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8 Abstract

The stunting rate in West Kalimantan has reached 27%, largely due to the government’s failure to
prioritize regions for essential services and education, especially for adolescents and pregnant women. This study aims
to explain the role of modified K-Means and CHI methods in forming optimal clusters and interpreting their conditions.
Eight research variables were used, sourced from BPS and SIGA in 2023: number of adolescents receiving counseling,
number of informed consents, complication cases, aslokon expenditure, aslokon stock, population growth rate,
population density, and life expectancy. These variables were validated using PCA with the Kaiser and PVE approaches.
Clustering was conducted by analyzing each variable’s data, object characteristics using Euclidean distance,
determining centroid values, and iterating until results stabilized. The number of clusters was evaluated from one to
seven to find the optimal amount using CHI. Results identified five clusters: cluster 1 (fairly poor, three objects), cluster
2 (very poor, four objects), cluster 3 (good, three objects), cluster 4 (very good, three objects), and cluster 5 (good, one
object).

1= Keywords: Centroid, Modified K-Mean Cluster, and Euclidean Distance.

1 Copyright © 2025 by Authors, Published by CAUCHY Group. This is an open access article under the
1= CC BY-SA License (https://creativecommons.org/licenses/by-sa/4.0)

18

w1 Introduction
13

2 l\mgerarchical clustering is a part of cluster analysis. The non-hierarchical method aims to group N
research objects ifff) K clusters, where the value of K is predetermined according to the needs of the study
and K < N [1]. The number of clusters (K) is determined in advance in order to analyze the temporary
cluster centers, which will be updated through an iterative process until the criteria are met-specifically, when
there is no movement of objects from one cluster to another and no change in the mean value of the centroids
or cluster centers [2].

In non-hierarchical clustering processes, the Modified K-Means Clustering method is generally used
for cluster formation. Clusters are formed starting from the minimum number of clusters (K, ), which is
two clusters, up to the maximum number of clusters (K4, ), which is seven clusters. This modified method
addresses inconsistent clustering results from standard K-Means by improving cluster quality evaluation
metrics, reducing the number of iterations required, and optimizing processing time efficiency [3]. Certainly!
Here is your paragraph translated into English with attention to grammar and clarity:

After forming clusters for (Kpn) to (Kinax), an analysis is conducted to determine the optimal
number of clusters within the interval [K,uipn » Kinax),] where K € R. Determining the optimal number of
clusters is important, as it helps ensure that the grouping is done with the appropriate number of clusters,
allowing for treatments based on the similarity levels among cluster members. The Calinski-Harabasz Index
(CHI) method is chosen because it uses a hybrid criterion, evaluating both the compactness of cluster
centroids to ensure sufficient separation between clusters and the similarity among members within each




cluster. Additionally, the CHI method incorporates the values of K and N in the evaluation process [4].

Research on the Modified K-Means Clustering method has been conducted by sever§ifesearchers,
including Choldun and Rachmatullah (2022), the aim of their research was to compare the K-Means and
Modified K-Means methods in order to assess the impact of f{fproved distance calculation using correlation-
based transformation versus Euclidean distance in clustering sepal length, sepal width, petal length, and petal
width. The results showed that the Modified K-Means Clustering method achieved a higher accuracy rate
compared to the standard K-Means Clustering method, with Modified K-Means achieving 89.33% accuracy
and K-Means Clustering achieving 82.67%.

5

Research on the CHI method was conducted by Suraya and Wijayanto (2022), the objective of this
research was to determine the best method for forming clusters based on the Special Stunting Management
Index (IKPS) for 34 provinces in 2018, with a minimum number of clusters {§,n = 2 and a maximum
number of clusters Kpgy = 5. The methods used included Afrage Linkage, K-Means, K-Medoids, and
Fuzzy C-Means, and the evaluation was carried out using the Connectivity Coefficient (CC), Dunn Index
(DI), Silhouette Coefficient (SC), Davies Bouldin Index (DBI), Silhouette Index (SI), Calinski-Harabasz
Index (CEl), and Xie and Beni Index (XBI). The results indicated that the two best methods were Average
Linkage, with the optimal nunfE} of clusters being four (as supported by the DI, DBI, and XBI evaluation
methods), and K-Means, with the optimal number of clusters being two (as supported by the SC and CHI
evaluation methods).

