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Editorial Foreword

Jurnal Aplikasi Statistika & Komputasi Statistik (JASKS) Volume 18 Number 1 June
2026 Edition has undergone transformations such as writing articles in English, establishing a
journal logo, establishing the Politeknik Statistika STIS publisher logo, changing paper
template designs, updating Author Guidelines, etc. The aim of this transformation is to improve
the journal's performance and expand the reach of JASKS readers.

This issue consists of 8 articles contributed by 24 authors affiliated with various
universities and government institutions from Indonesia and abroad. The contributing
institutions include BPS-Statistics Indonesia, BPS-Statistics Bekasi Regency, the Training and
Education Center of Statistics Indonesia, Institut Agama Islam Negeri Sorong, UIN Sulthan
Thaha Saifuddin Jambi, Universitas Andalas, Institut Teknologi Sepuluh Nopember, Kupang
State Polytechnic of Agriculture, Mulawarman University, Universitas Udayana, Universitas
Indonesia, Universitas Lambung Mangkurat, and the University of Leeds (United Kingdom).
The articles in this issue demonstrate diverse applications of statistical and computational
methods to address economic, environmental, agricultural, and social issues in Indonesia. The
studies cover structural equation modeling, dimension reduction, spatial regression,
geographically weighted modeling, machine learning, ensemble learning, class balancing, topic
modeling, sentiment analysis, and forecasting methods. Collectively, these contributions
highlight the growing role of statistical and computational approaches in transforming official
statistics and socio-economic data into evidence that supports informed decision-making,
regional development planning, and public policy formulation.

The editorial board extends its sincere appreciation to all authors and reviewers for their
valuable contributions and rigorous evaluations that have ensured the quality of this issue. We
also thank the editorial team for their dedication in managing the publication process. It is hoped
that this issue will enhance readers’ understanding of applied statistical and computational
methods, and the editorial team welcomes further scholarly contributions to support the

dissemination of statistical knowledge within the community.

Jakarta, June 2026
Editor-in-Chief,

Fitri Kartiasih
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ARTICLE INFO Abstract

Article history: Introduction/Main Objectives: This research explores the impact of financial
Received 17 July, 2024 literacy, including knowledge, confidence, and ability, on interest in Sharia
Revised 19 Dec, 2025 investment. Background Problems: the relationship between financial
Accepted 2 June, 2026 literacy and interest in sharia investment. Novelty: Considering that each
Published 30 June, 2026 province has different community characteristics, especially in the Southwest

Papua Province area which is included in the 3T areas (underdeveloped,
frontier, and outermost), an analysis was carried out and using SEM-PLS for
Keywords: analysis of Ddta. Research Methods: Using the Structural Equation Model
Financial Inclusion; Financial Partial Least Square (SEM-PLS) method with the response variable sharia
Literacy; Sharia Investment; investment interest and the financial literacy variable with the dimensions of
SEM-PLS; Southwest Papua knowledge, confidence and ability. Finding/Results: The results show that
financial literacy has a positive and statistically significant effect on interest in
Sharia investment. Although its explanatory power is limited (R? = 0.094), the
findings indicate that financial literacy functions as an enabling factor rather
than a sole determinant of Sharia investment interest. These results suggest that
improving financial literacy alone is insufficient to substantially increase
interest in Sharia investment. Therefore, policies aimed at promoting Sharia
investment should integrate financial education with institutional trust-
building, product accessibility, and socio-religious engagement, particularly in
underdeveloped and frontier regions such as Southwest Papua.

1. Introduction

An intriguing field of study lies within finance, given its significant role in our lives. The state of
our finances frequently shapes our overall well-being, with those who are financially secure generally
enjoying a higher quality of life compared to those facing financial difficulties. It is undeniable that
having financial knowledge significantly impacts one's ability to achieve financial stability. A study
conducted by the OECD/INFE International Survey of Adult Financial Literacy (2020) found that
individuals with high financial literacy tend to have more savings, more manageable debt, and are better
able to plan for retirement. Another finding was obtained from research conducted by The Economic
Importance of Financial Literacy: Theory and Evidence [1], that adults who received financial education

Copyright: © 2026 by the authors.
This an open access article distributed under the terms and conditions of the CC BY-NC 4.0.
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(for example, in high school) had higher credit scores, less credit card debt, and were more likely to
have an emergency fund than those who did not.

As per the Financial Services Authority Regulation Number 76/POJK, which aims to improve
financial literacy for the public and consumers in the financial services sector, it is crucial to comprehend
that financial literacy comprises knowledge, skills, and beliefs that influence attitudes and behavior,
ultimately resulting in better financial management and decision-making for increased prosperity.
Financial literacy is crucial because it enables individuals to successfully plan for the future and make
wise financial decisions in everyday life. A thorough understanding of financial literacy helps
individuals make long-term financial decisions such as investing, as well as short-term decisions about
saving and consumption. Low financial literacy also contributes to the high number of illegal online
lending cases and individual bankruptcies. According to data compiled on the Financial Services
Authority (OJK) website (2023), the Illegal Financial Activities Eradication Task Force (Satgas PASTI)
(formerly the Investment Alert Task Force) recorded that from 2017 to October 31, 2023, the Task Force
had shut down 7,502 illegal financial entities, consisting of 1,196 illegal investment entities, 6,055
illegal online lending/PINPR entities, and 251 illegal pawnshop entities. Similarly, the OJK's National
Financial Literacy and Inclusion Survey (2022) showed that the financial literacy rate in Indonesia was
only 49.68%. This indicates low financial literacy among Indonesians, leading many to fall prey to
illegal investments. Investing is the process of carefully allocating money to projects with the potential
to generate future profits. People who lack financial literacy can experience problems such as excessive
debt, poor investments, or financial instability following unexpected events. Therefore, improving
financial literacy among Indonesians is crucial because it directly benefits the financial well-being of
individuals and society as a whole.

Financial literacy is essential for many people, especially students who are at a transitional time
of life when the responsibility for managing personal financial resources starts to expand. In addition to
being susceptible to consumer debt, especially the widespread illicit internet loans in Indonesia, students
with low levels of financial literacy run the danger of having trouble saving and managing their
expenditures. A person's capacity to make prudent long-term investment decisions may also be
hampered by a lack of financial literacy. Students' interest in Sharia-compliant investments is rising
along with investment awareness, mostly due to their view of the possible profits. The combination of
financial knowledge and profit expectations are factors that encourage individuals to consider
investments, particularly Sharia-compliant investments, which are considered to align with religious and
ethical values.

Previous studies have documented the important role of financial literacy in shaping individual
financial behavior and investment decisions. Several studies have found a positive relationship between
financial literacy and investment decisions, indicating that individuals with higher levels of financial
knowledge and competence tend to make more rational and informed investment decisions [2]- [3]. This
finding confirms that financial literacy serves as a key determinant in financial decision-making.

However, empirical evidence regarding the influence of financial literacy on investment interest
still shows mixed results. Some studies find that financial literacy has a significant effect on investment
interest, while others report a weak or insignificant effect, particularly among university students [4].
These differing findings indicate that the relationship between financial literacy and investment interest
is likely influenced by contextual factors, such as demographic characteristics, the institutional
environment, and an individual's level of exposure to financial activities.

Furthermore, most previous studies have focused on Islamic financial literacy as a determinant of
Islamic investment interest [5]-[6], while general financial literacy tends to receive less attention.
However, general financial literacy—which encompasses basic knowledge, confidence, and skills in
financial management—can serve as an important foundation for understanding Sharia-compliant
investment principles. Furthermore, empirical studies examining this relationship in remote and
underdeveloped regions, such as Southwest Papua, are still very limited.

