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Keywords: Abstrak. Makalah ini mengidentifikasi faktor—faktor yang diduga
Disadvantaged Regions, mempengaruhi kasus putus sekolah pada daerah tertinggal di Provinsi Papua
Fixed Gaussian Kernel, serta menyelidiki adanya pengaruh geografis. Tujuan dari penelitian ini adalah
Geographically Weighted adalah mendapatkan estimasi dan statistik uji parameter model daerah

Regression, School Dropout,  tertinggal di Provinsi Papua dengan pendekatan Geographically Weighted
Multiple Linear Regression. Regression (GWR), dan mengetahui faktor-faktor yang mempengaruhi angka
putus sekolah daerah tertinggal sehingga dapat digunakan sebagai referensi
pemerintah dalam menentukan arah kebijakan untuk menanggulangi masalah
putus sekolah pada daerah tertinggal. Hasil penelitian menunjukkan angka
putus sekolah pada daerah tertinggal di Papua tertinggi pada jenjang SMP, dan
ada indikasi bahwa kasus angka putus sekolah menyebar secara spasial karena
terdapat heterogenitas antar lokasi pengamatan yang artinya jika suatu daerah
memiliki kasus putus sekolah yang tingi atau sebaliknya, ada kemungkinan
daerah sekitarnya memiliki beban yang sama, sehingga menggunakan
pemodelan regresi spasial dengan fungsi Fixed Gaussian Kernel. Hasil
pengelompokan dengan GWR menghasilkan dua kelompok berdasarkan
variabel signifikan. Adapun variabel yang signifikan yaitu rasio murid-guru
jenjang pendidikan SMP, rasio murid-rombongan belajar jenjang pendidikan
SMP, dan angka putus sekolah (APTs) jenjang SD.
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Abstract. This study examines the factors hypothesized to contribute to school
dropout rates in disadvantaged regions of Papua Province and explores
z potential geographical influences. The primary aims are to derive parameter
JITET is licensed under estimates and statistical tests for the model of underdeveloped regions in
a Creative Commons Papua using Geographically Weighted Regression (GWR) and to determine
Attribution-NonCommercial ~ the factors influencing school dropout rates in these areas, providing a basis
4.0 International License for governmental policy development to mitigate school dropout issues in
disadvantaged regions. Findings reveal that the highest dropout rates occur
at the junior high school level, with indications of spatial clustering in dropout
cases due to heterogeneity among observation sites. This suggests that regions
with elevated dropout rates, or conversely low rates, are likely to have
neighboring areas with comparable patterns, necessitating the use of spatial
regression modeling with a Fixed Gaussian Kernel function. GWR analysis
resulted in two clusters based on significant variables, which include the
student-teacher ratio at the junior high school level, the student-classroom
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ratio at the junior high school level, and the elementary school dropout rate

(APTs).

1. INTRODUCTION

Education serves as a vital instrument for
unlocking and nurturing individual potential,
fostering  competitive  capabilities  [1].
Consequently, ensuring access to high-quality
education is imperative. UNICEF emphasizes
universal access to quality education [2], a
stance reinforced by the World Conference on
Education, which advocates for all children
globally to access and complete quality
education [3]. This aligns with global efforts
over recent decades to enhance investments in
educational infrastructure [4]. However, school
dropout remains a significant global challenge
in education [5].

School dropout is a widespread and
recurring issue across nations and educational
levels, constituting a substantial problem for
many countries [6]. Global data highlight
persistently elevated dropout rates, with the
2017 International Commission on Financing's
Global Education Opportunity report indicating
that approximately 250 million children and
adolescents dropped out of school in 2016 [1].
Dropout is a complex issue, extending beyond
academic underperformance or behavioral
challenges. It represents a dynamic process
influenced by social and environmental
contexts, including family background, socio-
academic environments, demographic factors,
and other variables [7].

A critical educational challenge is mitigating
high dropout rates, particularly at the junior
high school level, which poses significant
personal, familial, and societal implications
worldwide [8]. Previous research indicates that
secondary and upper secondary school dropout
rates globally range from 17% to 50%, with
higher rates in developing countries [9], [10]. In
Indonesia, dropout rates remain notably high.
At the elementary level, Indonesia ranks sixth
among six countries with the highest dropout
numbers (2 million students). At the junior high
school level, Indonesia and Myanmar rank fifth
among six countries with the highest dropout
rates (1.9 million) [11].