The study aims to explain the role of the modified K-Mean and CHI methodsh forming the best
cluster and interpreting the condition of each cluster. In this study, the modification of the k-means method
lies in the selection of the initial centroids based on the @Jaracteristics among the research objects. This
modification has also been carried out by Cahyanto et al. The difference betmn this study and previous
research is that this study aims to improve the quality of cluster formation using the modified k-means
clustering method and applies the Euclidean method to determine the level of similarity between objects.
Furthermore, the results of each cluster formation are analyzed using the CHI method. introduction should
begin by presenting the general context of the research area, explaining
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METHODS
Data

The data used in this study consists of stunting management indicators, comprising eight indicators: the
number of informed consent forms given during services to new and repeat family planning participants (X4),
the number of severe complication and failure cases (X3), the availability of contraceptive devices and drugs
(X3), the distribution of alokon (X,), the number of adolescents attending counseling at youth and student
information and counseling centers (X5), life expectancy (X,), population growth rate (X,), and population
density (Xg) for each city/regency in West Kalimantan Province in 2023, which were obtained from sistem
informasi keluarga (SIGA), badan pusat statistik (BPS), dan Laporan Semester I Penyelenggaraan Percepatan
Penurunan Stunting Kalimantan Barat Tahun 2023. The variables used are sufficient to explain the issues in
stunting management, referring to Appendix 1 and employing the Principal Component Analysis (PCA) method
with the Proportion of Variance Explained (PVE) approach and the Kaiser criterion. Using these two
approaches, it was found that the eight indicator variables for stunting management can be further processed
because, according to the Kaiser criterion, three Principal Components (PC1, PC2, and PC3) with eigenvalues
>1 were formed. Meanwhile, the PVE approach showed that the three main components (PCL, PC2, and PC3)
explain 76.770% of the total data variance, indicating that the data sufficiently represents the dataset.

Table 1 Data on Stunting Handling Indicator Variables

27
Kabupaten X4 X, X3 X4 Xs X6 X7 Xg
Sambas 15 6535 1 41687 64899 1,20 109 69,805
Mempawah 24 9273 2 19132 40234 1,32 162 | 71,785
Sanggau 437 16556 3 26534 42369 1,39 40 71,815
Ketapang 583 28922 15 39214 99373 1,35 20| 71,505
Sintang 0 16974 8 29201 71327 1,40 20| 72460
Singkawang 930 9741 4 29029 45803 1,67 447 72,865

First Author 3
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Research Model
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Figure 1 Research Model

The research method contains 5 methods that are used in the research and can be seen in the following

explanations.
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Standardization of data

Data standardization using the Z-Score method, this method is commonly used because it standardizes the
dataset by measuring data deviation based on a review of the average value to see the concentration of the
dataset and using the standard deviation value to see the data distribution [5]. The following is the formula

for finding the value of data standardization [5]:

xiy = (%) M
Zij=
5j
Where:
Zij | Standardization of data for object to on—i variable to—j, where i = 1,2, ...,14 andj =
1,2,...8
X : object to on—i variable to—j, where i = 1,2,...,14and j = 1,2,...,8
X : the average value of variable to—j, where j = 1,2, ...,8
5j : standard deviation value of variable to—j, where j = 1,2, ...,8

Distance calculations

The calculation uses the Euclidean distance method because it is able to improve the lack of random
initialization at the center of the data which serves to increase accuracy in the cluster fbﬂatiun process [6]. For
the calculation of Euclidean dis , it is divided into two calculations, namely for calculating the distance
between objects and objects and calculating the distance between centroids and objects. The following is the

formula for finding the distance value using the Euclidean method [7].

)
dGx,x0) =
3

n
dlcpx;) 5(%,; —x)?
7=t

Where:
d(x;, %) : Distance between object to—i and object to—k
d(c;,x;) :  Distance between centroid to—! and object to—i
n : Total number of variables
j :  data from variable to —j, where j = 1
X : objectto—i
X . objectto—k
o centroid to—1 on variable to—j

Equation (2) is used to find the Euclidean distance between two objects whose calculation results are used
for initial cluster formation to find the initial centroid value, while Equation (3) is used to find the distance
value bet the centroid and the object to—1i the variable to—j the iteration process.
Modified K-Means Cluster

