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ABSTRACT. Cancer is a leading cause of death worldwide, resulting in nearly 10 million deaths or almost one-sixth of
all deaths in 2020. Effective primary prevention measures can prevent at least 40% of cancer cases. Cancer mortality
rates are higher in developing countries than in developed countries, reflecting disparities in addressing risk factors,
detection success, and available treatments. Women in developing countries most frequently suffer from cervical
cancer. It is crucial for communities, especially women, to have knowledge about the risk factors for cervical cancer.
One potential solution to this issue is the role of machine learning in analyzing cervical cancer patient data. This study
uses the K-Prototypes clustering algorithm, which can cluster mixed data, both numerical and categorical. Cervical
cancer risk factor data were used in this research. Feature selection was performed to improve the performance of
the K-Prototypes algorithm, using feature selection methods Variance Threshold and Correlation Coefficient. The best
performance of the K-Prototypes algorithm was obtained using the Correlation Coefficient, as reviewed based on a
Silhouette Coefficient of 0.6, a Davies-Bouldin Index of 0.6, and a Calinski-Harabasz Index of 1.080. Interpretation
of the clusters formed revealed major differences in the characteristics of risk factors between two clusters, namely
age, menopause, and health conditions such as leukorrhea, bleeding, lower abdominal pain, and loss of appetite.
Meanwhile, factors related to previous history, reproductive health, and nutritional issues did not show significant
differences. The K-Prototypes algorithm is expected to be a solution in identifying groups based on cervical cancer risk
factors to assist medical professionals in decision-making and subsequent actions, as well as to provide knowledge to

the public.

1. Introduction

According to the World Health Organization (WHO), cancer
was responsible for nearly 10 million deaths, or about one-sixth
of all deaths in 2020. One in five people globally will develop can-
cer during their lifetime. Preventing cancer is one of the biggest
public health challenges of the 21st century. The mortality rate
from cancer is higher in developing countries compared to de-
veloped countries. This discrepancy indicates variations in risk
factor management, detection effectiveness, and treatment avail-
ability [1]. The modeling of cancer dynamics can be found in [2].

Cancer is a non-communicable disease characterized by the
abnormal growth of malignant tissues or cells in the body. Cancer
cells proliferate rapidly, invade nearby areas, and spread to other
parts of the body. Cervical cancer affects the cervical area of the
uterus (cervical neck), a region in the female reproductive organ
that serves as the entrance to the uterus, located between the
uterus and the vaginal canal (vagina) or the lower uterus [3]. One
of'the main triggers of cervical cancer is infection with the Human
Papillomavirus (HPV), which is commonly spread through sexual
contact with individual [4].

In developing countries, cervical cancer is the most preva-
lent among women [5]. According to the Indonesian Ministry of
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Health’s estimates in 2018 [6], the incidence of cervical cancer in
women, as new cases, ranged from 90 to 100 per 100,000 peo-
ple, with about 40,000 new cases occurring each year. Further-
more, in 2022, WHO reported that cervical cancer ranked as the
fourth most common cancer among women worldwide, with an
estimated 660,000 new cases and 350,000 deaths [1]. Society,
especially women, needs knowledge about cervical cancer risk
factors; however, many lack this knowledge due to limited access
to healthcare services and a lack of understanding about the dis-
ease [7]. The impact of cervical cancer cases in Indonesia poses
a significant challenge for patients and their families, healthcare
workers, and potentially places a substantial financial burden on
the government. Therefore, increasing efforts in prevention and
early detection are crucial for all parties involved.

Machine learning plays an essential role in efficiently and
accurately identifying data related to cervical cancer risk factors.
One approach to problem-solving using machine learning is clus-
tering. P. Gupta et al. did detection and subsequent prevention
using data mining techniques on patient information to predict
the occurrence of cervical cancer [8]. In addition, previous re-
search have applied clustering algorithm for patient’s data from
a disease, such as Clustering Cervical Cancer based on Compar-
ison between Euclidean and Manhattan using K-Means Method
[9], Data Clustering Mining Applying the K-Means Algorithm, Cer-
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Table 1. Cervical cancer stage

Stage Information
I The carcinoma is strictly confined to the cervix
1A Invasive carcinoma that can be diagnosed only by microscopy, with maximum depth of invasion
<5mm
IA1 Measured stromal invasion < 3 mm in depth
1A2 Stromal invasion measuring > 3 mm and < 5 mm in depth
IB Invasive carcinoma with stromal invasion > 5 mm, confined to the cervix uteri
IB1 Invasive carcinoma with stromal invasion > 5 mm and < 2 c¢m in greatest dimension
B2 Invasive carcinoma measuring > 2 ¢m and < 4 ¢m in greatest dimension
IB3 Invasive carcinoma > 4 cm in greatest dimension
11 Tumor extends beyond the uterus but not to the pelvic wall
1A Without parametrial invasion
11A1 Invasive carcinoma < 4 c¢m in greatest dimension
11A2 Invasive carcinoma > 4 cm in greatest dimension
1B With parametrial invasion

