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ABSTRACT. Equitable distribution of educational resources is an important prerequisite to ensure that all commu-
nities benefit from human resource development. Access to education through the availability of schools and teachers
at every level, plays a role in reducing the gap between regions. This study aims to group educational resources at
the elementary and junior high school levels in 31 sub-districts of Surabaya City and evaluate the quality of grouping
using the Davies—Bouldin Index (DBI). The analysis was carried out using secondary data from the Surabaya City
Education Office which included the number of schools, teachers, and students based on education level in each sub-
district. The clustering method used is K-Means+ +, which improves the centroid initialization process to produce
more stable clustering. The results of the analysis identified three clusters, namely Development Education Areas (17
sub-districts), Elementary Focused Areas with Limited Junior High Schools (7 sub-districts), and Priority Education
Areas (7 sub-districts: Rungkut, Sukolilo, Wonokromo, Sukomanunggal, Genteng, Kenjeran, and Krembangan). The
quality of the grouping was validated with a DBI value of 0.752, which indicates a good cluster separation These
findings can directly inform the Surabaya City Government in formulating targeted policies for educational equity,

especially in teacher placement, student quota adjustment, and infrastructure development.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of [JoM: Department of Mathematics, Uni-
BY _NC versitas Negeri Gorontalo, Jin. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

One of the foundations of sustainable human resource de-
velopment is education. In education, individuals learn critical
thinking, work competencies, and attitudes that enhance peo-
ple’s well-being [1]. In Indonesia, nine-year mandatory schooling
(primary and junior high school) has been implemented by the
government and is regulated by Law Number 20 of 2003 con-
cerning the National Education System [2|. This program seeks
to ensure that access to basic education is more equitable, of
high quality, and evenly distributed across all regions.

For this study, educational resource inequality is oper-
ationally defined through three measurable dimensions: (1)
teacher—student ratio disparity, where values exceeding the na-
tional standard of 1:25 (Permendikbud No. 15/2018) indicate re-
source insufficiency; (2) school availability gap, measured as the
number of schools per 10,000 school-age children falling below
the minimum service standard of two schools per 10,000 chil-
dren; and (3) inter-subdistrict distribution imbalance, quantified
using the Gini coefficient, where values above 0.3 represent sig-
nificant inequality in resource allocation. These operational def-
initions provide concrete benchmarks for assessing and address-
ing educational disparities in Surabaya.

Surabaya is one of the best educational cities in Indone-
sia through 2024, according to QS Best Student Cities reports.
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According to the Surabaya City Education Office (2025), there is
a marked discrepancy in policies regarding the distribution of
educational resources across subdistricts. Central subdistricts,
including Tegalsari and Genteng, are well equipped with facil-
ities; they have 15 public elementary schools and 4 public ju-
nior high schools, as well as reasonable teacher—student ratios
(1:20). However, peripheral subdistricts such as Gunung Anyar (4
elementary schools) and Asemrowo (3 elementary schools) have
limited educational facilities and higher teacher—student ratios
(1:45), exceeding the standards set by Permendikbud [3]. Recent
data reveal that nearly 40% of Surabaya’s subdistricts exceed the
national standard for teacher—student ratios, highlighting a sys-
temic allocation gap. This imbalance contradicts the Surabaya
Regional Regulation No. 52/2022 on Inclusive Education and Ar-
ticle 31 of the 1945 Constitution of the Republic of Indonesia,
which states that access to education should be guaranteed for
all [4].

Since equalizing the distribution of educational resources
is essential, this research aims to cluster several subdistricts in
Surabaya City based on the number of schools, teaching staff,
and students at the elementary and junior high school levels.
The clustering analysis performance is assessed using the Davies—
Bouldin Index (DBI). We employ the K-Means+ + algorithm for
clustering because its systematic centroid initialization produces
more stable and policy-relevant groupings compared to tradi-
tional methods. This method results in more accurate and con-
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sistent groupings that can serve as a basis for policy decisions to
support equitable education in the Surabaya area.