The Modified K-Means Cluster method is a modification made to improve the shortcomings of the K-
Mean Cluster method in the process of finding the initial cluster center value (centroid) is done randomly

which causes inconsistent cluster results. Modifications are made to the initial cluster formation by adding a

number of objects (N)

condition that the number of members of each cluster must meet —————————,
number of clusters (K)

this aims to improve

the quality of cluster formation and time efficiency at the iteration stage [8]. Cluster formation is carried out
LS AWINOT g
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in stages by first completing the formation at the minimum number of clusters (K,,;,,), namely one after

completing the formation at the number of clusters of two and so on, then the K = K + 1 process can be
carried oygup to the maximum number of clusters(K;,,, ), namely up to seven clusters. The stages with the

Modified K-Means Clustering method are as follows:
1. Determine the number of clusters to be formed (K).

Determining the number of clusters starts for K,,;, = 1 aims to see the effect in the clustering process, then

N_ 14 . . . .
sets for Ky = 355 = 7. The value of K4 = 7 because it meets the requirements of non-hierarchical

clusters, namely K < N. In addition, the value of K > ; or the value of K in the range of 8 to 13 will cause

a bias that does not represent the actual conditions or namely overfitting because the number of clusters is

too much than necessary, causing the model to be too complex [9].
25
2. Count the number of members in each cluster
42
. ) . N s .
The process of calculating the number of members in cach cluster is done 2 This process aims to make cach

cluster have the same number of members, so that the iteration process is more efficient and to optimize the
role of each object in the process of forming the initial centroid value.

3. Places objects in the cluster.

Next, find the Euclidean distance value used to analyze the level of object similarity, the smaller the
Euclidean value of the two objects the more similar they are. Once obtained, the two objects enter the first
two members in the first cluster. Compare the object distance value of the remaining 12 objects with the two

objects at the beginning then select the smallest object value object until it meets x Do the same steps to

place objects in the second cluster until the next cluster.

4. Evaluation of initial cluster members.

The results in Step 3 are then evaluated by seeing whether the L—J requirement has been met, and the threshold

value is appropriate based on the closest distance. if it has not met the % requirement or there is an error in

placing the smallest value as a cluster member, then do Step 3 again [10].

5. Obtaining the initial cluster.

The final result in Step 4 is the initial cluster, which is the cluster used to obtain the initial centroid value based
on the members of each cluster, which in the next stage is used as the initial capital in the iteration process.

6. Initial centroid formation.

Initial centroid formation is used for the iteration process in cluster formation. The following is the formula

for finding the centroid value [3].

= (mik)};izu ®

Where my is the number of observations in the cluster to—k and ¢ ; is the centroid value to—{ on variable
to—j, wheret =1,2,..,Kand j = 1,2, ...,8.

7. Calculate the distance value of each object with each centroid.

The calculation of the distance between the ¢; ; value and x;; aims to place the object in the cluster. The
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calculation uses Equation (3).

8. Place objects into clusters that have the closest centroid distance.

The results in Step 7 have been obtained, namely the value of the Euclidean distance between each object
and the centroid, then next look for the minimum value between each object and the centroid. If the
minimum value of the first object is located at the first centroid then the first object is placed in the first
cluster, as well as if the minimum value of the second object is located at the fourth centroid then the second
object is placed in cluster four, do so until the 14th object.

9. Iteration.

The results of placing objects in clusters are used to re-conduct Stage 6, then repeat Stage 6 to Stage 8 to
iterate, the iteration stops when the centroid value at iteration n 4 1 is the same as the centroid value at
iteration n, and the object placed into the cluster at iteration n + 1 does not change position from iteration
n, so the centroid and object placement are declared consistent.
Calinski Harabaﬁndex (CHI) s
Determination of the optimal number of clusters to help grouping with the right amount of use based on the
level of similarity of cluster members, the CHI method evaluates the homogeneity and heterogeneity of the
clusters formed [4]. CHI is used to evaluate the cluster model that has been formed, this method refers to the
ratio of the amount of disperse (sum of squared distances) between clusters and in clusters for all clusters [11].
The stages with the Calinski Harabasz Index method are as follows:

1. Calculating SSW and SSB values.

The Sum of Squared Within cluster (SSW) process is carried out to evaluate the level of similarity between
each member in the same cluster, while the Sum of Squared Bithwin cluster (SSB) process is carrised out to

evaluate the level of similarity between each cluster. The following is the formula for finding the SSW and