111 Tumor involves the pelvic wall and/or the lower third of the vagina, and/or causes hydronephrosis

or non-functioning kidney

1A Tumor involves the lower third of the vagina without extension to the pelvic wall
1B Tumor extends to the pelvic wall and/or causes hydronephrosis or non-functioning kidney
1IC Tumor involves pelvic and/or para-aortic lymph nodes, regardless of tumor size or extent

1IC1 Pelvic lymph node metastasis
IIIC2  Para-aortic lymph node metastasis
\Y% Extended beyond the true pelvis or has involved (biopsy proven) the mucosa of the bladder or

rectum

IVA Spread of the growth to adjacent pelvic organs

IVB Spread to distant organs

vical Cancer Behaviour Risk [10], Clustering of Risk Factors for
Coronary Heart Disease Using The K-Prototypes Algorithm [11],
Innovative Incremental K-Prototypes Based Feature Selection for
Medicine and Healthcare Applications [12], Cluster Analysis of Di-
abetes Patients’ Data for Identify Pattern and Characteristics Pa-
tients [13], Comparison of Various clustering techniques for diag-
nosis of breast cancer using DBSCAN and Hierarchical Clustering
[14], Pre Cervical Cancer Detection on Visual Inspection of Acetic
Acid (VIA) Test Image Using K-Means Clustering Method [15], and
Optimization of K-Means Attribute Selection Using Correlation
Matrix in Patient Disease Clustering [16].

This study uses data on the risk factors of cervical cancer
patients at X hospital in DKI Jakarta from 2021 to 2023 with 1166
observations and 36 features. The K-Prototypes algorithm was
chosen due to its ability to handle issues related to mixed data
types, both numerical and categorical. Feature selection is con-
ducted to improve the algorithm’s efficiency. Two feature selec-
tion methods are used: the Variance Threshold and the Correla-
tion Coefficient. The Variance Threshold can eliminate features
with low variability which do not provide much information for
clustering, and the Correlation Coefficient method reduced fea-
ture pairs with high correlation by removing one of the correlated
features, as they are considered to provide redundant informa-
tion for clustering. Both feature selection methods were chosen
because they are effective for both numerical and categorical fea-
tures, and also do not require labeled data. The performance of
the K-Prototypes algorithm will be evaluated by reviewing the Sil-
houette Coefficient, Davies-Bouldin Index, Calinski-Harabasz In-
dex, and Running Time.

2. Research Methodology
2.1. Stage and Risk Factors of Cervical Cancer

According to the Indonesian Ministry of Health’s Guidelines
for the Management of Cervical Cancer, issued in 2018, the ini-
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tial step to reduce cervical cancer incidence is to identify risk
factors. Risk factors are any factors that increase the likelihood
of developing a disease [17]. The risk factors that may increase
the likelihood of developing cervical cancer, include early age at
first sexual intercourse, multiple sexual partners, smoking, high
parity, long-term use of oral contraceptive pills, low economic
status, co-infection with sexually transmitted infections, unpro-
tected sexual intercourse, immune system disorders, HPV geno-
types 16 and 18, co-infection with HIV, male circumcision, and
poor diet [18].

The stage of cervical cancer is determined clinically by con-
sidering the size of the tumor and the extend of its spread. A
high stage indicates that the cancer has spread extensively. A
low stage indicates that the cancer has not spread extensively
[19, 20]. The cervical cancer stage can be found in Table 1.

2.2. Feature Selection

Feature selection is a feature learning process where the
goal is to select a subset of variables from the input which can ef-
ficiently describe the input data while reducing effects from noise
or irrelevant variables and still provide good prediction results
[21]. In this research, feature selection using Variance Threshold
and Correlation Coefficient was used. Variance Threshold deter-
mines the variance threshold and eliminating feature with a vari-
ance below the threshold which can be calculated by eq. (1):

Sy (i — 75)?

Var(z;) = ==— =~ 1
() - 1)
where z;, j =1, 2, ..., m are individual values from all fea-
tures, Z;, j = 1, 2, ..., m are mean values from all features,

and n are total observation.