High dropout rates constitute a major
challenge in Indonesia. Despite significant
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enrollment increases—110% at the elementary
level and 101% at the junior high school level
in 2015 [12]—approximately 2.4 million
elementary and junior high school students
failed to complete their education.
Consequently, Indonesia ranks 56th out of 127
countries in global dropout rankings [12].
Papua Province exhibits particularly high
dropout rates, driven by limited educational
access. According to the Central Statistics
Agency, Papua records the second-highest
school dropout rate (APTs) in Indonesia.
Moreover, most areas in Papua are classified as
disadvantaged regions under Presidential
Regulation No. 131 of 2015 on Underdeveloped
Regions for 2015-2019.

Prior studies on high dropout rates in Papua
[13], who wutilized nonparametric spline
regression to identify economic factors,
infrastructure, and elementary school dropout
rates as significant contributors to junior high
school dropout rates in Papua. Survival analysis
was applied to assess the risk of adolescent
dropouts in Papua [14]. However, no studies
have  specifically  investigated  factors
influencing  dropout rates in Papua’s
disadvantaged regions. Given that dropout
factors vary by region based on local
characteristics, identifying these factors while
accounting for geographical influences is
essential. Geographically Weighted Regression
(GWR), a spatial modeling approach,
incorporates geographical factors  as
independent variables affecting the response
variable [15]. GWR extends global regression
models, building on nonparametric regression
principles [16]. Applications of GWR include
studies on poverty in East Java’s disadvantaged
regions [16], infant mortality and stunting in
Indonesia [17], and the Human Development
Index in Papua using geographically weighted
ridge regression [18]. Additionally, GWR with
Principal Components Analysis was employed
to examine the impact of environmental
degradation on economic growth in Indonesia
[19].

This study introduces a novel spatial
approach to identify factors contributing to high
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dropout rates in Papua’s disadvantaged regions.
It is the first to model school dropout rates in
these regions using Geographically Weighted
Regression. The objectives are to estimate
model parameters and test statistics for
disadvantaged regions in Papua using GWR and
to identify factors influencing dropout rates,
providing  evidence-based  insights  for
government policies to address school dropout
challenges in disadvantaged areas.

2. TINJAUAN PUSTAKA

Isi bagian tinjauan pustaka ditulis ringkas,
dan hanya teori yang benar-benar digunakan
sebagai dasar penelitian. (The contents of the
literature review section are written briefly, and
only theory is actually used as a basis for
research.)

3. METHODS
3.1. Data Sources and Research Variables
This study utilizes secondary data from the
Central Bureau of Statistics (BPS) of Papua
Province, specifically the 2020 Papua Province
Education Indicators Dataset, which provides
continuous data and information on educational
indicator trends. The data are derived from the
processing of primary data collected by BPS
Papua through the annual National Socio-
Economic Survey (Susenas), supplemented by
secondary data from relevant institutions. The
unit of observation for modeling factors
influencing school dropout rates in Papua’s
disadvantaged regions is each regency/city
classified as underdeveloped. According to
Presidential Regulation No. 131 of 2015 on the
Designation of Underdeveloped Regions for
2015 — 2019, 26 out of 29 regencies in Papua
Province are categorized as disadvantaged.
These regions are detailed in Table 1 below.

Table 1. Underdeveloped Regencies in Papua

Province
No.| Regency/City [No. Regency/City
1 Merauke 14 Sarmi
2 Jayawijaya 15 Keerom
3 Nabire 16 Waropen
4 | Kepulauan Yapen |17 Supiori
5 Biak Numfor 18 | Mamberamo Raya
6 Paniai 19 Nduga
7 Puncak Jaya 20 Lanny Jaya
8 Boven Digoel |21 |[Mamberamo Tengah
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9 Mappi 22 Yalimo
10 Asmat 23 Puncak
11 Yahukimo 24 Dogiyai
12 |Pegunungan Bintang| 25 Intan Jaya
13 Tolikara 26 Deiyai

(Source: Presidential Regulation No. 131 of 2015)

This study employs eight predictor variables
and one response variable. The variables
utilized in this research are detailed as follows.