Three techniques—Fuzzy C-Means, the K-Medoids algo-
rithm, and K-Means—have been applied to classify subdistricts in
Surabaya City based on nine variables of educational resources in
prior work [5]. Among them, K-Means performed the best with
a Silhouette Coefficient score of 0.592 (i.e., “Good”). Neverthe-
less, K-Means also has limitations, such as susceptibility to out-
liers and dependence on the predetermined number of clusters.
The study in [6] further reports the results of K-Means++ and
shows that it has better clustering performance than traditional
K-Means, with a higher Silhouette Coefficient (0.665 vs. 0.622)
and a lower Davies—Bouldin Index (0.589 vs. 0.679). However,
these studies mainly focused on algorithmic performance with-
out explicitly linking clustering results to actionable educational
policy recommendations for urban Indonesian contexts. These
findings further support the use of K-Means++ to cluster the
subdistricts of Surabaya in this research.

The K-Means+ + algorithm performs better than the con-
ventional K-Means method because it provides an improved strat-
egy for selecting optimal initial centroids, thereby reducing the
risk of overlapping clusters and improving clustering stability
[7]. In conventional K-Means, random centroid initialization may
lead to a higher Davies—Bouldin Index (DBI), indicating less well-
separated clusters. In contrast, K-Means+ + adopts a systematic
centroid selection strategy that typically produces smaller DBI
values and more accurate cluster formation [8|. Therefore, the
integration of K-Means+ + with the Davies—Bouldin Index (DBI)
is considered suitable for this research, not only due to its tech-
nical advantages but also for its ability to generate stable and
interpretable cluster structures.

Although previous studies have demonstrated the supe-
rior performance of K-Means++ compared to K-Means and K-
Medoids, most existing research primarily focuses on algorithmic
performance evaluation without explicitly linking clustering out-
comes to policy-relevant insights in the context of educational
resource distribution. Furthermore, limited studies incorporate
comprehensive preprocessing procedures, such as dimensional-
ity reduction and multivariate data validation, to ensure the ro-
bustness of clustering results in educational resource analysis.
This gap highlights the need for an integrated framework that
combines methodological rigor with practical policy interpreta-
tion.

To address this limitation, the present study proposes
an integrated analytical framework that combines data prepro-
cessing, multivariate adequacy testing, dimensionality reduction
using Principal Component Analysis (PCA), clustering using K-
Means+ +, and cluster validation using the Davies—Bouldin Index
(DBI). This integrated approach aims to improve cluster reliabil-
ity, reduce multicollinearity effects, and produce representative
grouping structures that reflect the characteristics of educational
resource distribution across districts. The novelty of this study
lies in the systematic integration of statistical validation, dimen-
sionality reduction, and clustering evaluation to generate inter-
pretable cluster outcomes that directly support evidence-based
educational policy formulation.

Such research is important to provide data-driven recom-
mendations for the Surabaya Education Office regarding the equi-

table distribution of educational resources. By employing cluster
analysis, this study aims to identify underprivileged districts that
require priority intervention, forming a basis for future policies
on teacher—student redistribution and school development plan-
ning. This research is also expected to contribute to supporting
the realization of the “Surabaya Smart 2026” program and to en-
sure that all districts can meet the minimum service standards of
education in accordance with Minister of Education and Culture
Regulation No. 23 of 2013 [10].

2. Methods

This is a quantitative research which groups together 31
districts in Surabaya City through the K-Means++ method us-
ing six variables of educational resources (number of students,
teachers, and schools at both elementary and junior high school
levels). The secondary data were collected from the Surabaya City
Education Office in 2025 and have been validated for their accu-
racy. Table 1 lists the measures included in this study and the
symbols corresponding to each educational variable examined.
Figure 1 shows the research flowchart.

Table 1. List of variables used

Symbol  Variable Description
1 Number of Elementary Schools
T2 Number of Elementary School Teachers
T3 Number of Elementary School Students
T4 Number of Junior High Schools
5 Number of Junior High School Teachers
T6 Number of Junior High School Students

The following stages were carried out after data collection,
as shown in Figure 1. The first step was to preprocess the data
so that it would be ready to undergo clustering with PCA and the
K-Means+ + algorithm, as described below.

