were grouped without the use of class labels to identify inherent data
structures.

*  For purely numerical datasets, the K-Means algorithm [2] was employed, utilizing Euclidean
distance as the similarity measure.

* In contrast, for mixed-type datasets containing both numerical and categorical attributes, the
K-Prototypes algorithm [1], [3] was applied, combining Euclidean distance for numerical
attributes with simple matching dissimilarity for categorical attributes.

This clustering process revealed the underlying patterns within the data, forming the foundation for
subsequent supervised evaluation. In this study, the number of clusters was systematically adjusted from 2
to 5 to assess the impact of cluster granularity on classification accuracy. This range was chosen because it
strikes a compromise between simplicity (fewer clusters) and granularity (more clusters), and it doesn't go
too far with the number of clusters, which can lead to over-segmentation. It is important to note that no
automatic cluster number discovery approach, such the elbow method or silhouette analysis, was used.
Instead, the goal was to look at how clustering worked and how well the classifier worked with a set range
of cluster values.

3.5. Classification Phase

To quantitatively evaluate the quality of clustering, the resulting cluster assignments were mapped to
the actual class labels using a Support Vector Machine (SVM) classifier [29].

This supervised step was included for two reasons:

1. Validation: checking how well unlabeled clusters align with ground truth via majority voting [30].

2. Predictive testing: assessing if discovered clusters improve downstream classification accuracy.
It facilitated predictive performance assessment, leveraging the SVM’s ability to model both linear
and non-linear decision boundaries [31] to achieve robust classification, even in high-dimensional
and complex datasets.

3.6. Performance Evaluation

To evaluate the performance of trained SVM classifier over clustered data, we have exploited ‘Accuracy’
classification metric. The formulae for its evaluation have been mentioned below.

TP+TN

Accuracy = ——
Y TP+TN+FP+FN

(M

4. Results and Discussion

The performance of K-Means and K-Prototype clustering algorithms was evaluated across multiple
datasets using the SMO classifier for accuracy measurement. The datasets used included Adultt, Hepatitis,
Primary Tumor, Arrhythmia, Monks-Problems, Airlines, Credit, and Vowel datasets. For each dataset,
clustering was performed with the number of clusters ranging from two to five, and experiments were
conducted using both datasets containing the class attribute and those with the class attribute removed. To
figure out how well the K-Means and K-Prototype clustering algorithms worked, we used the SMO
classifier in a 10-fold cross-validation scenario to find the classification accuracy. This method makes sure
that the results aren't biased toward either the training or the test data because each dataset is split into
training and testing subsets in several folds. The accuracies that were provided are the average performance
across all folds, not just the training data.

For the K-Means clustering technique, the Adultt dataset, comprising 48,842 instances and 14 attributes,
showed the highest classification accuracy of 97.57% when clustered into two groups including the class
attribute. However, at three and four clusters, the model trained on data without the class attribute
outperformed that with class labels. Similarly, the Hepatitis dataset, with 155 instances and 19 attributes,
achieved its peak accuracy of 92.85% at two clusters with class information included. Interestingly, for

73



MACHINES AND ALGORITHMS, VOL.004, NO.01, 2025 000050

clusters of four and five, the classifier trained on data excluding the class attribute demonstrated better
performance. The Primary Tumor dataset (339 instances, 17 categorical attributes) achieved perfect
accuracy (100%) at two clusters for both data variants, and also at three clusters without the class attribute.

The Arrhythmia dataset, which is more complex with 452 instances and 279 attributes, attained 100%
accuracy at two clusters for both dataset types. For higher cluster counts, models trained without class labels
showed improved results compared to those with class information. Finally, the Monks-Problems dataset,
containing 432 instances and seven categorical fields, reached a maximum accuracy of 92.3% with two
clusters across both dataset types. At higher cluster counts (3 to 5), models trained without the class attribute
outperformed those with it. Overall, the K-Means results consistently indicated that classification accuracy
declines as the number of clusters increases, with two clusters providing optimal accuracy. Furthermore,
inclusion of the class attribute generally benefitted models at low cluster counts, whereas for higher cluster
counts, models trained on data without class labels sometimes achieved better performance.
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Figure 3: Performance of K-Means on HEPATITIS Dataset
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Figure 4: Performance of K-Means on PRIMARY TUMOUR Dataset
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The K-Prototype clustering algorithm showed a similar trend of decreasing accuracy with increasing
cluster counts. On the Adultt dataset, the highest accuracy of 99.24% was achieved with two clusters on
data without the class attribute, surpassing K-Means results. For three to five clusters, models trained on
datasets including the class attribute performed better. The Airlines dataset, comprising 500 instances and
seven attributes, attained its peak accuracy of 98.73% at two clusters, equally on datasets with and without
class labels. The Credit dataset (690 instances, 15 attributes) achieved maximum accuracy of 96.33% with
two clusters on both dataset types; however, at three clusters, models trained with class labels outperformed,
while at four and five clusters, models without class labels were superior. The Hepatitis dataset yielded
97.82% accuracy with two clusters on data containing the class attribute. Lastly, the Vowel dataset, a time-
series dataset with 640 instances and 12 features, showed maximum accuracy of 96.96% at two and three
clusters for data without the class attribute. Models trained with class labels performed better at two and
three clusters, while models without class labels excelled at higher cluster counts. These results suggest that
the K-Prototype algorithm often outperforms K-Means, especially when class labels are removed, likely
due to its suitability for mixed data types.
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Figure 7: Performance of K-Prototype on ADULTT Dataset
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Table 3 summarizes the best accuracy results achieved across all datasets for both algorithms. It is
evident that both algorithms perform optimally with two clusters, and that the presence or absence of class
attributes influences classifier performance differently depending on the dataset and clustering method. The
general decline in accuracy with increasing cluster count may indicate over-segmentation, which negatively
impacts cluster homogeneity and classifier performance.
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Table 3: Results Evaluation