SSB values:
N (5)
SSW = Z A, 7,))
=1
k (6)
SSB = z Ny + d2(c, &)
=1
Where:
d? (cuxj) = The square of the distance between centroids to —{ with object to—i
d? (c;, %) © The square of the distance between centroids to—[ with average of each variable
i
Ny : The number of objects belonging to the cluster —k
N The number of objects researched

2. Findi.ngthe CHI value.

The process of finding the CHI value aimsﬂevaluate the numberf]qclusters formed based on a review
of the SSW, SSB and review values involving the number of objects (N) and the number of clusters formed
(K). The following is the formula for finding the CHI value [12].

SSB N-K (7

CHI = —X
SSWOK-1

Cluster Labeling

First Author 7
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Cluster labeling is done to make it easier to know the condition of each cluster that has been formed,

so that it helps to make it easier to choose priority areas. The following is the formula for finding values for

cluster labeling [13].
Cexj=(X) +eyXs (8)
Where (X} is the labeling of the cluster to—k and variable to—.
RESULT AND DISCUSSION

Descriptive Statistic

The data in Table 1 were used because of the processing results using Principle Component Analysis (PCA)
with the Kaiser approach and Proportion of Variance Explained (PVE). The PCA method is used to explain
the structure of the relationship between variables in the analysis, while the Kaiser approach is used to reduce
the variables into several main dimensions with the condition that the number of dimension formation depends
on the number of factor values that meet the eigenvalue> 1, while the PVE approach is used to measure the
contribution of information to the main dimensions obtained by meeting the target, namely the PVE = 70%.

The results of data processing with the PCA method are presented in Table 2.

Table 2. PCA process results.

— Proportion of
Fakior | Variabel Kelerangan Variance Explained
Variabel elera Eigen :
(PVE)
PCL X1 Banyak remaja hadir konseling 2.85803 03573
PC2 x2 Banyak pemberian informes consent
- - pada pelayanan peserta KB 2.22732 0.2784
P x Banyak kasus komplikasi berat dan
kegagalan 1.05563 0.132
-~ x4 Banyak pengeluaran alat dan obat
kontrasepsi 0.93276 0.1166
s - Banyak persediaan alat dan obat )
kontrasepsi 0.39514 0.04744
s x6 Laju permumbuhan penduduk per
tahun 0.26695 0.03337
PC7 X7 Kepadatan penduduk per km persegi | 0.22563 0.0282
PCE X8 Angka harapan hidup 0.05417 0.00677

Based on Table 2, based on the Kaiser approach, the variables were reduced to 3 main dimensions and for the
PVE approach, it was found that the variables were sufficiently reduced or represented three main dimensions
because the sum of the PVE values on the three factors was 0.7677 or represented 76.77%. Table 3 shows the

abbreviations for the names of cities/districts.

Table 3. Abbreviation of Each Object

Districts/Cities City/District Districts/Cities City/District

abbreviation abbreviation
Eambas SBS Landak LDK
Mempawah MPW Sckadau SKD
Sanggau SGU Melawi MLW
Ketapang KTP Kayong Utara KYU
Sintang STG Kubu Raya KBR
Kapuas Hulu KPH Pontianak PTK
Bengkayang BKY Singkawang SKW

The data in Table 1 is then presented in the form of descriptive statistics to make it easier to understand

the data for each variable. Descriptive statistics present the mean and standard deviation values that will be
First Author 8
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ed for data standardization and interpretation of the condition of each cluster at the best number of clusters.

Descriptive statistics are shown in Table 4.

Table 4. Descriptive Statistics of Data

. Minimum Maximum § Standard
Manable N Value Districts/Cities Value Districts/Cities Average Deviation
STG, BKY SKD,

ﬁ 14 0 MLW 930 SKW 213,143 281,690
X, 14 3623 MLW 28922 KTP 12229,785 7848,068
X3 14 1 LDK, SBS 27 KBR 7,500 6,832
Xy 14 10684 KYU 47519 KBR 26271,929 10601,631
X 14 22680 MLW 196707 SKD 66778,286 44240,906
X, 14 0,870 PTK 1,770 KYU 1,436 0,231
X, 14 8 KPH 5714 PTK 485,071 1454304
Xg 14 69,270 KYU 74,575 BKY 72,302 1,460