Based on this gap, this study aims to analyze the effect of general financial literacy on Islamic
investment interest among IAIN Sorong students using the Structural Equation Modeling—Partial Least
Squares (SEM-PLS) approach. This approach was chosen for its ability to predictively analyze complex
relationships between latent variables, even with a relatively limited sample size. Thus, this study is
expected to clarify inconsistent findings in previous studies and provide empirical contributions from
regional contexts that are still rarely studied in Islamic finance literature.
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2. Material and Methods

2.1. Type of Research

The impact of financial literacy on interest in Sharia investing is investigated in this study using
a quantitative explanatory research approach. While the explanatory approach is utilized to evaluate
causal links among variables, quantitative approaches are used since the research variables are
measurable and appropriate for statistical analysis. Interest in Sharia investing is considered an
endogenous latent variable, while financial literacy is considered an exogenous latent variable. To
ascertain the direction and importance of the relationship between these constructs, the study focuses on
hypothesis testing. The study uses a cross-sectional approach, gathering data all at once to determine
students' present levels of financial literacy and interest in investing. When studying relationships
without taking time changes into account, this design is suitable. Data analysis is conducted using the
Structural Equation Modeling—Partial Least Squares (SEM-PLS) approach, which is suitable for
explanatory research with predictive objectives, relatively small sample sizes, and minimal
distributional assumptions.

2.2. Data and Strategies

This study was carried out in the State Islamic Institute (IAIN) Sorong, Southwest Papua, over
the course of two months, from July to August 2023. The location was selected because IAIN Sorong is
a religious university with a sizable Muslim student body, making it a pertinent setting for analyzing
interest in sharia-compliant investment.

Based on official statistics from the Bureau of Academic and Student Affairs of IAIN Sorong,
2023, the study's population consisted of all enrolled students at IAIN Sorong during the 20222023
academic year, or roughly 2,850. In order to guarantee that every member of the population had an equal
chance of being chosen as a respondent, this study used a straightforward random sampling technique
due to time and resource restrictions. The sample size is determined using the Slovin formula by [7]:

N
AEe M

with a minimum sample size of 99 respondents and a 10% margin of error. Given the exploratory nature
of the study, the restricted access to respondents during academic holidays, and [8]'s suggestion that
SEM-PLS research can accept smaller samples as long as they satisfy the minimal statistical
requirements, the 10% margin of error was used. The sample of this research was 115 students of IAIN
Sorong.

Instrument validity was tested using loading factors in a PLS-based Confirmatory Factor Analysis
(CFA), where indicators with loading factors > 0.70 were considered valid [9]. Meanwhile, reliability
was measured using two indicators: Cronbach's Alpha and Composite Reliability (CR), with a minimum
value of 0.70 for both as the threshold for acceptance [10]. The researchers ensured adherence to the
principles of informed consent, confidentiality, and voluntary participation. Each respondent was given
an initial explanation of the study's purpose, benefits, and their right to withdraw at any time without
consequence. Respondent identities were not included in the questionnaire, and all data were
anonymized and used solely for academic purposes [11]-[12].

2.3. Research Procedures

This study utilizes quantitative research methods, with financial literacy as the independent
variable (X) and interest in sharia investment as the dependent variable (Y). Financial literacy is
measured across three dimensions: knowledge, confidence, and skills. The data analysis methodology
utilized in this research is the Structural Equation Model-Partial Least Squares (SEM-PLS). The stages
of data analysis using SEM-PLS include:
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(1) Analysis of the measurement model (outer model)

At this point, convergent and discriminant validity are assessed as part of construct validity
testing. Additionally, the composite reliability (CR) value is evaluated as part of construct reliability
testing. The loading factor value can be used to calculate the correlation between the reflective indicator
score and the latent variable score. PLS is used to quantify the correlation between item/component
scores to evaluate the measurement model with reflected indicators. If the loading factor value correlates
with the measured construct more than 0.7 (1 = 0,5), It is considered high. However, a loading value
measuring scale of 0.5 to 0.6 is thought to be enough for the first stage [13]. According to [8] and [14],
a factor loading of 0.50 or more (= 0,50) is deemed to have adequate validity to explain the latent
concept. According to several publications, ensuring good validation of the underlying construct
requires a loading factor of at least 0.50.

Discriminant validity is a component of construct validity, which aims to ensure that each
construct in the model is empirically distinct from other constructs. This means that the indicators
(items) used to measure a construct are not excessively correlated with other constructs, ensuring that
the construct has unique meaning [9]. Cross-loading correlation is one way to test discriminant validity.
When compared to the loading on other constructions, the indicator must have the highest loading on
the construct it measures.

The consistency with which indicators within a construct measure the same idea is evaluated using
reliability tests. Cronbach's alpha and composite reliability are two techniques used in reliability
testing.Assuming that all indicators have the same weight (tau-equivalency) and measuring reliability
using the correlation between items [14].

_ K (ZVat)
= (Var(total)) (2)
Table 1. Criteria for Cronbach’s Alpha
Cronbach’s Alpha Interpretation
value = 0.70 Good reliability
0.60 < wvalue < 0.70 Still acceptable for exploratory research
value < 0.60 Not reliable

Reliability is measured by considering the indicator's actual weight (outer loading) [14].

__aw’
Cw2+2(14) @

(2)Analysis of the structural model (inner model)

The inner model evaluates the relationships between latent constructs in the theoretical model:
whether the independent (exogenous) variables influence the dependent (endogenous) variables, how
strong the influence is, whether the influence is significant, and whether the model has predictive ability
(in-sample and out-of-sample).

Tests to analyze the inner model include [9]:

a) Calculate R? (Coefficient of Determination) for each endogenous construct

Rz_ var X (4)

varian total

The higher the R? the greater the predictive ability of the exogenous construct against the
endogenous one.

b) Calculate f> (Effect Size)
Determine the degree to which exogenous constructs contribute to specific endogenous constructs
[9] and [15].

fz = Rizncllu?e; 2‘ Rgxcluded ( 5)

included
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Table 2. Criteria for f* (Effect Size)

2 values Category Interpretation

0.02 Small The variable makes a small contribution to the endogenous R?
0.15 Moderat Variables provide moderate contributions

0.35 Big Variables make a big contribution

c) Testing Q* (Predictive Relevance)

Evaluate the model's prediction power in relation to the endogenous constructs' manifest indicators.

Q*=1-(1-R; ) (1-R,?) (1-R3%)...(1-R,?) (6)
(3) Conversion of path diagrams to equations

Figure 1 presents the structural framework of the research model and the conversion of the path
diagram into an analytical form. The model illustrates the relationships among latent variables examined
in this study. Financial Literacy is positioned as a higher-order latent construct, which is reflected by
three first-order latent variables, namely Knowledge, Confidence, and Skills. These three dimensions
represent the core components of general financial literacy and are hypothesized to positively contribute
to its formation.

Knowledge

Confidence Financial Literacy

Interest in Sharia
Investment

Skills

Figure 1. Variable Framework

The model specifies a direct causal relationship between Financial Literacy and Interest in
Sharia Investment. This structural path indicates that an increase in an individual’s level of financial
literacy is expected to enhance their interest in Sharia-compliant investment instruments. The
direction of the arrows represents the hypothesized causal influence among latent variables, while
the absence of reciprocal arrows indicates a unidirectional relationship in accordance with the
theoretical framework. The diagram also reflects the reflective measurement nature of the model,
where each latent construct is measured by its respective indicators (not shown in detail in the figure
for clarity). The conversion of this path diagram into structural and measurement equations allows
for empirical testing using the SEM-PLS approach, enabling the estimation of path coefficients,
factor loadings, and error terms associated with each latent variable. Overall, this framework
provides a comprehensive representation of the theoretical assumptions underlying the study and
serves as the basis for hypothesis testing and subsequent structural model evaluation.:
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Figure 2. Path Diagram

The Structural Equation Model - Partial Least Squares Model (SEM-PLS) utilized in this study is:
a) Measurement

b) Structural (Inner)
M= 2 BT, + 27464 o (®)

Which € is the exogenous latent variable, 7 is the endogenous latent variable, A is an exogenous
latent variable factor loading, B is the coefficient of influence of exogenous variables on endogenous
variables, { is the endogenous latent variable model error, and ¢ is the exogenous latent variable model
error.

(4) Hypothesis testing

The hypothesis can be formulated as follows:
H; : Knowledge of financial literacy and interest in Sharia-compliant investments are significantly
correlated.
H, :Financial literacy and knowledge are significantly correlated.
H; : Financial literacy and confidence are significantly correlated.
H, : Skills and financial literacy are significantly correlated.

3. Results and Discussion

3.1. Measurement Model Analysis

The measurement findings, which the measurement model directly observes in the relationship
between observable indicators and latent variables, comprise the dimensions of the factor variables.
There are two types of measuring models available: formative and reflective. The measurement model
is examined using the following two tests: Tests for reliability and validity.