Table 2. Research Variables
Variable Type Indicator

Junior High School Dropout
Rate (APTs) (Y)

Student-Teacher Ratio at Junior
High School Level (X1)
Student-Classroom Ratio at
Junior High School Level (X2)
Classroom-Class Ratio at
Junior High School Level (X3)
Percentage of Qualified
Teachers at Junior High School

Response Variable

Predictor Level (X4)
Variables Elementary School Dropout
Rate (APTs) (X5)

Percentage of Non-Food
Expenditure for Middle-Income
Groups (X6)
Percentage of Non-Food
Expenditure for High-Income
Groups (X7)
Distribution of Households
with Floor Area <19 m? (X8)
(Source: Central Bureau of Statistics of Papua
Province, 2020)

3.2, Analysis Stages
The analytical steps employed to address the
research objectives are outlined as follows:

1. Conducting descriptive analysis of school
dropout cases in disadvantaged regions of
Papua Province.

2. Modeling the School Dropout Rate (APTs)
using classical linear regression with the
Ordinary Least Square (OLS) method [20].

3. Implementing the spatial modeling stages
using Geographically Weighted
Regression, which include:

a. Determining the optimal bandwidth
based on the Cross Validation (CV)
criterion [21], with calculations
performed to achieve the minimum
CV value [22].
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b. Estimating GWR model parameters
using the optimal bandwidth.

4. Comparing the results of OLS and GWR
models based on the coefficient of
determination (R?) and the sum of squared
errors (SSE) [23].

a. Assessing model fit to evaluate the
influence of geographical factors on
school dropout occurrences.

b. Testing the significance of parameters
individually.

5. Interpreting and drawing conclusions from
the obtained results.

3.3.  Concept of Geographically Weighted
Regression (GWR)

Geographically =~ Weighted  Regression
(GWR) is an extension of the regression model
in which parameters are estimated at each
geographical location [24], resulting in distinct
regression parameter values for each spatial
point [25], [26]. GWR builds upon the global
regression framework, with its foundational
concept derived from nonparametric regression
[27]. In the GWR model, the response variable
(y) is predicted using predictor variables, with
regression coefficients that vary depending on
the location of the observed data. The GWR
model can be expressed as follows [15], [28].

P
yi = Bo(uy,vy) + Z Bre(ui, v xy + & (D
k=1

where:

Vi : The observed value of the response
variable at location (i)

(u;, v;) : The coordinates (longitude, latitude)
of location (i)

Br(u;, v;): The regression coefficient for the
(k)-th predictor variable at location (1)

The weighting function in the GWR model
is critical, as it represents the spatial
relationships between observed data points. A
kernel function is employed to estimate
parameters in the GWR model when the
distance function (wj) is continuous and
monotonically decreasing [25]. The weighting
functions derived from kernel functions include
the Gaussian Distance Function, Exponential
Function, Bisquare Function, and Tricube
Kernel Function [29]. In this study, the
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weighting function utilized is the Gaussian
distance function [15].

w; (u;, v;) = exp [—%(dij/h)z] 2)

dij = \/(”i ~w)” + (v~ v)’
represents the FEuclidean distance between
location (u;, v;) and location (uj, vj), and (h)
is a non-negative parameter, commonly referred
to as the smoothing parameter (bandwidth).

The bandwidth can be conceptualized as the
radius of a circle, where points within this
radius are considered to have an influence [30].
In constructing a GWR model, the bandwidth
plays a critical role, as it affects the model’s
accuracy by balancing variance and bias [31].
Several methods exist for selecting the optimal
bandwidth, one of which is the Cross Validation
(CV) method [15], mathematically defined as
follows:

where

CV(R) = X (i — 9=:(R))? €))
Let y.;(h) be the estimated value at location
(u;, v;), where the observation at that location
is excluded from the estimation process. To
obtain the optimal value of 7, it is selected such
that it yields the minimum cross-validation
(CV) value. Subsequently, hypothesis testing
for the Geographically Weighted Regression
(GWR) model involves two main aspects:
testing the model fit and testing the model
parameters. The hypothesis test for model fit in
GWR is formulated as follows:

o Hy:fp(uyv) =P on every
0,1,2,--,p,andi =1,2,--,n
(There is no significant difference between
the global regression model and the GWR
model.)

o H;: At least one By(u;v;) # Br. k=
0,1,2,,p
(There 1is significant difference between
the global regression model and the GWR
model.)