The data presented in Table 4 represents some variables that are good enough. The variables X;, X3 and
X recorded good values because the difference between the mean value and the standard deviation is still
within the unit value, this means that the value is spread around the average. Other variables must be improved
in dealing with stunting conditions in the community. The standard deviation of each variable is still relatively
high, meaning that the value is spread away from the average so that the data has outlier data, therefore the
data needs to be standardized. Based on Table 4, the data units are quite different so that they are more
susceptible to the influence of outliers, so the units need to be equalized with the Z-Score method using
Equation (1).
Modified K-Means Cluster

Data on the quality of stunting handling that has been standardized, then the calculation of Euclidean
distance is carried out based on Equation (2) with n = 8 because there are eight indicator variables, it should
be noted that for the results of the Euclidean distance, the characteristics between regions are sai be more
similar if the distance value is smaller. The next stage for the value of N obtained in Table 4 is 14 and K is the

number of ¢lusters to be formed. The process of determining the value of K starts for K, = 1, because to

N

. - . . 14 .
prove homogeneity and heterogeneity in cluster formation, then determine K,pax = 272" 7, because it

meets the requirements of non-hierarchical clusters and avoids overfitting due to the number of clusters being
too much than necessary [9].

Initial cluster formation based on the shortest distance obtained from the calculation of the Euclidean
distance as a threshold value, then placing objects in clusters by fulfilling the members of each cluster as many
as % The value of K starting from K = 1to K = 7 is processed until it is obtained that the initial cluster has
no change in the value of the objective function [ 10]. The results of the initial cluster formation are presented

in Figure 2.

First Author 9




The Title Must Be Brief, Concise, and Informative, and . . .
=1 5] [ =1

-
< o) u) c T o < o = o o = c T o Jo
YR I T R T T S R O AT M I T
o T T Y T T T T T I T T
| i Wk | s | skw e | sou | sew | e TR TR T T
sta | | e | s T T PSSR MEER Yo TP R EED
T [STUN T [ (EETRY (R TTEYS) Y RERCE) (RN
T T ISR, VPN [FETFEET
[ T

TETEXE (XN

e :
T = Tol a =T a = o T =
oW | ew[sau] x| ses | wn | wrw | s | wer Jiok] s | o
T I lﬁ RO I T o T TN T T AT TS
T ST TN KT R —|_1.m o] ams | sw
i el a0 | aw | o

Figure 2. Initial Cluster Formation Results for Each K

. N . . . .
Based on Figure 2, the number of members of each cluster has met Ethen it has met the objective function, for

the value located at the bottom position of each cluster is a range of threshold values Et indicate the similarity
between members in each cluster. This stage is the difference between the Modified K-Means Cluster method
and the K-Means Cluster method because the placement of objects in the initial cluster will be used to form
the initial centroid so that it will streamline the iteration process.

Based on Figure 2, average value of each variable for each cluster is calculated based on Equation (4)
using standardized values to obtain the initial centroid value [14]. The centroid values are presented in Table
5.

Table 5. Initial Centroid Value
Zy Zy Z3 Zy Zs Ze Zy Zy
K=1 Cl 0,000 0,000 0000 0000 0000 0000 0000 0,000
Cl -0,515 -0,610 -0,282 -0,780 -0,554 0,287 -0,299 0,207
c2 0515 0,610 0,282 0,780 0,554 -0,287 0299 -0,207

Cl o -0,757 1,011  -0146 -D980 0,792 0816 -0307 1,148
€2 -0448  -0474 0220 -0,630 0435 -0395 -0275 0036
c3 0019 0578 -0293 0151 -0224 -0179 -0313 0113
K=7 C4 1215 1,592 1976 1612 0922 0470 -0,301  -0,615
cs 1095 -0,606 -0732 -0393 -0,509 0448 -0,163 0716
C6  -0393  -0.868 -0659 -0,008 0513 0210 -0285 -1894
C7  -0732 0789 0073 0248 1,552 1369 1644 0721

The calculation uses Equation (3) to obtain the distance value of each object with the initial centroid.%e
calculation results are presented in Table 6.