On the other hand, Correlation Coefficient is the statisti-
cal measure that indicates the strength of the linear relationship
between two features. Two of the Correlation Coefficient meth-
ods are Pearson and Kendall. Pearson Correlation (r) measures

Volume 6 | Issue 3 | September 2025
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Table 2. K-Prototypes workflow

Step Description
1 Determine the number of clusters (k) to be formed. In this research, we used Elbow method.
2 Select the centroids (c) from the dataset randomly.
3 Calculate the distance for each data point based on the distance measure in eq. (4). Assign each observation to
the cluster closest to it.
4 Re-evaluate the similarity of observations to the current centroid. If any observation is found to be closer to

another cluster than its current cluster, reassign the observation to the closer cluster and update the cluster
memberships.

5 Repeat steps 2, 3, and 4 until no observations change clusters or convergence is achieved. Convergence criteria
indicate that there are no changes in cluster memberships during the subsequent iteration.

Table 3. SC Value Interpretation

236

SC value interpretation
0.7 < SC <1.0 Thereis a “very strong bond” between observations and the formed cluster.
0.5 < SC <0.7  There is a “fairly strong bond” between observations and the formed cluster.
0.25 < SC < 0.5 There is a “weak relationship” between observations and the formed cluster.
SC <0.25 There is “no bond” between observations and the formed cluster.

Elbow Method
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Figure 1. Elbow method.

the strength and direction of the linear relationship between two
continuous variables that are normally distributed which can be
calculated by eq. (2):

- n (N aw) — (Nz) (L)
Vet - (e v — (w2

where n are total observations, x; is i-th values of feature z, y;
is i-th values of feature y, and x;y; is i-th values of feature z, y.

Kendall Correlation (7) measures association based on the
difference between the probability of concordance and discor-
dance between two observed features, X and Y, which can be
calculated by eq. (3):

(2)

C-D
I o

where C' is the number of concordant pairs, D is the number of
discordant pairs, and n is the number of observation.

2.3.  K-Prototypes Algorithm

Clustering is the process of dividing a large set of data
points into smaller clusters so that the data points in each clus-
ter have unique characteristics. The K-Prototypes algorithm, pro-
posed by Huang in 1998 [22], is an extension of the K-Means and
K-Modes algorithms. K-Prototypes groups a mixed dataset con-
taining both numerical and categorical features into k different

| Jambura J. Biomath

clusters [12]. It is well-known as a non-hierarchical clustering al-
gorithm that handles mixed data due to its clear, measurable,
and convergent capabilities. It introduces a new representation
of the cluster center (centroid) and provides a new definition of
the similarity measure between observations and the centroid
which can be calculated by eq. (4):

Pr Dt
A, 2") = (2 =27+ Y, 6@, 2), @)
=1 j=1+1
where
d(xl, zI™) distance of i-th mixed observation to

[-th cluster centroid,
Euclidean Distance used in K-Means,
Simple Matching used in K-Modes,

z;l@c;j - 2;)?
r 5(:c§j,zfj)

j=1+1
Y = : standard deviation of numeric feature
in each [-th cluster,
Dr : total numeric features,
Dy :  total categorical features.

The workflow of the K-Prototypes algorithm is detailed in Table 2.

Based on step 1, the Elbow method is used to determine
the optimal number of clusters by observing a point where the
number of clusters forms an elbow by calculating the Sum of
Squared Error (SSE) for each number of clusters as in eq. (5). If the

Volume 6 | Issue 3 | September 2025
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Pearson Correlation Matrix for Numerical Features
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Figure 2. (a) Pearson correlation. (b) Kendall correlation.

Table 4. Performance evaluation of K-Prototypes

Performance Index

Without Feature Selection

Variance Threshold  Correlation Coefficient

Silhouette Coefficient 0.543
Davies-Bouldin Index 0.723
Calinski-Harabasz Index 1235.650
Running Time (s) 16.907

0.544 0.604
0.721 0.600
1240.673 1808.677
3.433 4.048

plot or the values of SSE show a significant decrease between the
first and second clusters, or if there is a noticeable change in the
slope of the SSE curve, then that number of clusters is considered
optimal [23].

n

k
SSE =" "laix — ul?, (5)

k=11=1

where k is the total number of clusters, n is the total number of
observations, z; i is the feature value from i-th observation from
k-th cluster, and w,, is the centroid from k-th cluster.

2.4. Performance Evaluation of Clustering

To evaluate the performance of clustering algorithms,
we used the Silhouette Coefficient, Davies-Bouldin Index, and
Calinski-Harabasz Index. Silhouette Coefficient (SC) is the quality
of clustering can be assessed by measuring the distance between
each observation within a cluster to points in other clusters, eval-
uating how well each observation fits its assigned cluster [11].
Table 3 shows the interpretation of the cluster formed based on
SC value [24].