2.1. Data Preprocessing

Data preprocessing ensures data quality through missing
value handling and outlier detection. This study intentionally
uses absolute counts (number of schools, teachers, students)
rather than per-capita ratios for two reasons: (1) Surabaya’s ed-
ucation office allocates resources based on absolute needs, not
population proportions, and (2) policy decisions focus on actual
resource gaps, not normalized metrics. Sensitivity analysis con-
firms consistent clustering patterns between absolute and nor-
malized approaches (83% similarity).

Missing values were addressed through median imputa-
tion, while outliers were identified using the Interquartile Range
(IQR) method [11], defined as:

IQR = @3 — Q1
Lower Bound = @; — 1.5 X IQR (1)
Upper Bound = @3 + 1.5 X IQR

Description:

Q1 : First quartile,

Q@3 : Third quartile,

IQR : Interquartile range (the difference between Q3 and Q1).
The identified outliers can then be imputed using the me-

dian to preserve data integrity [12].
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Figure 1. Research process flowchart

2.2. Data Adequacy, Correlation, and Homogeneity Tests

Three statistical tests were conducted to validate data suit-
ability for multivariate analysis. The KMO test assessed sam-
pling adequacy (threshold > 0.7), confirming data appropriate-
ness for PCA. Bartlett’s test verified significant variable correla-
tions, justifying dimensionality reduction. Box’s M test examined
covariance homogeneity, ensuring cluster comparability. These
tests follow standard multivariate analysis protocols to ensure
methodological validity before clustering |[13].

Table 2. Data adequacy testing method

KMO Value Interpretation

0.90 and above  Very high quality
0.80 to 0.89 Considered good
0.70 to 0.79 Fairly adequate
0.60 to 0.69 Less adequate

0.50 to 0.59 Weak

below 0.50 Not suitable for use

Bartlett’s test aims to assess the relationship or correla-
tion among a set of population variables [14]. This test examines
whether the correlation matrix is significantly different from the
identity matrix. If there is no correlation, the correlation matrix
will be an identity matrix.

The correlation matrix is formulated as follows:

Hy : p=1 The identity matrix indicates that the vari-
ables are not correlated,

H,y p # I The correlation matrix is not an identity ma-

trix, indicating the presence of correlations
among variables.
The formulation of the Bartlett’s test statistic is given by

XQ(n12p6+5)lnP 2)

Description:

* n: number of samples
* p: number of variables
* P : correlation matrix

In|P| : logarithm of the determinant of the correlation ma-
trix

The null hypothesis is rejected if x? is greater than the crit-
ical chi-square value with degrees of freedom given by eq. (3).

df = p(P; 1)

For example, if p = 5, then df = 10, and the critical value
at o = 0.05 is approximately 18.31.

In the context of multivariate analysis, the equality of the
variance-covariance matrices is evaluated through Box’s M test
[15]. This equality is important to ensure that the various groups
have consistent covariance patterns.

3)

The hypotheses tested are formulated as follows:

Hy : X1 = Yy = --- = X, The variance-covariance
matrices are equal across groups,

Hy 3%; # X; The variance-covariance matrices are

heterogeneous across populations.
The calculation steps for Box’s M test involve the following
formulas.
1. Calculating the pooled covariance matrix:

k

: > (i - 1)S; (4)

S = —k 7 N
Zi:l(ni -1) i=1

2. Box’s M statistic:

k k

M =Y (n;—1)In[S| => (ni=1)In[S;|  (5)

i=1 i=1
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3. Correction factor (C*):

W23+l (a1 1
Cr=1-
! 6(p+1)(g—1) <2n1 Zf_l(ml)>
(6)

Description:

* M : Box’s M statistic

* n; : sample size of the i-th group

¢ S, : covariance matrix of the i-th group

* S: pooled covariance matrix

* p: number of variables

* k: number of groups
In|S],In|S;| : natural logarithm of the determinant of
the pooled and group covariance matrices
Decision criteria:
Reject Hj if the p-value < «, indicating differences in
variance-covariance among groups (not homogeneous).
Fail to reject Hy if the p-value > «, indicating no signifi-
cant differences, and the variance-covariance matrices are
considered homogeneous.

2.3. Multivariate Normality Test

Multivariate  normality can be assessed using
Mardia’s  approach,  which evaluates data distribu-
tion based on multivariate skewness and kurtosis
[16].  The hypotheses tested are formulated as follows:

Hy : \Variables z1,z3,...,z, followa multivariate normal
distribution,

Hy, : \Variables z,z,...,z, do not follow a multivariate
normal distribution.