Table 6. Value of Object-Centroid Distance

K=2 K=7 \
Cl 2 Cl 2 3 ¢4 Cs c6 7

SBS 3,338 4333 2934 2767 4,691 3,871 4,123
MPW 2,711 2,231 1,626 4872 2306 1917 3,606
SGU 2,094 3,067 1,846 3,664 1,776 2,456 3,698
KTP 4,406 5210 4092 2,881 4,161 4,494 3,884
STG 1,848 2,658 1,587 3443 2669 2728 2,799
KPH 2,301 1,704 1,632 4,155 1922 2,683 3,370
BKY 3465 1,903 2,713 5171 2,257 3,653 4,091
LDK 3,323 1416 2371 5435 1,762 3,149 3,943
SKD 3,840 4316 3,637 3,526 4,000 4342 4475
MLW 3,774 1,951 2,835 5487 2247 3,084 4,702
KYU 4,208 3,403 3049 3498 5493 3448 5,727
KBR 5,257 5736 5196 4371 5168 5,262 5233
PTK 5,549 6,016 5162 4897 6264 5672 6,186

SKW 3.349 3722 3467 3008 4.093 3.864 4997

First Author 10
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The minimum value of the initial centroid value is bolded in orange in Table 6 which aims to place
objects in clusters, this result is temporary because the iteration process continues. The members in each
cluster for each K are presented in Figure 3.

K1 K3 K1 =
1 © 1 2 =) a1 c2 3 4 [l &) 3 1 5
MPW SGU MW MPW KTP MW STG KTP SKD' MW MPW SGU KTP [ PTK
KPH SKW BKY STG KBR BKY SGU KER PTE. BEY Kril SKW KER
BKY sBS LDK SGU SKW KPH SBS SKW LDK STG SBS SKD
DK KTP KPH SBs SKD LDK. KU
MLW SKD KyU PTK KYU
KyU KER MPW
PTK
STG
SKD
Pl = R=7
YL cl e o] @ [ Co 1 ] ] ca cs Co [al
KBR MLW Mew[sGu| ke SBS SKD MW MPW SGU KTP__[SKW| SBS SKD
P BECY ke |skw] ke kYU PTK BEY KPH STG KBR KvL PTK
SKW DK STG LDK.

Figure 3. Placement of Objects on Clusters

The next stage is to iterate by calculating the average centroid to form a new centroid. The purpose of
forming a new centroid is to see changes in the centroid value. If there is a change, the iteration process is
carried out, but if the average centroid value as the new centroid value does not change, this value is the final
centroid value with the location of the object in the cluster is final or does not need to be changed. Then based
on Figure 3, the average centroid value is calculated using Equation (4). The new centroid value in the first
process obtained the same value as the previous centroid value, so the initial centroid value is the final centroid
value, so the iteration process stops because it is consistent.

The final centroid value has been obtained, the next stepisto find the SSW value by referring to Equation
(5). The formation of the numbgr of clusters is better if the SSW value is smaller. Furthermore, calculating the
SSB value using Equation (6), the best number of clusters is obtained when the SSB value is getting bigger.
The SSB and SSW values are presented in Table 7.

CHI Value

Tabl@%) Determination of the Best Number of Clusters
K=2 K=3 K=4 K=5 K=6 K=7

Nilai

sow 4442 T3TI4 53208 39311 36,671 33827
I;'glg‘ 27,558 38286 58,881 72,689 75330 78,173
l:‘;f[‘ 3,916 2,857 3,682 4,160 3287 2,696

Based on Table 7, the black bolded value is the best value in each calculation and it is obtained that the best
number of clusters K = 5, meaning that there are 5 categories of regional groups based on the quality of
stunting handling, which include very good, good, sufficient, less, and very less handling groups.

Cluster Labeling

The labeling of each cluster is used to sort the cluster positions from best to worst, this aims to determine
the cluster priority standards that must be focused on so that the stunting index target in 2024 can be achieved.
Based on Table 7, the best number of clusters is obtained when K = 5 with a value of 4,160. The members

of each cluster at K = 5 are presented in Table 8.

First Author 11
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Table 8. Final Results of Each Cluster Member

Cl Cc2 C3 Cc4 Cs
BKY MPW SBS KTP PTK
LDK STG SGU SKD
MLW KPH SKW KBR

KYU

To find out the priority areas, each cluster will be labeled, this is important to do because it is used to
analyze the characteristics of each cluster based on the problem of handling stunting by referring to indicator
variables. Labeling begins by calculating the average value of the final centroid which will be presented in
Table 9 using Equation (4), then performing calculations using Equation (8).