The test statistic for this hypothesis is
defined as follows:

k =

2
/)
Feount = RSS(Hp)/(n—p-1)

“)
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The significance test for model parameters at
each location is conducted through partial
(individual) parameter testing. The hypotheses
are stated as follows:

* Hp:Br(uyv) =0
o Hi:Br(u;v;) #0withk =12,---,p

The test statistic used is:

Bi(uivy)
Thit == 7= (5)
4. RESULT AND DISCUSSION

4.1. General Overview of School Dropout
Cases in Underdeveloped Regions of Papua

The school dropout rate by educational level
is defined as the percentage of students who, in
the current academic year, have discontinued
their studies before completing a particular
level of education, relative to the number of
students who were enrolled at the same level in
the previous academic year.

According to data released by the Statistics
Indonesia (BPS) of Papua Province (Figure 1),
the lower secondary education level (junior
high school or equivalent) exhibited the highest
school dropout rate compared to other
educational levels. In 2020, approximately 44 to
45 out of every 1,000 individuals dropped out at
the junior high school level. At the primary
school (or equivalent) level, 24 to 25 out of
every 1,000 students discontinued their
education before completion. In contrast, the
dropout rate at the senior high school (or
equivalent) level was the lowest, with only 7 to
8 out of every 1,000 students dropping out,
which is around three students lower than the
national average

0.66 0.57057
0.

Female Urban areas Rural areas

School Dropout Rate
(per 1,000 population)

Gender Residential area

W Elementary School W Junior High School

Senior High School

Figure 1. School Dropout Rates by Education
Level and Characteristics in Papua Province, 2020
(Source: BPS, Susenas)
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Figure 2. Distribution of Junior High School
(SMP) Dropout Rates in Underdeveloped Areas of
Papua Province, 2020
(Source: BPS Papua, processed data)

Figure 2 illustrates that among the 26
underdeveloped regions in Papua Province, the
highest dropout rate at the junior high school
level in 2020 was found in Nduga Regency,
with a dropout rate of 29.52 per 1,000
population. This means that approximately 29
to 30 out of every 1,000 individuals dropped out
of junior high school or equivalent education in
Nduga. Meanwhile, 11 regions recorded a
dropout rate of zero, indicating that none of the
1,000 students enrolled in junior high school or
equivalent education dropped out. These
regions include Asmat, Jayawijaya, Yapen
Islands, Puncak Jaya, Boven Digoel, Tolikara,
Sarmi, = Waropen, = Mamberamo  Raya,
Mamberamo Tengah, and Dogiyai Regencies.

4.2, Linear Regression Model

The results and discussion of the linear
regression model can be used to examine the
relationship between school dropout rates in
each underdeveloped regency in Papua
Province and the factors suspected to influence
them. Simultaneous parameter testing involves
testing all parameters in the regression model
collectively. The hypotheses are as follows:
Hy:Br=Pr=PB3=Ps=Ps=PBs =B7=Ps=0
H,: Atleastone f, # 0 (k = 1,2,..8)

Table 3. Results of Simultaneous Significance
Test for the Regression Model

Degree of
freedom Ftatistic Fo,1;8:17) P_vatue R?
df)
8;17 4.347 1.0226 0.0052 67.16%

The simultaneous test of the regression
model using the Ordinary Least Squares (OLS)
method yielded an F-statistic of 4.347, which is
greater than the critical value Fg 1;517)=2.061,
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and a p-value smaller than the significance level
(a) of 10%. Therefore, the null hypothesis H,
isrejected (Table 3). The OLS regression model
produces parameters that are statistically
significant at the 10% significance level. This
indicates that at least one predictor variable
significantly influences the response variable,
which is the school dropout rate in
underdeveloped regions of Papua.

The coefficient of determination (R?) is
67.16%, meaning that the regression model
explains 67.16% of the variability in the
dropout rates in these regions, while the
remaining 32.84% is explained by other
variables outside the model.

Next, the results of the partial parameter
tests of the regression model are presented as
follows.