Dataset Algorithm Best Cluster Accuracy with Accuracy without Majority
Count Class (%) Class (%) Best

Adultt K-Means 2 97.57 - With Class

Hepatitis K-Means 2 92.85 — With Class

Primary K-Means 2,3 100 100 Without Class

Tumor (at 3)

Arrhythmia K-Means 2 100 100 Without Class

Monks- K-Means 2 92.3 923 Without Class

Problems

Adultt K- 2 ~9528 (at 5 99.24 Without Class
Prototype clusters)

Airlines K- 2 98.73 98.73 Equal
Prototype

Credit K- 2 96.33 96.33 Without Class
Prototype

Hepatitis K- 2 97.82 - With Class
Prototype

Vowel K- 2,3 ~96.96 96.96 Without Class
Prototype

The difference in performance between K-Means and K-Prototypes can be explained by the types of
datasets and the algorithms themselves. K-Means only uses Euclidean distance, which makes it better for
datasets with mostly numerical features (like Arrhythmia and Monks-Problems) but not as good for datasets
with a mix of types (like Adultt or Credit Approval). K-Prototypes, on the other hand, combines numerical
and categorical differences, which makes it better at finding patterns in datasets that include a lot of different
types of data. This is why it works better on datasets like Adultt and Airlines, where categorical variables
are very important for categorization.

The number of clusters is another thing that affects accuracy. The best results for both algorithms were
at two clusters. As the number of clusters increased, the accuracy went down. This drop could be because
of over-segmentation, which happens when you break data into smaller groups. This makes clusters less
homogeneous and makes it harder for the SVM classifier to map clusters back to ground-truth labels. It is
interesting that models trained without the class property occasionally did better than those trained with
labels. This implies that in some instances, eliminating the class attribute mitigated bias and enabled
clustering algorithms to identify more organic groupings, which were later confirmed using supervised
classification.

In general, the comparison results show that K-Means is easier to compute and works well with
numerical datasets, whereas K-Prototypes is more versatile and works better with mixed-type datasets in
the real world. This supports the idea of using a hybrid framework that uses supervised learning to check
the quality of clustering, making sure that unsupervised results are not only statistically sound but also
useful for making predictions.

This study mainly looks at K-Means and K-Prototypes, but it is also necessary to include other
sophisticated clustering approaches that have become popular in recent years. DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) is great at finding noise spots and dealing with clusters of
any shape, but it needs careful adjustment of its parameters and has trouble with changing densities.
Gaussian Mixture Models (GMM) presume that data comes from a mix of Gaussian distributions. This lets
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clusters take on different shapes, but GMMs are sensitive to how they are set up and need to know how
many components they have. Spectral Clustering uses graph theory to group non-convex structures, but it
is quite expensive to do this on big datasets.

K-Means is still fast and useful for purely numerical data, and K-Prototypes makes this efficiency work
for mixed-type data as well. This means that both algorithms are good candidates for large-scale real-world
datasets.

5. Conclusion and Future work

In this study, we investigated the performance of two prominent unsupervised clustering algorithms, K-
Means and K-Prototype, across multiple benchmark datasets. Our experimental framework involved
conducting clustering with varying numbers of clusters (from 2 to 5) and evaluating classifier accuracy
using the SMO (SVM) classifier on datasets both with and without the class attribute. The results
consistently showed that both clustering methods achieve their best performance when the number of
clusters is set to two. Increasing the number of clusters usually made the classifier less accurate, which
could mean that the clusters were too small and not strong enough to hold together. For K-Means, classifiers
trained on datasets containing the class attribute usually did better with fewer clusters, while models trained
without class labels usually did better with more clusters. On the other hand, the K-Prototype approach
usually gave more accurate results when trained on datasets that didn't have the class property. This shows
that it is good at working with heterogeneous data types. In general, the performance trends of both
algorithms were similar for cluster counts greater than two.

Our results show how important it is to choose the right number of clusters and the right data set for
clustering-based classification to work well. These insights enhance comprehension of the efficient
application of unsupervised clustering algorithms across various data sources and classification challenges.

In future research, we intend to expand this study by examining a wider array of clustering algorithms,
encompassing hierarchical, density-based, and model-based approaches. Also, using ensemble clustering
methods and more advanced feature selection methods could make clustering quality and classification
accuracy even better. Another good idea is to look at how different data pretreatment methods and
dimensionality reduction methods affect the results of clustering. In the end, these efforts are meant to
provide a stronger and more flexible clustering framework that can handle complicated real-world datasets.
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