This hypothesis is tested using the following statistics:

1 n n
3
9 ot
i=1 j=1
1 n
2
bap = n Z My
i=1 (7)
n
Zl,p = gbl,pv
p(p+2)(n—1)
b2,p - n+1
Z?,p =
/ 8p(p+2)
n
Description:
* p: number of observed variables

* by : multivariate skewness measure
* by, : multivariate kurtosis measure
* my; = (z;—2)'S™1(z;—z) : transformation value between
observations ¢ and j
* my = (v, — 2)'S™(x; — ) : transformation value of ob-
servation ¢ with itself
* 1z, : observation data at index ¢, =1,2,...,n
* z; : observation data at index j
* T : sample mean vector
* S': covariance matrix
Decision Criteria:
The null hypothesis Hy is accepted if z;, is less than

X127(;D+1)(p+2)/6 and 23, is less than Z,, /5.

2.4.  Multicollinearity Test

Multicollinearity occurs when two or more clustering vari-
ables are highly correlated, whereas clustering methods such as
K-Means assume that variables are independent. This condition
may cause correlated variables to dominate the clustering results,
thereby reducing cluster accuracy [17]. To detect multicollinear-
ity, the Variance Inflation Factor (VIF) can be employed, where a
VIF value less than 10 is generally considered to indicate the ab-
sence of multicollinearity. If high VIF values are identified, vari-
able reduction, standardization, or principal component analysis
(PCA) should be performed to obtain more representative clus-
tering results.

2.5. Data Standardization

Standardization is applied to equalize the scale across fea-
tures in a dataset so that the mean becomes zero and the stan-
dard deviation becomes one [18|. The widely used Z-score for-
mula serves as the primary method in this procedure:

Zi =2 — (8)

Description:
e 7, : standardized value of the i-th observation
* 1z, : original value of the i-th observation to be normalized
* 4 : mean of the data
* ¢ : standard deviation of the dataset

2.6. Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a statistical tech-
nique used to reduce data dimensionality by transforming corre-
lated variables into a set of uncorrelated principal components,
thereby facilitating data analysis [19]. The PCA procedure con-
sists of the following steps:

1. Standardize the data using Z-scores so that all variables have
the same scale.

2. Compute the covariance matrix to examine the relationships
among variables.

3. Determine the eigenvalues from

M —R|=0 )
and obtain the eigenvectors from

Rv=)\v (10)

4. Select the number of principal components based on eigen-
values greater than or equal to one.
5. Reduce the dimensionality and obtain the transformed data
using
Pcat = Ulazl + v2aZQ + -

+ VapZp (11)

6. Construct the correlation between variables and principal
component scores using

Tz, ,PCy = UpaV At

(12)

Description:
° PCat

® Vigy---»

score of the ¢-th principal component
Ugp : elements of the eigenvector
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Table 3. Characteristics of research data

No. Subdistrict Elem. Schools  Elem. Teachers Elem. Students JHS Schools JHS Teachers JHS Students
1 Karang Pilang 7 150 3053 2 106 1786
2 Jambangan 5 105 2167 3 131 2248
3 Gayungan 8 119 2044 1 55 1032
31 Pakal 6 144 3128 1 56 1047
* Zi,...,Zp: standardized variables * > .cx D(x)?: total squared distance of all data points

* ), : eigenvalue of the ¢-th component
* 1z, pPC, : correlation between variable x;, and principal
component PC}.

2.7. Elbow Method

The optimal number of clusters (k) for the K-Means cluster-
ing algorithm can be determined using the Elbow Method. The
objective is to obtain the most representative clustering of the
data. This method evaluates the Within-Cluster Sum of Squares
(WCSS) for different values of k£ and identifies the “elbow” point
in the graph, where the rate of decrease in WCSS begins to slow
down [20]. This point is considered the optimal number of clus-
ters, computed as

K ng
wcss:ZZ‘

k=11i=1

2
2 — [ (13)

Description:

* K : number of clusters

. :cgk) : data point ¢ in cluster &

* g : centroid of cluster k&

* ny : number of data points in cluster &k
|

vation 7 and the centroid of cluster k.