Page 6
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Table 3. Descriptive Statistics

Item Mean Median Min Max Standard Deviation
X X1 3.104 3 2 4 0.651
X.X2 3.261 3 2 4 0.576
X.X3 3.174 3 2 4 0.594
X.X4 3.122 3 2 4 0.621
X.X5 3.217 3 2 4 0.587
X.X6 3.209 3 2 4 0.679
X.X7 3.217 3 2 4 0.587
X.X8 3.165 3 2 4 0.543
X.X9 3.200 3 2 4 0.662
Y.Y1 3.070 3 1 4 0.766
Y.Y2 3.009 3 1 4 0.692
Y.Y3 2.965 3 1 4 0.697
Y.Y4 2.983 3 2 4 0.646
Y.Y5 3.096 3 2 4 0.632
Y.Y6 3.000 3 1 4 0.746
Y.Y7 3.157 3 2 4 0.641
Y.Y8 3.026 3 1 4 0.665
Y.Y9 3.052 3 2 4 0.683

Based on the results of the descriptive analysis in Table 3, it was found that the average value of
variable X was in the quite high category (Mean = 3.19), while variable Y was in the sufficient category
(Mean = 3.04). This indicates that respondents gave positive responses to the measured aspects, but
there is still room for improvement. The standard deviation value ranging from 0.54—0.77 indicates that
respondents' answers were relatively consistent and there were no extreme differences between
individuals. Thus, in general, respondents assessed that variable X had been implemented well and had
a moderate impact on variable Y.

XX
xX2
KX3 YY1
0.564 x
Ard 0.729 ¥.¥2
0.745
——0.419—F . . 0.705 — Y.Y3
0.745
0745y
AHB o 0.622 Y.¥4
Confidence 0.168 Financial Literacy Interest in Sharia
XXT
Investment Y.¥5
o738
XX8 4—0724—
0.832
XX9 ol

Skills

Figure 3. Path Chart and Loading Factor Value After Elimination of Invalid Indicators

According to [16], a validity test is used to determine if the indicators in a research instrument are
valid and can accurately measure the latent variables being studied. Study by [17] further explain that
the validation test includes assessments for both convergent and discriminant validity.

An indicator is considered to have convergent validity if the loading of its outer value is larger than
0.5. The results, as shown in Figure 3, show that every indication has a loading factor value more than
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0.50 (1 = 0.5).This suggests that the underlying construct can be explained with strong validity by all
indications of each dimension of the latent variable, including knowledge, confidence, and abilities in
the latent variable financial literacy and the latent variable interest in investing in Sharia. Consequently,
each indicator satisfies the convergent validity criterion

The test of discriminant validity determines if the observed measures differ from one another.
Examining cross-loading values is one method of performing discriminant validity testing for reflecting
indicators. When each measure's cross-loading correlation value is higher with its construct than with
other constructs, it indicates good discriminant validity. Table 4 contains the precise cross-loading
correlation values.

Table 4. Crossloading Correlation Values

Interest in Sharia

Skill Confidence Knowledge Financial Literacy
Investment
X.X1 0.379 0.594 0.786 0.761 0.237
X.X2 0.422 0.432 0.803 0.700 0.168
X.X3 0.472 0.389 0.755 0.665 0.151
X.X4 0.527 0.882 0.548 0.774 0.254
X.X6 0.406 0.859 0.513 0.711 0.233
X.X7 0.738 0.513 0.358 0.502 0.224
X.X8 0.724 0.334 0.426 0.464 0.179
X.X9 0.832 0.396 0.457 0.623 0.261
Y.Y1 0.204 0.199 0.205 0.246 0.756
Y.Y2 0.141 0.244 0.209 0.244 0.764
Y.Y3 0.303 0.159 0.142 0.200 0.710
Y.Y4 0.246 0.227 0.151 0.221 0.756

As shown in Table 4, all indicators exhibit cross-loading correlation values above 0.70, as well
as stronger correlations with their respective constructs than with other constructs. When assessing a
model's reliability, don't forget to take Cronbach's Alpha and Composite Reliability values into account.
If a model's composite reliability score is higher than 0.7 and its Cronbach's alpha value is more than
0.6, it is deemed reliable. Table 5 contains comprehensive reliability test findings.

Table 5. Reliability Test

Cronbach's Alpha Composite Reliability
Skills 0.649 0.809
Confidence 0.682 0.863
Financial Literacy 0.799 0.857
Interest in Sharia Investment 0.736 0.834
Knowledge 0.681 0.824

Table 5 shows that the latent variables of financial literacy and interest in Sharia investment, as
well as the dimensions of skills, confidence, and knowledge, all have Cronbach's Alpha values larger
than 0.6. In the same way, all dimensions and latent variables have Composite Reliability values greater
than 0.7. Consequently, we can conclude that every dimension and variable is trustworthy.

3.2.  Structural Model Analysis (Inner Model)

The values of R-square, F-square, and Q-square can be used to examine structural models. Take
note of the following table.

Page 8
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Table 6. R-square Values

Variable Adjusted R-square
Financial Literacy 0.988
Interest in Sharia Investment 0.086

Table 6 clearly shows that the R-squared corrected value is 0.086. This suggests that 91.4% of
Sharia Investment Interest may be explained by factors not included in the model, with Financial
Literacy accounting for 8.6% of the total.

Table 7. F-square Values

Variable F-square
Skills 1.533
Confidence 8.433
Knowledge 15.125
Financial Literacy 0.104

Table 7 shows that the knowledge, skills, and confidence components of financial literacy have an
F-square value greater than 0.35. The derived F-square value falls into the big group according to the
F-square assessment criteria shown in Table 7, suggesting that these dimensions have a significant
impact on financial literacy.

Conversely, the interest in Sharia investing is positively correlated with the latent variable of
financial literacy, with an F-squared value of 0.104. With an f-squared value below 0.15, this suggests
that interest in Sharia investing is somewhat influenced by financial literacy.

The Q-square, which expresses how closely the observed data match the model created with the
estimated parameters, is next measured. The model is considered predictively relevant if the Q-square
value is higher than 0. On the other hand, the model is not predictively relevant if the Q-square value is
less than 0 [18]-[20]. The following is the equation used to determine the Q-square:

Q*=1-(1-R?)(1-R,?) (1-R3?)...(1-R,)
Q*=1-(1-0,988)(1-0,086)
Q%=0,989

Based on the computations, 0.989 is the Q-square value. When the model's Q-square value is higher
than zero, it is considered to have good predictive relevance.

Once the bootstrapping process is completed, the estimated route coefficient value can be used to
test the inner model and determine how much the latent component influences the outcome. The sub-
discussion on hypothesis testing has a thorough explanation.

3.3.  Convert the Path Diagram to an Equation

Conversion of path diagrams into equation form, namely:
Outer model for endogenous latent variables
1. Knowledge = 0,786 X.X1 + 0,802 X.X2 + 0,755 X.X3 + §;

The model above shows that the most dominant indicator is X2 (0.802), meaning that the
indicator for the question "I have an adequate understanding of the risks and benefits associated
with investing" most strongly reflects the Knowledge construct. The higher the perception of the
question indicators on the knowledge variable (X1 to X3), the higher the individual's level of
knowledge regarding financial literacy.

2. Confidence = 0,882 X. X4 + 0,859 X.X6 + 6,

The above model shows that indicator X4 is the strongest indicator reflecting respondents'
confidence in financial management. The confidence construct is very strong as measured by both
indicators; respondents tend to have a good level of financial confidence.