Table 4. Results of Partial Significance Tests
for the Regression Model

Variable Coefficient tyalue Poatue

Student-teacher
ratio at junior
high school level
(X1)
Student-study
group (rombel)
ratio at junior
high level (X2)
Class-study
group (rombel)
ratio at junior
high level (X3)
Percentage of
qualified teachers
at junior high
level (X4)
School dropout
rate at primary
school level (X5)
Percentage of
non-food
expenditure for
middle-income
group (X6)
Percentage of
non-food
expenditure for
high-income
group (X7)
Distribution of
households with
floor area < 19
m? (X8)
*Significant at the 10% significance level (a = 0.10)

-1.197 -2.31 0.033*

1.156 2.08 0.053*

-25.4 -1.64 0.118

0.196 0.96 0.350

1.440 3.97 0.001*

-0.281 -1.14 0.271

0.273 0.257

0.0953 1.36 0.191
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Based on the results of the partial
significance test presented in Table 4, it can be
concluded that the wvariables that have a
significant influence on school dropout cases in
underdeveloped regions of Papua are: the
student-teacher ratio at the junior high school
level (X1), the student—study group
(rombel/rombongan belajar) ratio at the junior
high school level (X2), and the school dropout
rate at the primary school level (X5). The
resulting regression model is as follows:

y= -971197X1 + 1,156 X2 — 25,4 X3 +

0,196 X4 + 1,440X5 — 0,281 X6 + 0,273 X7 + (6)
0,0953 X8
4.3.  Results of the Geographically

Weighted Regression (GWR) Model for
School Dropout Cases

The Geographically Weighted Regression
(GWR) model extends traditional regression by
estimating parameters at each geographical
location, resulting in spatially varying
regression coefficients. The steps for
developing the GWR model are outlined below.

4.3.1.  Heteroskedasticity Test

This diagnostic test assesses the presence of
spatial heterogeneity, which is crucial for
determining the appropriate spatial model for
analyzing school dropout rates. The Breusch-
Pagan test [32] is employed to evaluate the
homogeneity of variance in the residuals. A
robust GWR model is indicated by the presence
of heteroskedasticity. The test results are
presented in Table 5 below.
Table 5. Results of the Heteroskedasticity Test

for the GWR Model

Degree of | Breusch-Pagan
Freedom (df) Score P-value
8 20.775 0.0078

From Table 5, the p-value of 0.00777 is less
than the significance level (o) of 10%, leading
to the rejection of the null hypothesis (Ho). This
indicates that the variance of residuals in the
model is non-homogeneous. Consequently, the
GWR approach is suitable for addressing spatial
heterogeneity in the linear regression model.

4.3.2.  Selection of Optimal Weighting
The GWR model employs weighting based
on the geographical location of each
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regency/city. The optimal weighting is
determined using the Cross Validation (CV)
criterion, with results for each weighting
method shown in Table 6.

Table 6. Selection of Optimal Weighting
Based on Cross Validation (CV) Score

Weighting Cross Validation (CV)
Method Score
Fixed Gaussian 33.16338
Fixed Bi-Square 34.70170

A weighting method is considered optimal
when it yields the lowest CV score. Table 6
indicates that the Fixed Gaussian weighting is
optimal for GWR modeling, as it has a lower

CV score compared to other weighting
methods.
4.3.3.  Simultaneous Testing of the GWR

Model
The GWR model is tested to determine the

influence of location-specific factors in the
disadvantaged regions of Papua Province on
school dropout occurrences. The hypotheses
formulated for constructing the GWR model are
as follows.
o Hy:fBy(uy,vi) = Bo(uy, vi) = Ba(uy,vy) =

Ba(uy, vi) = Ps(uy, v;) = Bo(uy, v;) =

B7(uy, vi) = Be(uy, vi) = i

e H;: minimal ada satu B (u;, v;) # Bx

Table 7. Results of GWR Model Testing

Model ..
Estimation SSE (df) | F-Statistic | P-value
GWR Model | 8.0744 |16.462| 0.5098 0.5127

Linear | ¢ 5000 | 9
Regression

At a significance level (a) of 10%, the null
hypothesis (Hg) is rejected because the F-
statistic (0.5098) is less than the critical value
F(O.l; 9;16.462) — 2.0553

Thus, it is concluded that there is no
significant difference between the GWR and
linear regression models. However, the GWR
model demonstrates greater efficiency than the
OLS regression model, as evidenced by its
lower Sum of Squared Errors (SSE) value
compared to that of the OLS model

4.3.4.  Selection of the Best Model
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The optimal regression model is selected
based on the goodness-of-fit criteria,
specifically the coefficient of determination
(R?) and the sum of squared errors (SSE). A
higher R? value indicates a better model fit
compared to other models, while a lower SSE
further supports model quality. Table 8 presents
the goodness-of-fit measures for the linear
regression and GWR models.