2
— ukH : squared Euclidean distance between obser-

2.8. K-Means++ Clustering

K-Means+ + is a clustering method that partitions data into
groups. This method was developed to address the limitation
of the standard K-Means algorithm, which initializes cluster cen-
troids randomly, potentially increasing computation time and
producing suboptimal clustering results. K-Means++ improves
this process by selecting initial centroids using a more system-
atic strategy (21]. The implementation uses scikit-learn v1.3.0
with the parameters n_init=10, max_iter=300, tol=1le-4,
and random_state=42 to ensure reproducibility. The computa-
tional environment was configured using Python 3.11 with pandas
v2.0.3 and numpy v1.24.3. The procedure is described as follows:

1. Select one data point randomly as the first cluster centroid.

2. Determine the next cluster centroids from the remaining
data points using a weighted probability distribution. The
probability of selecting each data point is given by

(14)

Description:
* D(x)?: squared Euclidean distance from a data point
to the nearest cluster center

to their nearest centroid
3. Repeat the selection process until all £ cluster centroids
have been determined.
4. Perform clustering using the standard K-Means algorithm
with the selected centroids.

2.9. Davies—Bouldin Index (DBI)

This research employs the Davies—Bouldin Index (DBI), an
internal evaluation metric, to assess cluster quality [22]. This
method evaluates both the within-cluster compactness (cohe-
sion) and the between-cluster separation to measure clustering
performance. The DBI score is defined as follows:

k
1
DBl = — max(R;; 15
k;i#< ) (15)

Description:

* k : number of clusters formed

* R;; : ratio of the within-cluster scatter of clusters ¢ and j to

the distance between their centroids

* max;x;(R;;) : maximum ratio between cluster ¢ and all
other clusters
Zle : sum of the maximum ratios for all clusters
. % : average of all maximum ratios

A lower DBI value indicates better clustering performance,

as it reflects more compact clusters that are well separated from
each other.

3. Results and Discussion
3.1. Characteristics of Research Data

This study obtained data from the Surabaya City Education
Office, which administers 31 sub-districts. The dataset includes
six main variables: the number of public elementary schools,
public elementary school teachers, public elementary school stu-
dents, public junior high schools, public junior high school teach-
ers, and public junior high school students. These variables were
selected to represent the availability of educational resources in
Surabaya and to examine the distribution of education across
sub-districts, as presented in Table 3.

Based on Table 3, there are differences in the number of
schools, teachers, and students at both elementary and junior
high school levels across sub-districts. Some sub-districts have
more elementary schools than junior high schools, while the
number of students also varies between regions. For example,
Pakal District has six public elementary schools with 3128 stu-
dents but only one public junior high school with 1047 students,
which may potentially cause overcrowding at a particular level. In
Gayungan District, there are eight public elementary schools and
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Figure 2. Outlier detection

only one public junior high school, indicating a limited number of
junior high schools compared to elementary schools. Meanwhile,
Jambangan District has three public junior high schools with a to-
tal of 2248 students, which is relatively higher than the number
of elementary schools. These data characteristics illustrate the
unequal distribution of educational facilities and may serve as a
basis for evaluating school equity, teacher requirements, and re-
gional education policy planning.

3.2. Data Preprocessing

Data preprocessing is the initial step to ensure the clean-
liness, completeness, and suitability of the dataset for cluster-
ing analysis. This process involves two main procedures: verify-
ing the absence of missing values and detecting as well as han-
dling outliers. Outlier identification was performed using the In-
terquartile Range (IQR) method defined in Eq. (1). The results
indicate that no missing values were found; therefore, no impu-
tation was required, and the data were ready for the next stage of
analysis. The next step involves detecting outliers for each vari-
able, with the visualization of the detection process presented in
Figure 2.

Based on the boxplot in Figure 2, most sub-districts show
the number of public elementary schools, teachers, and students
around the median with a relatively moderate distribution. How-
ever, several extreme values were identified in these three vari-
ables. Semampir (25th point) and Kenjeran (23rd point) exhibit

higher numbers of elementary schools and students compared to
other regions, while Sawahan (21st point) and Tambaksari (18th
point) appear as outliers in the number of elementary school
teachers. This visualization indicates inequality in the distribu-
tion of educational facilities and education density across sub-
districts. Therefore, the data points identified as outliers were
imputed using the median value to maintain the stability of the
data distribution.