3. Skills=0,738 X.X7 + 0,724 X.X8 + 0,832 X.X9 + &5

The model above shows that Indicator X9 has the highest loading (0.832), indicating that

this skill component is the most important in forming Skills. This indicates that the Respondent has
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good basic skills in managing or using financial skills (e.g. recording, calculations, or simple
analysis).
4. Financial Literacy = 0,564 Knowledge + 0,419 Confidence +0,168 Skills + ¢
This model shows that Knowledge (0.564) has the greatest influence on Financial Literacy,
followed by Confidence (0.419), and Skills (0.168). Based on the model, we can see that a person's
level of financial literacy is most influenced by financial knowledge and confidence, while practical
financial skills contribute less. This indicates that understanding and confidence are more dominant
in shaping respondents' financial literacy than technical skills.
Inner model
Interest in Sharia Investment = 0.308 Financial Literacy + ¢
The path coefficient value is 0.308, indicating a positive and moderate relationship between
financial literacy and Sharia-compliant investments. This means that the higher a person's financial
literacy, the greater their interest in Sharia-compliant investments. Financial literacy increases
understanding of the concept of Sharia-compliant investments, reduces uncertainty, and fosters
confidence that investments in accordance with Islamic principles can be both financially and spiritually
beneficial.

3.4.  Hypothesis Testing

The next stage is hypothesis testing, which comes after the measurement model and structural
model have been examined and the path diagram has been transformed into a mathematical equation.
The values that bootstrapping yields are:

Table 8. Bootstrapping Result

Standard

Original Sample Deviation T Statistics P-

Sample (O) Mean (M) (STDEV) (|O/STDEV]|) Values
Skills -> Financial Literacy 0.169 0.171 0.022 7.671 0.000
Confidence -> Financial Literacy  0.420 0.422 0.033 12.759 0.000
Knowledge -> Financial Literacy = 0.563 0.559 0.035 15.921 0.000
Financial Literacy -> Interest in 0.307 0.335 0.093 3313 0.001

Sharia Investment

The test results show that the Skills variable has a positive and significant effect on Financial
Literacy with an original sample value of 0.169, a T-statistic of 7.671, and a p-value of 0.000. Since the
T-statistic is greater than 1.96 and the p-value is less than 0.05, the relationship is declared significant.
This indicates that the higher an individual's financial management skills, the better their financial
literacy level. In other words, practical skills in managing personal finances, creating budgets, and
making appropriate financial decisions significantly contribute to improving a person's financial
literacy. The Confidence variable also showed a positive and significant influence on Financial Literacy
with an original sample value of 0.420, a T-statistic of 12.759, and a p-value of 0.000. These findings
show that a person's degree of financial literacy is significantly influenced by their level of self-
confidence. A person's capacity to make wise financial decisions increases with their level of confidence
in their ability to comprehend and manage financial concerns. Self-assurance enables people to make
more daring financial decisions based on information and logical analysis as opposed to merely relying
on gut feeling or outside influences. Additionally, with an original sample value of 0.563, a T-statistic
of 15.921, and a p-value of 0.000, the Knowledge variable significantly and favorably affects Financial
Literacy. Knowledge is the primary determinant in enhancing financial literacy, as indicated by the
greatest coefficient value among these three factors. These findings support the idea that a person's
capacity for prudent money management increases with their level of understanding of financial ideas,
principles, and products. The key to developing good financial awareness and abilities is knowledge.

The test results also show that Financial Literacy has a positive and significant effect on Interest
in Sharia Investment, with an original sample value of 0.307, a T-statistic of 3.313, and a p-value of
0.001. Since the T-statistic value is > 1.96 and the p-value < 0.05, this hypothesis is accepted. This
means that the higher a person's level of financial literacy, the greater their interest in investing in Sharia-

Page 10



Jurnal Aplikasi Statistika & Komputasi Statistik, Vol.18(1), pp 1-13, June 2026

based financial instruments. Individuals who understand financial concepts and Sharia principles well
will be more interested in choosing investments that align with Islamic values and provide long-term
benefits. Based on the results of the bootstrapping test, all hypotheses in this study were accepted as
they showed positive and significant effects. In order, the Knowledge variable had the strongest
influence on Financial Literacy, followed by Confidence and Skills. Furthermore, Financial Literacy
proved to be a significant factor in increasing interest in Sharia Investment. These findings indicate that
efforts to improve financial literacy through education, training, and outreach that emphasize
knowledge, skills, and confidence will contribute significantly to increasing public interest in Sharia-
based investments.

4. Conclusion

The data analysis suggests that interest in modern sharia investing is somewhat influenced by
financial literacy, however this effect is considered to be modest. Based on the R? analysis, the Financial
Literacy construct has an R? value of 0.988, meaning 98.8% of the variance in financial literacy is
explained by its constituent indicators, namely Knowledge, Confidence, and Skills. This value is
considered very high, indicating that the financial literacy measurement model has a very good level of
clarity. Conversely, the Interest in Sharia Investment construct has an R? value of 0.094, meaning only
9.4% of the variance in Sharia investment interest is explained by financial literacy. Although the
relationship between financial literacy and Sharia investment interest is positive and significant, its
quantitative contribution is relatively small.

The extreme difference between these two R? values indicates that the financial literacy
measurement model is very strong, but the structural model between financial literacy and Sharia
investment interest is still weak. Therefore, although financial literacy can increase interest in Sharia
investment, this influence is not dominant because Sharia investment decisions are also influenced by
other factors such as religious values, trust in Sharia institutions, and social influences. Therefore, further
model development needs to consider additional constructs as mediating or moderating variables to
strengthen the relationship between financial literacy and Sharia investment interest.

This study demonstrates that financial literacy plays an important role in shaping students’ interest
in Sharia investment. Students with better financial knowledge, higher confidence in financial decision-
making, and stronger financial skills tend to show greater openness toward Sharia-compliant investment
instruments. This finding confirms that financial literacy remains a relevant factor in encouraging
investment interest, even within the context of underdeveloped and frontier regions. However, the
findings also suggest that financial literacy alone does not fully determine students’ interest in Sharia
investment. Investment interest appears to be influenced by a broader set of factors beyond individual
financial competence, including institutional trust, accessibility of Sharia financial products, socio-
religious considerations, and local contextual conditions. This indicates that interest in Sharia
investment is a multifaceted phenomenon that cannot be explained solely through individual-level
financial attributes.

Based on these findings, efforts to increase Sharia investment participation should not rely
exclusively on financial literacy programs. Instead, financial education initiatives need to be integrated
with policies that strengthen Sharia financial institutions, improve product outreach, and enhance public
trust, particularly in regions with limited financial infrastructure. Future research is encouraged to
incorporate additional contextual and institutional variables to develop a more comprehensive
understanding of the determinants of Sharia investment interest.
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Received 22 Dec, 2025 environmental sustainability and hinders the achievement of Sustainable
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investigates the demographic, economic, and environmental determinants of
waste generation, specifically addressing the research question of how these
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Point 12; Spatial Heterogeneity; environmental variables, and identifying spatial variations in the significant
Waste Generation determinants of waste generation. Research Methods: Secondary data from
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Fixed kernels and OLS. Finding/Results: Surabaya City recorded the highest
waste generation, while the GWR model achieved a goodness-of-fit of 92.72%,
higher than the multiple linear regression model. The results confirm that the
influence of waste generation determinants is not uniform across regions,
indicating significant spatial heterogeneity in East Java.

1. Introduction

Waste-related issues are critical environmental problems that require serious attention from both
governments and the public. Along with changing consumption patterns, waste management has become
a national issue, as higher consumption levels tend to increase waste volume and diversify its
composition. This issue is also closely aligned with Sustainable Development Goal (SDG) 12, which
aims to ensure sustainable consumption and production patterns. In 2023, only about 59.74% of waste
in Indonesia was managed correctly, equivalent to approximately 20,441,184.59 tons out of a total waste
generation of 43,375,225.12 tons [1]. East Java Province, which has the second-largest population in
Indonesia at approximately 41.53 million people, is also the province with the second-highest waste
generation, amounting to 5,947,865.29 tons in 2023.

These conditions indicate that waste generation in East Java is not only an environmental issue but
also a regional planning issue that requires evidence-based, spatially specific policy responses. Global
waste management studies emphasize that reliable waste data and local-level analysis are essential for
designing effective strategies for waste prevention, collection, treatment, and reduction [2], [3].
Therefore, the benefit of this study is to provide empirical information on how demographic, economic,
and environmental factors influence waste generation differently across regencies and cities in East Java.
The results can help local governments identify which factors should be prioritized in each area. For
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example, regions where population-related factors have a stronger influence may require the
strengthening of household waste reduction programs, waste sorting at source, collection services, and
community-based 3R facilities. Meanwhile, regions where micro and small industrial activities have a
stronger influence may require targeted assistance, technical guidance, and monitoring of business waste
management. Thus, the findings of this study are expected to support more targeted waste management
policies rather than applying the same policy approach to all regions.