Table 9. Final Centroid Value and Status of Each Cluster
Final Centroid Value

[ndicat(b\!ariable Cl I C3 ca Cs
X, -0.623 -0.434 0.879 0.558 -0.707
X, -0.972 -0.339 -0.164 1.039 1.645
X3 -0.415 -0.183 -0.707 1.586 -0.659
X, -1.002 -0.614 0.580 1.089 0.454
X5 -0.710 -0.438 -0.356 1.594 0.167
Xq 0.506 0.124 -0.071 0.217 -2.450
X7 -0.304 -0.295 -0.197 -0.303 3.595
Xg 1.114 -0.474 -0.553 -0.300 1.112
Average -0.332 0.685 0.395
Status Bad Very Bad Enough Very Good Good

Based on Table 9 for the status of the labeling results based on the average value of the final centroid, the
higher or positive value, the better the cluster status. The next step is to perform calculations with Equation (8)
to obtain the characteristics of each indicator variable in each cluster. The calculation results are presented in
Table 10.

Table 10. Cluster Labeling

interpretation

Cl c2 c3 c4 cs
X, 37.667 91,000 460,667 370,333 14,000
X, 4601,000 9570250 10944,000 20386330 25142,000
X3 4,667 6,250 2,667 18,333 3,000
X, 15653.330 19765750 32416,670 37817,000 31083,000
X5 35388.670 47411,000 51023,670 137280,700 74173,000
Xg 1,553 1,465 1,420 1,487 0870
X7 42,333 55,500 198,667 44,000 5714,000
Xg 73,928 71,610 71495 71,865 73,925

Hasil

Table 10 is the cluster labeling result of 2 iterations. These results are compared with the initial average value
data in Table 3. There are several interpretations for black values that are bolded meaning above average, for

not bolded below average, and for indicator variables that are bolded meaning values above average meaning
FIFST AUTROT 1Z
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less good. The results in Table 8 to Table 10 are presented visually through Figure 4 to explain the condition

of stunting management in each region.

MAP QUALITY OF STUNTING RESPONSE
IN WEST KALIMANTAN

w’

‘QUALITY OF STUNTING HANDLING

B veryead

[ | Bad
Enough

B Good

. Very Good

Figure 4. Map Best Cluster
Based on Table 8 and Figure 4, it is further interpreted that cluster | is a cluster with poor stunting conditions,

but there are some positive notes that have been shown, namely the value of life expectancy (AHH) which is
above average, which means that pyblic awareness about health is quite high. Cluster 2 shows the complex
problems that occur so that cluster 2 is a cluster with a very poor level of quality in handling stunting, AHH is
below average, public awareness to utilize health facilities is low [15]. Cluster 3 is a moderate condition cluster,
has problems with the low awareness of health workers to provide informed consent when providing services
to family planning participants, the next prublem'ﬁthat although the alocon expenditure is above average, the
alocon supply is below average so it is necessary to increase public awareness of the importance of consistent
use of alocon, the last problem is that AHH is below average. in cluster 4 and cluster 5 are clusters with very

good and good conditions.

Conclusions

The role of the modified method is the formation of clusters by analyzing the data units of each
variable, the level of characteristics of each object through Euclidean distance, finding the value of the cluster
center (centroid) then iterating until the results are consistent as a result of cluster formation whilg the role of
CHI evaluates each number of clusters from a minimum number of one to a maximum of seven to obtain the
best number of clusters. The best clusters from the modified K-Mean cluster process ranging from K, to
Kinay are then reviewed based on the SSW and SSB methods and then the CHI value is calculated. The best
cluster formed is at K = 5 with a CHI value of 4.160 which is the largest CHI value of the other K. Cluster 1
is a cluster with poor stunting handling quality consisting of three cities/districts namely Bengkayang, Landak,
and Melawi. Cluster 2 is a cluster with very poor stunting management quality consisting of four cities/districts
namely Mempawah, Sintang, Kapuas Hulu, and North Kayong. Cluster 3 is a cluster with sufficient quality of

stunting management consisting of three cities/districts namely Sambas, Sanggau, Singkawang. Cluster 4 is a
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cluster with very good stunting management quality consisting of three cities/districts namely Ketapang,

Sekadau, and Kubu Raya. Cluster 5 is a cluster with good stunting handling quality, which is only filled by

Pontianak.
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