3.3.  Test of Adequacy, Correlation, and Homogeneity of Data

At this stage, data adequacy tests were conducted using
three methods: the Kaiser-Meyer-Olkin (KMO) test to assess
whether the data were sufficiently representative for multivari-
ate analysis, with KMO values calculated according to Eq. (2);
Bartlett’s Test to examine correlations between variables using
Eq. (3); and Box’s M test to verify covariance homogeneity across
groups based on Eq. (4)-Eq. (6). The results of these tests are
presented in Table 4.

Table 4. KMO, Bartlett, and Box’s M Test Results

Measure Test Statistic ~ p-value

KMO Test 0.731 -
Bartlett Test 267.684 0.000
Box’s M Test 162.683 0.087

Based on Table 4, the KMO value of 0.731 indicates good
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Figure 3. Q—Q plot visualization

sampling adequacy (above 0.5), meaning that the variables used
are sufficiently representative for multivariate analysis. Further-
more, Bartlett’s Test produced a test statistic of 267.684 with a p-
value of 0.000 (< 0.05), indicating significant correlations among
variables and confirming that the data are not independent. This
result shows that the relationships among variables are strong
enough to form a grouping structure.

Meanwhile, Box’s M test produced a value of 162.683 with
a p-value of 0.087 (> 0.05), indicating no significant differences
in covariance matrices across groups. Therefore, the assumption
of covariance homogeneity is satisfied. Overall, these three tests
confirm that the dataset meets the requirements for subsequent
multivariate and clustering analyses.

3.4.  Multivariate Data Normality Test

A multivariate normality test was conducted to verify
whether the data satisfied the normality assumption prior to clus-
tering. This study employed Mardia’s test with the Henze-Zirkler
method as defined in Eq. (7), which is a standard approach for as-
sessing multivariate normality. The test results are summarized
in Table 5, while complementary Q—Q plots for each variable are
presented in Figure 3.

Table 5. Mardia test results

Value
8.265
1.293 x 107247

Test Component
HZ Statistic (hz)
p-value

Based on Table 5, the multivariate normality test
(Mardia/Henze—Zirkler) produced an HZ statistic of 8.265
with a p-value of 1.293 x 1077 (< 0.05), indicating that
the data do not follow a multivariate normal distribution.
Although the normality assumption is not satisfied, this does

not hinder clustering analysis, particularly for methods such as
K-Means+ +, which do not require normally distributed data. To
further examine the distributional pattern, Q—-Q plots for each
variable are presented in Figure 3.

Based on Figure 3, the Q—Q plots of the six variables show
that several variables, such as the number of elementary schools,
elementary school teachers, elementary school students, and ju-
nior high school teachers, tend to follow the normal reference
line. However, the number of junior high schools and junior
high school students show noticeable deviations. This indicates
that the data are not normally distributed at the univariate level.
Overall, both the Mardia test results and the Q—Q plots confirm
that the data do not satisfy the normality assumption. Therefore,
the analysis proceeds using K-Means+ +, since this algorithm is
not sensitive to non-normal data distributions and remains suit-
able for clustering analysis.

3.5. Multicollinearity Test

Multicollinearity occurs when variables are highly corre-
lated, which may affect clustering results due to variable dom-
inance. In this study, multicollinearity was assessed using the
Variance Inflation Factor (VIF), where a VIF value below 10 indi-
cates the absence of significant multicollinearity. The VIF results
for all study variables are presented in Table 6.

Based on Table 6, three variables have VIF values greater
than 10, indicating high multicollinearity that may affect cluster-
ing results. Supported by the significant Bartlett’s Test results
and the fulfillment of the covariance homogeneity assumption,
Principal Component Analysis (PCA) is applied prior to clustering
to reduce interrelated variables into principal components that
are free from correlation. These components are then used as
inputs for the clustering analysis to obtain more valid and stable
results.
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Table 6. Multicollinearity test results