Several previous studies have examined the determinants of municipal solid waste generation using
different analytical approaches, study areas, and explanatory variables. Popli et al. [4], analyzed solid
waste generation in an urban region of Laos using sociodemographic and economic parameters and
showed that these factors are relevant for predicting waste generation rates. Lu et al. [5] also emphasized
the importance of data-driven modeling for municipal solid waste generation across different cities,
noting that waste generation patterns may vary with urban characteristics and local conditions. More
recently, Fontaine et al. [6] developed a framework for predicting solid waste generation by
incorporating socioeconomic and demographic factors with municipal waste collection data, confirming
that population-related and socioeconomic variables remain important in explaining waste generation.

In the Indonesian context, Putri [7] applied Geographically Weighted Regression (GWR) to model
waste generation in Central Java and found that GWR outperformed multiple linear regression by
capturing spatial variability across regions. The significant variables in Putri’s study were total
population, expected years of schooling, and the open unemployment rate. However, Putri’s study was
limited to Central Java and focused primarily on sociodemographic and socioeconomic variables. In
addition, previous studies have generally focused on different location, used global regression or
prediction approaches, or failed to examine how the determinants of waste generation vary locally across
regencies/cities in East Java. Therefore, the present study differs from Putri’s research in terms of study
locus, data period, and variable coverage. This study focuses on regencies and cities in East Java in 2023
and initially integrates demographic, economic, and environmental variables, including access to
improved sanitation and food management sites. Thus, the novelty of this study lies not only in the use
of GWR but also in its application to the East Java context, with broader initial variable coverage, and
in identifying local variations in the determinants of waste generation across regencies and cities.

Geographically Weighted Regression (GWR) is an extension of linear regression that produces
location-specific parameter estimates for each observation, allowing the model to reflect spatially
varying relationships between waste generation and its influencing factors at the regency and city levels
[8]. In spatial analysis, relationships can be represented through area-based or point-based approaches.
In this study, spatial relationships are area-based, as the data structure and interpretation are based on
the regency/city administrative area as the unit of analysis. Waste generation, demographic, economic,
and environmental variables are aggregated for each regency/city, so the findings are interpreted as
regional characteristics rather than individual-level behavior. However, the GWR estimation process
requires spatial coordinates to measure geographical proximity between observations. Therefore, each
regency/city is represented by its latitude and longitude as a representative point of the administrative
area. These coordinates are used to calculate Euclidean distances and construct the spatial weighting
matrix in the GWR model [9].

The use of point-based coordinates is considered appropriate in this study because the main
objective is to examine spatial heterogeneity, namely, whether the influence of demographic, economic,
and environmental factors on waste generation differs across locations. A point-based distance-
weighting approach assigns larger weights to nearby regencies/cities than to more distant regions,
consistent with the local-estimation principle of GWR [8]. In contrast, an area-based contiguity approach
is better suited to models that explicitly model spatial dependence between neighboring polygon areas.
Since this study aims to estimate location-specific regression parameters rather than model spatial
autocorrelation using an adjacency matrix, representative point coordinates serve as the basis for the
GWR weighting scheme. Nevertheless, the area-based nature of the data remains central to
interpretation, as all results are reported and discussed at the regency/city level.

2. Material and Methods

The target population of this study comprises all 38 regencies/cities in East Java Province, a region
identified as one of the largest contributors to waste in Indonesia. The research context focuses on
environmental sustainability, specifically on modeling waste-generation patterns to support Sustainable
Development Goal (SDG) 12 on responsible consumption and production. The unit of analysis is the
administrative area at the regency/city level. However, the final sample used in this study consists of 35
regencies/cities because waste generation data for three regions, namely Bondowoso Regency,
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Probolinggo Regency, and Pasuruan Regency, were not available in the SIPSN database for 2023.
Therefore, these three regions were excluded from the analysis due to data unavailability, as they did
not follow the number of regencies/cities used in previous research on Central Java. Thus, the use of 35
regencies/cities in this study was determined solely by the completeness of the 2023 waste generation
data.

Data collection processes were conducted correctly using secondary data sources. The data
regarding waste generation was retrieved from the National Waste Management Information System
(SIPSN) under the Ministry of Environment and Forestry. Meanwhile, demographic and economic data
were obtained from Statistics Indonesia (BPS) official publications for East Java Province, and
environmental health data were sourced from the East Java Provincial Health Office. The temporal scope
of the data is the year 2023, selected to ensure the most recent and comprehensive representation of the
province.

2.1 Preparations

The preparations for this research included collecting secondary data from 35 regencies/cities in
East Java Province in 2023. The data were obtained from the official website of Statistics Indonesia
(BPS) and the National Waste Management Information System (SIPSN). In this study, p represents the
number of independent variables, n indicates the number of observations (35 regencies/cities), Yiis the
value of the dependent variable (waste generation) on i-th observation, 3, is the constant, 3; represents
the regression coefficient of independent variable X, Xj; indicates the value of j-th independent variable
on i-th observation. The independent variables used are Total Population (Xj;) measured in persons,
Expected Years of Schooling (Xj;) measured in years, Open Unemployment Rate (Xi3) measured in
percent, Number of Micro and Small Industrial Enterprises (Xis) measured in units/enterprises,
Percentage of Households with Access to Proper Sanitation (Xis) measured in percent, and Percentage
of Food Management Sites (Xjs) measured in percent.

2.2 Performing Multicollinearity Checking

Multicollinearity is a condition in which independent variables are highly correlated. The
multicollinearity test identifies multicollinearity using the Variance Inflation Factor (VIF) criterion and
correlation coefficient value. If the VIF value is greater than 10, then multicollinearity occurs [10]. The
VIF value can be obtained using Formula (1):

1
2
I-R

VIF, = ()
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Where VIF; denotes the Variance Inflation Factor for the j-th independent variable, and R]-2 denotes the
coefficient of determination obtained from regressing the j-th independent variable on all other
independent variables in the model. In the calculation of R?, SSR represents the regression sum of
squares, SST represents the total sum of squares, ¥ is the predicted value for the i-th observation, y; is
the observed value for the i-th observation, y is the mean value of the observed data, and »n denotes the
number of observations. A higher R? value indicates that the j-th independent variable can be strongly
explained by the other independent variables, which may lead to a higher VIF; value and indicate
potential multicollinearity. Furthermore, the Pearson correlation coefficient measures the linear
relationship between two variables; the higher the absolute value of the coefficient, the stronger the
relationship [11]. The calculation of the correlation coefficient value is explained in Formula (2).

ngxaixbi [an: Xaij(ixbij 2

Where 7, », denotes the Pearson correlation coefficient between the a-th independent variable x,
and the b-th independent variable x;. The notation x,; represents the observed value of variable x, in
the i-th observation, while x;,; represents the observed value of variable X;, in the i-th observation. The
symbol n denotes the total number of observations. The value of the correlation coefficient ranges from
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-1 to 1. A value close to 1 indicates a strong positive linear relationship, a value close to -1 indicates a
strong negative linear relationship, and a value close to 0 indicates a weak linear relationship [12].

2.3 Multiple Linear Regression Modeling

The initial stage involves modeling the relationship between waste generation and the predictor
variables using Multiple Linear Regression (Ordinary Least Squares - OLS) to obtain a global model
[10]. The mathematical equation for the OLS model is expressed as follows:

K
¥i =Bo +ZBinj +&; (3)
=

Where y; denotes the value of the dependent variable for the i-th observation, namely waste generation;
Bo denotes the intercept or constant term ; denotes the regression coefficient of the j-th independent
variable; Xj; denotes the value of the j-th independent variable for the i-th observation; &; denotes the
error term for the i-th observation; (i = 1, 2, ..., n) denotes the observation index; and (j =1, 2, ..., k)
denotes the independent variable index. Furthermore, n denotes the number of observations, and &
denotes the number of independent variables in the model.