Table 8. Selection of the Best Model

Model R? SSE
Linear Regression 67.16% | 8.2090
GWR 67.70% | 8.0744

Table 8 indicates that the overall R? value
for the GWR model is higher than that of the
linear regression model. This suggests that the
GWR model is more suitable for modeling
school dropout cases in disadvantaged regions
of Papua Province in 2020.

4.3.5.  Mapping of Disadvantaged Regions

The GWR model is better suited for
modeling school dropout cases in Papua’s
disadvantaged regions, as discussed in Table 8,
compared to the OLS model, due to the
presence of spatial heterogeneity, which
indicates a non-stationary spatial process with
varying variance across observation regions.
The parameters generated by the GWR model
are location-specific, tailored to the data
observed in each region. Factors influencing
school dropout cases in Papua’s disadvantaged
regions vary spatially, reflecting the dominant
challenges in each area. Different influencing
factors necessitate tailored policies for each
region. Therefore, partial testing of each
parameter in every observed region is
conducted. Based on partial testing of the GWR
model parameters using the t-statistic, the
significance of the model parameters is
evaluated with the following hypotheses.
o Hy: Bk (ui,vi) =0
o Hy:Bk(ui,vi) #Bk; i=12,...26k=

1,2,3..,8

At a significance level (a) of 10%, the
critical t-value t(g 1;17) 1s 2.110. The following
presents the grouping of regions based on
significant variables.
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Table 9. Distribution of Regions Based on
Influential Variables
Significant Variables Regency/City

Nabire, Sarmi,
Mamberamo Tengah,
Kepulauan Yapen,
Waropen, Yalimo, Biak
Numfor, Supiori,
Puncak, Paniai,

1. Student-Teacher Ratio
at Junior High School
Level (X1)

2. Student-Classroom
Ratio at Junior High

School Level (X2) Mamberamo Raya,
3. Elementary School Dogiyai, Puncak Jaya,

Dropout Rate (APTs) Nduga, Intan Jaya,

X5) Tolikara, Lanny Jaya,

Deiyai

1. Student-Teacher Ratio
at Junior High School
Level (X1)

2. Student-Classroom
Ratio at Junior High
School Level (X2)
Based on Table 9, the factors influencing

school dropout cases in disadvantaged regions

of Papua Province vary across regions. The

GWR model results, as shown in Table 9,

indicate that three variables significantly affect

school dropout rates in Papua’s disadvantaged
regions: the student-teacher ratio at the junior
high school level (X1), the student-classroom
ratio at the junior high school level (X2), and
the elementary school dropout rate (APTs)

(X5). A total of 18 regencies are influenced by

all three factors, while eight regencies are

influenced by two factors. The following

presents the mapping derived from Table 9.

Merauke, Asmat,
Jayawijaya, Yahukimo,
Boven Digoel,
Pegunungan Bintang,
Mappi, Keerom
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[ Influencedby X1, X2 and X5
B nfluenced by X1 and X5

Figure 3. Mapping of Disadvantaged Regions
Based on the Influence of Predictor Variables
on School Dropout Cases in Papua

5. CONCLUSIONS

This study successfully identifies key
factors influencing dropout rates in Papua’s
disadvantaged regions. Linear regression
results show that the student-teacher ratio (X1),
student-classroom ratio (X2) at the junior high
school level, and the elementary school dropout
rate (X5) significantly impact dropout cases.
The Geographically Weighted Regression
model was selected using a fixed Gaussian
kernel for its lowest cross-validation (CV)
score. GWR outperforms multiple linear
regression with a higher R? value (67.70%) and
lower SSE. The analysis reveals spatial
variation in dropout determinants, with GWR
identifying two distinct clusters characterized
by different significant variables. These
findings highlight the need for spatially
adaptive education policies tailored to local
conditions.
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