No. Variable VIF Interpretation

1 Number of Elemen- 3.070 No multicollinearity
tary Schools

2 Number of Elemen-  4.940 No multicollinearity
tary School Teachers

3 Number of Elemen- 5.030 Moderate multicollinearity
tary School Students

4 Number of Junior  18.050 High multicollinearity
High Schools

5 Number of Junior 104.010 High multicollinearity
High School Teachers

6 Number of Junior  82.780 High multicollinearity

High School Students

3.6. Clustering K-Means+ +

Data standardization was performed prior to the clustering
process to equalize the scale among variables, ensuring that no
variable dominates due to differences in units or value ranges.
The method used was the Z-score, which subtracts each value
from the mean and divides it by the standard deviation, as defined
in eq. (8). As aresult, all variables have a mean close to zero and a
standard deviation close to one. Thus, each variable contributes
proportionally, making the clustering process more objective and
accurate.

Following the standardization step, Principal Component
Analysis (PCA) was applied as the primary technique for dimen-
sionality reduction prior to clustering. PCA transforms the origi-
nal variables into mutually uncorrelated principal components to
simplify multivariate data. In this study, PCA was used to reduce
the number of variables while preserving essential information
through eq. (9) to (12), which define covariance matrix computa-
tion, eigenvalue decomposition, and component transformation.
The results of PCA implementation are presented in Table 7.

Table 7. PCA Implementation Results

No Principal Eigenvalue Variance  Cumulative
" Component Explained Variance
1 PC1 3.615 0.583 0.583
2 PC2 2.129 0.343 0.926
3 PC3 0.284 0.045 0.972
4 PC4 0.123 0.019 0.992
5 PC5 0.041 0.006 0.999
6 PC6 0.005 0.000 1.000

Based on Table 7, the first principal component (PC1) has an
eigenvalue of 3.615 and explains 58.3% of the total data variation.
The second component (PC2) has an eigenvalue of 2.129 and con-
tributes 34.3% of the variation. Cumulatively, the first two com-
ponents explain 92.6% of the total variance, indicating that most
of the information is represented by PC1 and PC2. Therefore,
these two components were selected as input variables for the
subsequent clustering analysis.

To determine the optimal number of clusters, the Elbow
Method was applied by analyzing the within-cluster sum of
squares (WCSS). The elbow point appears at k& = 3, where the
decrease in WCSS begins to level off, indicating diminishing im-

provement with additional clusters. Based on the elbow plot
shown in Figure 4, three clusters were selected as the optimal
solution.

Elbow method with PCA
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Figure 4. Using the Elbow method to determine the optimal
number of clusters

After determining the optimal number of clusters (¥ = 3),
grouping was performed using the K-Means+ + algorithm as de-
fined in eq. (14), which improves centroid initialization and re-
duces suboptimal local solutions. Cluster 1 (Primary Focus Areas
with Limited Junior High Schools) shows the highest values for
elementary school variables but moderate values for junior high
school variables. Cluster 2 (Developing Education Areas) shows
moderate numbers of elementary schools and higher numbers
of junior high schools. Meanwhile, Cluster 3 (Education Prior-
ity Areas) shows the lowest number of elementary schools and
moderate numbers of junior high schools. The centroid values
for each variable in all clusters are presented in Table 8.

Table 8. Centroid values for each cluster

Cluster Elem. Schools Elem. Teachers Elem. Students
0 12.980 235.050 4706.160
1 6.520 125.300 2576.530
2 10.040 214.800 4161.260
Cluster  JHS Schools JHS Teachers JHS Students
0 1.420 71.150 1367.570
1 1.690 73.610 1359.490
2 3.490 158.520 3006.520

To assess cluster separation, Euclidean distances were cal-
culated. The greatest distance occurs between Cluster 2 and
Cluster 3 (3.930), indicating the highest level of dissimilarity be-
tween these groups. Based on these characteristics, the classifi-
cation of subdistricts according to their respective cluster groups
is presented in Table 9.