The method used to estimate the parameters is Ordinary Least Squares (OLS). Parameter estimates
are stated in Formula 4.
B=X"X)"(X"y) @)

The significance of the global parameters is evaluated using the F-test for simultaneous influence
and the t-test for partial influence. The IIDN residual test is a requirement in multiple linear regression
analysis. The IIDN residual test is conducted to determine whether the residuals of the regression model
meet the requirements of being identical, independent, and normally distributed [13].

2.4 Performing Spatial Heterogeneity Test

The spatial heterogeneity test was conducted using the Breusch—Pagan test. This test examines
whether the variance of the residuals from the global regression model is constant across observations
[14]. Spatial heterogeneity means that the relationship between waste generation and its influencing
factors is not uniform across regencies/cities [15]. Therefore, if spatial heterogeneity is detected, using
Geographically Weighted Regression (GWR) is appropriate, as it allows regression parameters to vary
locally at each observation location. The Breusch-Pagan test formula is shown in Formula (5).

BP = fTZ(2"2)7Z"f (5)
Where BP denotes the Breusch Pagan test statistic, f denotes an n x 1 vector whose i-th element is f;,

Z denotes the n x p matrix of standardized independent variables, ZT denotes the transpose of matrix Z

and (ZTZ)~! denotes the inverse matrix of ZT Z. Furthermore, f; is shown in Formula (6).

82

fi =(%-1) (6)
o
Where ¢; denotes the residual value of the i-th observation, o2 denotes the residual variance, n
denotes the number of observations, and p denotes the number of parameters in the model. The null
hypothesis of the Breusch-Pagan test states that there is no spatial heterogeneity, while the alternative

hypothesis states that there is spatial heterogeneity across observation locations.
2.5 Geographically Weighted Regression (GWR) Modeling

GWR enhances the global model by allowing regression parameters to vary across locations,
capturing local variations [8]. The GWR model Equation is expressed as:
k

v, =By, v)+ D B, v) X, +e, ™)
Where y; denotés the value of the dependent variable for the i-th observation, namely waste generation;
Bo(u;, v;) denotes the intercept parameter at the location of the i-th observation; f;;(u;, v;) denotes the
local regression coefficient of the j-th independent variable at the location of the i-th observation; X;;
denotes the value of the j-th independent variable for the i-th observation; &; denotes the error term for
the i-th observation; u; denotes the latitude coordinate of the i-th observation; v; denotes the longitude
coordinate of the i-th observation; i = 1, 2, ..., n denotes the observation index; andj =1, 2, ..., k denotes
the independent variable index. Furthermore, n represents the number of observations, while k represents
the number of independent variables used in the model.
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The spatial weighting function in GWR plays an important role because it represents the spatial
proximity among observation locations. The weighting function is determined by first calculating the
Euclidean distance between locations. The Euclidean distance d;; denotes the distance between the i-th
and /-th observation locations, which is determined using latitude u; and longitude v; coordinates [16].
The Euclidean distance is calculated using Formula 8.

dy =)+, ) (®)

Where d;; denotes the Euclidean distance between the i-th observation location and the /-th observation
location. The symbol u; denotes the latitude coordinate of the i-th observation, while u; denotes the
latitude coordinate of the /-th observation. Furthermore, v; denotes the longitude coordinate of the i-th
observation, while v; denotes the longitude coordinate of the /-th observation. The indices i and /
represent different regency/city observation locations. A smaller d;; value indicates that two regions are
geographically closer, while a larger d;; value indicates that two regions are farther apart [17].

The GWR spatial weighting function can be calculated using kernel functions. Kernel functions are
commonly used in GWR to assign different weights to observations based on their geographical
proximity to the target location. These kernel functions can be specified using either fixed or adaptive
bandwidths [8], [18]. Fixed kernel functions use the same bandwidth for all observation locations, while
adaptive kernel functions allow the bandwidth to vary according to the spatial distribution of the
observations. The kernel functions considered in this study include Fixed Gaussian, Fixed Bisquare,
Fixed Tricube, Adaptive Gaussian, Adaptive Bisquare, and Adaptive Tricube. The weighting function
chosen for this analysis is the Fixed Bisquare Kernel, which was selected based on its lowest AIC and
CV values compared to other kernels. The h value is a non-negative parameter known as bandwidth.
Bandwidth determines the extent of spatial influence around each target location and is used to assign
weights to other observation locations in the GWR model [8], [17]. The method for determining the
bandwidth value is using Cross Validation, as described in Formula 9 [9].

CV()=3 [y, = 5. (W ©)

To estimate the parameters, a spatial weighting matrix is required. This study utilizes the Euclidean
distance metric to measure the proximity between locations i and j.

The GWR parameter model estimation used is the Weighted Least Square (WLS) method by
providing different weightings for each observation location [8]. The GWR parameter estimation is
explained by the Formula in 10.

Buyv) = (X"W (uy, v)X) T X™W (u;, vy)y (10)

Finally, the model’s performance is evaluated and compared against the global OLS model using
the Coefficient of Determination (R?) and Akaike Information Criterion (AIC). A higher R* and a lower
AIC indicate a better-fitting model [19]. To provide a clearer overview of the analytical procedure used
in this study, the steps of the Geographically Weighted Regression analysis are summarized in the flow
chart shown in Figure 1.

3. Results and Discussion

The characteristics of waste generation data and its influencing factors based on descriptive
statistics are presented in Table 1.

Table 1. Descriptive statistics

Variable Mean Staqd a.rd Minimum Maximum
Deviation

Waste Generation (Y;) 169,939.01 123,696.13 27,988.20 657,016.64

Total Population (Xi;) 1,081,209 699,795 135,414 2,893,698

Expected Years of Schooling (Xi,) 13.57 0.90 11.97 15.77

Open Unemployment Rate (Xis3) 4.70 1.46 1.71 8.05

Number. of Micro and Small Industrial 22,251 15,155 2,009 67.609

Enterprises (Xis)

Percentage of Households with Access to 86.02 11.23 5030 9818

Improved Sanitation (Xis)
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Figure 1. Flow chart
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Table 1 shows that annual waste generation in East Java in 2023 averaged 169,939.01 tons per year,
with a standard deviation of 123,696.13 tons per year, indicating substantial variation across regencies
and cities. Blitar Regency records the lowest waste generation, while Surabaya City has the highest. The
population variable also exhibits considerable regional disparity, with an average of 1,081,209 people
and a standard deviation of 699,795, primarily driven by Surabaya City, the most populous area.

Other socioeconomic factors, including expected years of schooling, the open unemployment rate,
the number of micro and small industrial enterprises, access to improved sanitation, and the percentage
of food management facilities, display notable variation among regencies and cities. This variation
reflects differences in educational attainment, labor market conditions, economic activity, and basic
infrastructure across East Java. The spatial characteristics of waste generation are further illustrated
through map visualizations presented in Figure 1.

Waste Generation (Y)
[127988.20 - 237664.35
[ 237664.35 - 447340.49
Bl 447340.49 - 657017.64

Figure 2. Mapping of waste generation in East Java Province
3.1 Multicollinearity Checking

Multicollinearity was examined using correlation coefficients and variance inflation factors (VIFs).
The assessment of multicollinearity based on correlation coefficients is presented in Table 2.

Table 2. Correlation matrix

Y Xil Xiz Xi3 Xi4 Xi5
Xi1 0,908
0,000
Xiz 0,128 -0,066
0,462 0,708
Xis 0,375 0,297 0,418
0,026 0,083 0,012
Xi4 0,237 0,440 -0,378 -0,433
0,170 0,008 0,025 0,009
Xis -0,021 -0,133 0,518 0,406 -0,521
0,905 0,445 0,001 0,015 0,001
Xis 0,029 -0,041 0,311 0,325 -0,219 0,412
0,867 0,813 0,069 0,057 0,207 0,014

Table 2 indicates that several pairs of predictor variables exhibit statistically significant correlations
(p-values < 0.10). Furthermore, the results of the Variance Inflation Factor (VIF) analysis show that all
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predictor variables have VIF values below 10. Although the VIF values do not exceed the commonly
used threshold, the presence of significant correlations among predictor variables suggests potential
multicollinearity. Therefore, variable elimination was performed using the stepwise method, resulting
in the final set of predictor variables consisting of Xii, Xz, and Xis.