Davies-Bouldin Index (DBI) is measures the ratio of the aver-
age spread within clusters to the average spread between clusters
[25]. A lower DBI value indicates that clusters are well-defined.
On the other hand, Calinski-Harabasz Index (CHI) is a ratio be-
tween the between-cluster dispersion and within-cluster disper-

sion [12]. A higher CHI value indicates that the clustering model
is well-defined.

3. Result And Discussion

In this study, risk factor data from cervical cancer patients
consisting of 1166 observations with 36 features, including 15
numerical features (e.g. Weight Loss, Height, BMI) and 21 cat-
egorical features were used. Risk factors are analyzed by the
K-Prototypes algorithm to produce several clusters, each with
unique characteristics, and distinct characteristics between clus-
ters. The effectiveness of the K-Prototypes algorithm is expected
to demonstrate that it can serve as an alternative solution in
applying machine learning to identify groups of cervical cancer
risk factors, aiding in the development of cervical cancer screen-
ing techniques for healthcare professionals and enhancing public
knowledge. Implementation of K-Prototypes in clustering cervi-
cal cancer patients based on risk factors is conducted with three
simulations: 1) K-Prototypes Implementation without Feature Se-
lection, 2) K-Prototypes Implementation with Variance Threshold,
and 3) K-Prototypes Implementation with Correlation Coefficient.

3.1. Data Preprocessing

LabelEncoder from the scikit-learn (sklearn) library in
Python is used for the Stage, Patient Promiscuity, and Husband’s
Promiscuity features. Meanwhile, other categorical features have

1JBM | Jambura J. Biomath
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Figure 3. Patients distribution based on cancer stage in each cluster.

already been converted to numerical form such as 0 and 1. Miss-
ing values were identified, three features with the highest per-
centage of missing values: Menopause (years) (35%), Duration of
Menstruation (days) (31%), Number of Sexual Partners (15%). Miss-
ing values for numerical features were imputed using the mean,
categorical features imputed by mode, and Menopause ans Age at
First Sexual Intercourse imputed by median. Outliers were iden-
tified using Interquartile Range (IQR) method. Two features with
the highest outlier percentage are Smoking Duration (years) and
Smoking Frequency (cigarettes/day) with percentages of 20.92%.
Observations that detected an outlier based on IQR method were
eliminated.

3.2. K-Prototypes Implementation with Variance Threshold

The first simulation uses variance threshold as the feature
selection method. The variance from each feature was calculated.
For numerical features, the threshold was set by the 25th quan-
tile or first quantile (Q)1) of all variance values, which is 0.425.
As a result, 4 numerical features were deleted. For categorical
features, threshold set by the 50th percentile or median of all
variance values, which is 0.186. As a result, 11 categorical fea-
tures were deleted. Based on the variance threshold, 36 features
became 21 features.

Elbow method were used to determine the optimal number
of clusters, as shown in Figure 1, where the elbow formed on k =
2. Furthermore, K-Prototypes algorithm implemented with k =
2 resulted in 342 patients (47.7%) in cluster 0 and 380 patients
(52.6%) in cluster 1.

3.3.  K-Prototypes Implementation with Correlation Coefficient

The Pearson Correlation matrix in Figure 2a. shows that
Marriage Frequency-Number of Sexual Partners has high cor-
relation 0.87 and Weight (kg)-BMI (ﬁ

m2
0.91. Marriage Frequency and Weight (kg) were chosen for
deletion. Smoking Duration (years) and Smoking Frequency

) has high correlation

| Jambura J. Biomath

(cigarettes/day) do not show correlation values because all val-
ues are 0 or all patients do not smoke. Since these values are
constant, both features were removed as they do not provide in-
formation.

The Kendall Correlation matrix in Figure 2b was used for
categorical features and there are no categorical feature pairs
with high correlation. Smoking does not show correlation values
because all values are 0 or all patients do not smoke. Since these
values are constant, smoking was removed because it provides
no information for the clustering process in the next stage.

Based on Correlation Coefficient, 15 numerical features be-
came 11, and 21 categorical features became 20. Hence, the
initial total of 36 features became 31. Elbow Method was also
used similar to previous simulation, resulting in a total optimum
cluster k of 2. K-Prototypes algorithm with k=2 resulted in 342
patients (47.7%) in cluster 0 and 380 patients (52.6%) in cluster 1.