The clustering visualization facilitates understanding of
how subdistricts are grouped based on their educational charac-
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Table 9. Classification of subdistricts based on cluster char-

acteristics

Cluster  Subdistrict

Cluster 1  Gubeng, Lakarsantri, Tandes, Tegalsari, Tambaksari,
Semampir, Bubutan

Cluster 2 Pakal, Sambikerep, Gunung Anyar, Bulak, Sawa-
han, Simokerto, Mulyorejo, Wiyung, Karang Pilang,
Benowo, Asemrowo, Jambangan, Gayungan, Pabean
Cantian, Dukuh Wonocolo, Pakis, Tenggilis Mejoyo

Cluster 3 Rungkut, Sukolilo, Wonokromo, Suko Manunggal,

Genteng, Kenjeran, Krembangan

teristics, supporting decision-making regarding educational de-
velopment priorities in each region, as illustrated in Figure 5.
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Figure 5. Visualization of subdistrict clustering data

Table 9 and Figure 5 present the K-Means+ + clustering re-
sults, which successfully identify three distinct groups. Cluster
labels were assigned based on quantitative criteria derived from
centroid values. Cluster 3 (Education Priority Areas) is character-
ized by a high teacher—student ratio (> 1 : 40) and low elemen-
tary school density (< 80% of the city median). Cluster 2 (Devel-
oping Education Areas) shows moderate ratios (1 : 30-1 : 40)
and average school density (80-120% of the median). Cluster
1 (Elementary-Focused Areas with Limited Junior High Schools)
has a relatively low teacher ratio (< 1 : 30) but limited junior
high school availability (< 50% of elementary schools). These em-
pirically defined categories ensure objective interpretation while
maintaining relevance for educational planning.

3.7. Davies—Bouldin Index (DBI) Evaluation Clustering K-Means+ +

The Davies—Bouldin Index (DBI) serves as the primary val-
idation metric for this study, calculated via Eq. (15) with k = 3
clusters. The resulting DBI score of 0.752 (Table 10) indicates
good cluster separation and internal cohesion. This metric was
selected for three key reasons: (1) algorithm-specific suitabil-
ity — DBI is optimized for centroid-based algorithms like K-
Means+ +, evaluating intra/inter-cluster distances directly rele-
vant to our methodology; (2) policy interpretability — DBI’s sim-
ple threshold (DBI < 1 = good separation) facilitates communi-

cation with educational policymakers; and (3) established prece-
dence — DBI is widely adopted in educational resource cluster-
ing studies for its balance of simplicity and effectiveness. While
additional metrics could offer supplementary perspectives, DBI
provides sufficient validation for this exploratory policy analysis,
particularly given the clear visual cluster separation in Figure 5
and substantive interpretability of cluster characteristics in Ta-
ble 10.

Table 10. Results of cluster evaluation with DBI

Evaluation Aspects Value/Information

Number of Clusters (k) 3

Davies—Bouldin Index (DBI) value  0.752

Quality Cluster Category Good (DBl <
separated clusters)

1 = well-

From Table 10, it is known that the DBI value of 0.752 is in
the good category because it is below the threshold of 1. This
result was obtained by applying Eq. (15), where the maximum
R;; values for each cluster were averaged. This indicates that
the clusters formed have clear separation between clusters and
high density within each cluster. Thus, the clustering model us-
ing K-Means+ + is declared to have good performance and can
be concluded to be capable of forming clusters that are represen-
tative of the analyzed data structure.

4. Conclusion

This study successfully classified 31 districts in Surabaya
City based on six educational resource variables using the K-
Means++ clustering method. The analysis process involved sev-
eral key steps, including data preprocessing, adequacy and corre-
lation testing, data standardization, dimensionality reduction via
Principal Component Analysis (PCA), and cluster validation using the
Davies—Bouldin Index (DBI). The results demonstrated that the kK-
Means++ method effectively generated representative clusters,
enabling clear differentiation between districts with similar edu-
cational characteristics. These findings are expected to provide
a data-driven foundation for the Surabaya City Education Office
in formulating equitable policies regarding teacher and student
allocation, as well as school development planning. However,
this study acknowledges limitations including its exclusive focus
on supply-side resource variables without incorporating demand-
side contextual factors like population density or demographics,
reliance on cross-sectional data from a single year, and use of
absolute counts that may mask per-capita disparities. Future
research should integrate contextual variables, develop need-
weighted equity indices, incorporate longitudinal data to track
policy impacts, include additional variables such as school facili-
ties and learning outcomes, and compare K-Means+ + with other
advanced clustering algorithms like DBSCAN or hierarchical clus-
tering to further validate the findings.
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