3.2 Multiple Linear Regression Modeling

The parameter estimates of the multiple linear regression model for factors influencing waste
generation are expressed as follows:

¥ =-251554+0.17X, +19157X, —1.16X,

The estimated multiple linear regression model indicates that, holding other variables constant, a
one-person increase in total population (X;) in East Java Province is associated with an increase in waste
generation of 0.17 tons/year. Furthermore, a one-year increase in expected years of schooling (X>) is
associated with an increase in waste generation of 19,157 tons/year, assuming other variables remain
constant. Meanwhile, a one-unit increase in the number of micro and small industrial enterprises (X4) is
associated with a 1.16-ton/year decrease in waste generation, ceteris paribus.

The negative coefficient of the number of micro and small industrial enterprises (X4) is not fully
consistent with the theoretical expectation that industrial activity tends to increase waste generation.
This result may be related to differences in the characteristics of micro and small enterprises across
regions, including the implementation of waste minimization, reuse of production materials, recycling,
or practices oriented towards a circular economy. Circular economy approaches emphasize reducing
waste, keeping materials in use, and reusing or recycling resources, so an increase in the number of
business units does not always directly lead to higher residual waste generation [20]. Therefore, the
negative sign of (X4) should be interpreted cautiously as an indication that the relationship between
micro and small industrial activity and waste generation may vary across regencies/cities. This condition
supports the need for spatially local analysis using GWR.

Subsequently, a simultaneous significance test was conducted. Based on the analysis, the F-test
statistic value of 71.73 exceeds the critical value Fo.13;31) is 2.27 and is supported by a p-value of 0.00,
which is smaller than the significance level a is 0.1. Therefore, the null hypothesis is rejected, indicating
that at least one predictor variable has a statistically significant effect on waste generation. Furthermore,
the results of the partial significance tests are presented in Table 3. The t-test results indicate that
variables Xi;, Xi», and Xjs have statistically significant effects on waste generation.

Table 3. Partial significance test statistics

Variable t-statistic t(0,1/2:28) P-Value
Xii 13.70 0.00
X2 2.01 1.70 0.05
Xia 1.84 0.08

Subsequently, the results of the identical residuals test show that the test statistic value of 22.74
exceeds the critical value F(g.1.1;33) is 2.86 and is supported by a p-value of 0.00, which is smaller than
the significance level a is 0.1. Therefore, the null hypothesis is rejected, indicating that the residuals of
the regression model are not identical. This result suggests the presence of spatial heterogeneity due to
differences in characteristics across regencies and cities.

The independence of residuals test yields a Durbin—Watson statistic of 2.17, which is smaller than
4 — dU is 2.35 and greater than dU is 1.65. Thus, the null hypothesis is accepted, indicating that the
residuals of the regression model are independent.

The normality test of residuals produces a test statistic value of 0.13, which is smaller than the
critical value KS.1:35)1s 0.20 and is supported by a p-value of 0.56, which is greater than the significance
level a is 0.1. Therefore, the null hypothesis is accepted, indicating that the residuals of the regression
model are normally distributed.

3.3 Performing Spatial Heterogeneity Test

The spatial heterogeneity test using the Breusch—Pagan test yields a test statistic value of 16.79,
which exceeds the critical value of 6.25 and is supported by a p-value of 0.00, which is smaller than the
significance level a is 0.1. Therefore, the null hypothesis is rejected, indicating the presence of spatial
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heterogeneity. Consequently, the analysis can be extended using the Geographically Weighted
Regression (GWR) approach.

3.4 Geographically Weighted Regression (GWR) Modeling

In the GWR analysis, the weighting values were determined using kernel functions, as presented
in Table 4. Table 4 indicates that the Fixed Bisquare kernel function was selected for the GWR analysis,
as it provides the best overall model performance based on the evaluation criteria.

Table 4. Comparison of optimal Kernel Functions

Kernel Function CVv R’ AIC

Fixed Gaussian 110489182025 0,88 850,28
Adaptive Gaussian 110964903827 0,88 849,67
Fixed Bisquare 120870672140 0,93 836,76
Adaptive Bisquare 121002609225 0,90 845,95
Fixed Tricube 119746559578 0,92 839,05
Adaptive Tricube 133953245074 0,90 844,33

After selecting the Fixed Bisquare kernel function, the factors influencing waste generation were
modeled for the first observation location (u;, v;) , namely Pacitan Regency, which is used as an example
for interpreting the modeling results. The waste generation model for Pacitan Regency is expressed as
follows:

A

Y =-548164.14+0.21X, +36448.47X, +0.74X,,

This model indicates that, holding other variables constant, a one-person increase in population
results in an increase of waste generation by 0.21 tons per year. Furthermore, a one-year increase in
expected years of schooling, ceteris paribus, leads to an increase in waste generation by 36,448.47 tons
per year. In addition, an increase of one percent in the number of micro and small industrial enterprises,
while other variables remain constant, increases waste generation by 0.74 tons per year. An increase in
expected years of schooling, accompanied by higher waste generation, indicates that improvements in
educational attainment in Pacitan Regency have not yet been fully aligned with increased awareness and
behavioral changes in waste management [21], [22]. In line with this, population growth reflects rising
household consumption, which directly increases waste generation [4], [23]. In addition to demographic
factors, the growth in the number of micro and small industrial enterprises suggests that business
activities also contribute to increased waste generation when not supported by responsible waste
management practices [24]. These conditions indicate that both demographic and economic factors are
important determinants of waste generation in Pacitan Regency. Therefore, efforts in education and
outreach are needed for communities and micro- and small-business actors on waste reduction, waste
segregation, and sustainable waste management, particularly among groups with increasing
consumption and production activities, alongside local educational and economic development.

The results of the GWR model goodness-of-fit test show that the test statistic value of 1.73 exceeds
the critical value F.1:31.2334) is 1.68 and is supported by a p-value of 0.08, which is smaller than the
significance level a is 0.1. Therefore, the null hypothesis is rejected, indicating a statistically significant
difference between the Ordinary Least Squares (OLS) and the GWR models. This result confirms that
the GWR approach provides a better representation of the data's spatial variation.

Following the confirmation of model suitability, partial significance tests of the GWR model
parameters were conducted using a significance level of a is 0.1 and degrees of freedom of 23.34, with
a critical value of to.1;2334) is 1.71 The results indicate that the total population variable (Xi), is
statistically significant in 35 regencies and cities, expected years of schooling (Xi2), and is significant in
26 regencies and cities, and the number of micro and small industrial enterprises (Xis) is significant in
11 regencies and cities. These findings highlight the spatially varying influence of explanatory variables
on waste generation across East Java, as presented in Table 5.
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Table 5. Partial significance test of GWR model parameters

No. Regency/City |txi1 | |txi2 | |txl-4 | t(%;23.34)
1. Pacitan Regency 12.87 2.09 0.60 1.71
2. Ponorogo Regency 13.91 2.39 0.58 1.71
3. Trenggalek Regency 13.74 2.65 0.59 1.71
4, Tulunganggung Regency 13.78 2.68 0.98 1.71
5. Blitar Regency 13.03 2.56 1.58 1.71
6. Kediri Regency 14.04 2.44 1.72 1.71
7. Malang Regency 12.24 2.47 1.71 1.71
8. Lumajang Regency 10.15 1.93 1.10 1.71
0. Jember Regency 9.24 1.29 1.53 1.71
10. Banyuwangi Regency 6.19 0.78 0.99 1.71
11. Situbondo Regency 7.26 0.73 1.02 1.71
12. Sidoarjo Regency 12.27 2.16 1.95 1.71
13. Mojokerto Regency 13.72 2.28 2.36 1.71
14. Jombang Regency 14.28 2.30 2.31 1.71
15. Nganjuk Regency 14.30 2.24 1.82 1.71
16. Madiun Regency 14.19 2.28 1.06 1.71
17. Magetan Regency 13.88 2.15 0.73 1.71
18. Ngawi Regency 14.21 1.96 1.43 1.71
19. Bojonegoro Regency 14.16 1.61 2.31 1.71
20. Tuban Regency 13.66 1.22 2.51 1.71
21. Lamongan Regency 13.35 1.84 2.38 1.71
22. Gresik Regency 12.53 1.94 2.13 1.71
23. Bangkalan Regency 10.43 1.46 1.69 1.71
24. Sampang Regency 9.33 1.19 1.19 1.71
25. Pamekasan Regency 9.31 0.75 1.15 1.71
26. Sumenep Regency 8.20 0.59 0.83 1.71
27. Kediri City 14.05 2.46 1.63 1.71
28. Blitar City 13.31 2.62 1.33 1.71
29, Malang City 12.24 2.47 1.71 1.71
30. Probolinggo City 10.06 1.79 1.17 1.71
31. Pasuruan City 10.79 2.04 1.42 1.71
32. Mojokerto City 13.71 2.28 2.36 1.71
33. Madiun City 14.24 2.23 1.16 1.71
34. Surabaya City 14.23 2.23 1.15 1.71
35. Batu City 13.11 2.50 2.00 1.71

Note: Values shown in bold indicate statistically significant parameters.
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Based on the results of the analysis, a summary of the significant variables for each regency and
city in East Java is presented in Table 6.