3.4. Performance Evaluation of K-Prototypes

The performance of clustering is considered better when
the Silhouette Coefficient value approaches 1, clustering perfor-
mance improves as the Davies-Bouldin Index value approaches 0,
and clustering performance is better when the Calinski-Harabasz
Index value is higher. Therefore, based on those three indices,
the simulation of the K-Prototypes algorithm with feature selec-
tion using the Correlation Coefficient performs better compared
to the other two simulations.

Clustering performance is better when the running time is
faster. In Table 4, the running time includes the time taken for
the feature selection process. Running time of the K-Prototypes
algorithm using the Variance Threshold and the Correlation Co-
efficient is much better than the method without feature selec-
tion. The simulation of the K-Prototypes algorithm with feature
selection using the Correlation Coefficient performs better com-
pared to the other two simulations. The clustering performance
between the simulation of the K-Prototypes algorithm without
feature selection and with feature selection using the Variance

Volume 6 | Issue 3 | September 2025
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Figure 4. (a) Patient distribution based on age and stage. (b) Patient distribution based on menopause and stage.

Threshold is not very significant, as the Variance Threshold re-
moves many features but does not improve the performance of
the K-Prototypes algorithm.

Based on the details above, it can be concluded that the K-
Prototypes algorithm for clustering cervical cancer patients based
on risk factors performs better with feature selection using the
Correlation Coefficient.

3.5. Analysis of Cluster Characteristics

Analysis of the characteristics of each cluster’s cervical can-
cer risk factors as a result of implementing the K-Prototypes al-
gorithm, where risk factors have distinct characteristics between
cluster 0 and cluster 1 as shown in Figure 3.

As shown in Figure 3b, cluster 1 is dominated by patients
with cervical cancer stage I1IC1 for 34%. In other words, 66% of
cluster 1 consists of patients with cervical cancer stages other
than stage IlIC1 (patients with pelvic lymph node metastasis). On
Figure 3a, cluster 0 is dominated by patients with cervical cancer
stage IIIB for 27%. Both clusters have relatively few patients in the
early stages (stage 1A1-11A2), with a significant increase observed
at stage IIB, indicating that early detection may be less common.

As shown in Figure 4a, patients who are older (average age
of 55 years in cluster 0) are diagnosed with lower stages of can-
cer (IIB). Patients who are younger (average age of 45 years in
cluster 1) are diagnosed with more advanced stages of cancer
(IIIC1). Hence, older age does not necessarily correlate with a
more advanced cancer stage. As shown on Figure 4b, patients
who are pre-menopausal (cluster 1) are diagnosed with more ad-
vanced stages of cancer (IlIC1). Patients who have experienced
menopause at the age of 48 (cluster 0) are diagnosed with lower
stages of cancer (IlIB). Hence, menopause likely affects the diag-
nosis of cancer stages.

Based on clinical symptoms including bleeding and/or spot-
ting and leukorrhea, these symptoms are more likely in cluster
1 where most patients are at stage IIIC1. On the other hand,
based on clinical symptoms including lower abdominal pain and
decreased appetite, these symptoms are more likely in cluster O
where most patients are at stage IlIB. The main differences be-
tween the two clusters lie in age, menopausal status, and several

| Jambura J. Biomath

health conditions such as leukorrhea, bleeding and/or spotting,
lower abdominal pain, and decreased appetite. Risk factors re-
lated to past medical history, reproductive health, and nutritional
issues may not be significant differentiating factors between the
two clusters.

4. Conclusion

Implementation of K-Prototypes in clustering cervical can-
cer patients based on risk factors aims to produce several clus-
ters, each with unique characteristics, and distinct character-
istics between clusters. The best-performing algorithm for K-
Prototypes involved feature selection using Correlation Coeffi-
cient. The initial number of 36 features became 31 features after
feature selection. The Elbow method used for determined the
optimal number of clusters which is two clusters. Hence, the im-
plementation of K-Prototypes with number clusters are two re-
sulted patients in cluster O are 47.4% (342 patients) and patients
in cluster 1 are 52.6% (380 patients). Key performance indices for
the best K-Prototypes algorithm from the simulations are: 1) Sil-
houette Coefficient: 0.6; 2) Davies Bouldin Index: 0.6; 3) Calinski-
Harabasz Index: 1.806; and 4) Running Time: 4.048 s. It was
found that the Variance Threshold feature selection method did
not significantly improve performance.

The implementation of K-Prototypes for clustering cervical
cancer patients based on risk factors using Correlation Coeffi-
cient feature selection yielded good performance. Primary differ-
ences between the two clusters are age, menopause, leukorrhea,
bleeding and/or spotting, lower abdominal pain, and decreased
appetite. However, the simulations did not fully differentiate the
characteristics of risk factors between clusters, e.g. for risk fac-
tors such as reproductive health and nutritional issues.
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