Table 6. Significant variables for each regency/city

No. Rggency/ Variables Significant No. R;gency/ Variables Significant
City Factors City Factors

1 Pacitan X1, X Demographic 19 Bojonegoro X1, Xa Demogrgphlc,
Regency Regency Economic
Ponorogo . Tuban Demographic,

2 Regency X1, X Demographic 20 Regency X1, X4 Economic
Trenggalek . Lamongan Demographic,

3 Regency X1, X Demographic 21 Regency X1, X2, X4 Economic
Tulunganggu . Gresik Demographic,

4 ng Regency X1, Xa Demographic 22 Regency X, X, X4 Economic
Blitar . Bangkalan .

5 Regency Xy, X2 Demographic 23 Regency X Demographic
Kediri Demographic, Sampang .

6 Regency X1, X2, X4 Economic 24 Regency X1 Demographic
Malang . Pamekasan .

7 Regency Xi, X2 Demographic 25 Regency X Demographic
Lumajang . Sumenep .

8 Regency X, X2 Demographic 26 Regency X Demographic
Jember . A .

9 Regency X Demographic 27  Kediri City X1, X2 Demographic
Banyuwangi . . . .

10 Regency X Demographic 28  Blitar City X1, X2 Demographic
Situbondo . . .

11 Regency X Demographic 29  Malang City X, X» Demographic

12 Sidoarjo X1, Xo, X Demo grgphlc, 30 Pr'obohnggo X1, X, Demographic
Regency Economic City

13 Mojokerto X1, Xo, X Demogre}phlc, 31 Pa}suruan X1, X Demographic
Regency Economic City
Jombang Demographic, Mojokerto Demographic,

14 Regency X1, Xa, X4 Economic 32 City X1, Xa, X4 Economic
Nganjuk Demographic, . . .

15 Regency X1, X2, X4 Economic 33 Madiun City X, X» Demographic
Madiun . Surabaya .

16 Regency Xi, X2 Demographic 34 City X1, X2 Demographic
Magetan . . Demographic,

17 Regency X, X2 Demographic 35  Batu City X1, X2, X4 Economic
Ngawi .

18 Regency X, X2 Demographic

Table 6 shows that the variables significantly influencing waste generation vary across regencies
and cities. Regencies and cities were further grouped based on similarities in the significant variables
affecting waste generation, as presented in Table 7.

Table 7 summarizes the grouping of regencies and cities based on the variables that significantly
influence waste generation. Grouping is important because it shows that the determinants of waste
generation are not uniform across East Java. Each group reflects a different local mechanism in which
demographic and economic factors influence waste generation. Therefore, the same waste management
policy may not be equally effective for all regencies/cities.

Group 1 consists of Jember Regency, Banyuwangi Regency, Situbondo Regency, Bangkalan
Regency, Sampang Regency, Pamekasan Regency, and Sumenep Regency, in which only the total
population (X;) is significant. This indicates that waste generation in these regions is primarily driven
by population size. In this group, the effects of expected years of schooling (X») and the number of
micro and small industrial enterprises (X4) are not statistically significant, suggesting that household
and population-related waste generation is more dominant than education-related consumption patterns
or small industrial activities. Therefore, waste management strategies in this group should prioritize
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household waste reduction, source-based waste sorting, improvements in waste collection services, and
community-based waste management programs.

Table 7. Grouping of regencies/cities based on significant variables

Number of Significant

Group  Regency/City Variables Regencies/Cities  Factors

Jember Regency, Banyuwangi Regency,
Situbondo Regency, Bangkalan Regency,
Sampang Regency, Pamekasan Regency,
Sumenep Regency

Pacitan Regency, Ponorogo Regency,
Trenggalek Regency, Tulunganggung
Regency, Blitar Regency, Malang
Regency, Lumajang Regency, Madiun
Regency, Magetan Regency, Ngawi
Regency, Kediri City, Blitar City,
Malang City, Probolinggo City, Pasuruan
City, Madiun City, Surabaya City

X 7 Demographic

X1, Xo 17 Demographic

Demographic,

3 Bojonegoro Regency, Tuban Regency Xi, X4 2 Economic

Kediri Regency, Sidoarjo Regency,
Mojokerto Regency, Jombang Regency,

4 Nganjuk Regency, Lamongan Regency,
Gresik Regency, Mojokerto City, Batu
City

X, Xa, Demographic,
X4 Economic

Group 2 consists of regions where total population (Xi) and expected years of schooling (X>) are
significant. This group includes several regencies and cities such as Pacitan, Ponorogo, Trenggalek,
Tulungagung, Blitar, Malang, Lumajang, Madiun, Magetan, Ngawi, Kediri City, Blitar City, Malang
City, Probolinggo City, Pasuruan City, Madiun City, and Surabaya City. The significance of X; indicates
that waste generation in these regions is not only related to the number of residents but also to social
characteristics associated with education. Higher expected years of schooling may reflect changes in
lifestyle, consumption behavior, access to goods and services, and public activities, which can increase
the volume and diversity of waste generated. Therefore, this group requires not only population-based
waste management but also environmental education programs, school-based waste literacy, and
campaigns to strengthen responsible consumption behavior.

Group 3 consists of Bojonegoro Regency and Tuban Regency, where the total population (X1) and
the number of micro and small industrial enterprises (X4) are significant. This pattern indicates that both
household activities and local economic activities influence waste generation in these regions. The
significance of X4 suggests that micro and small enterprises contribute to waste generation through
production, packaging, distribution, and trade activities. Therefore, waste management policies in this
group should combine household waste management with specific assistance for micro and small
enterprises, such as training on waste reduction, recyclable packaging, separation of production waste,
and monitoring of business-related waste disposal.

Group 4 consists of Kediri Regency, Sidoarjo Regency, Mojokerto Regency, Jombang Regency,
Nganjuk Regency, Lamongan Regency, Gresik Regency, Mojokerto City, and Batu City, where the total
population (X;), expected years of schooling (X:), and the number of micro and small industrial
enterprises (X4) are all significant. This group indicates a more complex pattern of waste generation
because demographic, social, and economic factors simultaneously influence it. The regions in this
group require more integrated waste management policies, including household waste services,
education-based behavioral change programs, and targeted waste management assistance for micro and
small enterprises. The significance of the three variables in this group indicates that waste generation is
not only a population issue but is also closely related to human development and local economic activity.

The spatial distribution of regencies and cities in East Java according to these groupings is
illustrated in Figure 3.
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Figure 3. Mapping of regencies/cities based on significant variables

The selection of the best model was conducted by comparing multiple linear regression and
Geographically Weighted Regression (GWR) using the coefficient of determination (R?) and the Akaike
Information Criterion (AIC), as presented in Table 8.

Table 8. Best model selection

Method R2 AIC
Multiple linear regression 86.19% 856.57
GWR 92.72% 836.76

Table 8 shows that the GWR model has a higher R? and a lower AIC than the multiple linear
regression model, indicating superior model performance. This result suggests that GWR better captures
spatial heterogeneity across regions, whereas multiple linear regression applies a single global Equation
to all regions.

4. Conclusion

Based on the results of the Geographically Weighted Regression model with a fixed bisquare
kernel, the influence of demographic and economic factors on waste generation varies across East Java's
regencies and cities, indicating spatial heterogeneity. The GWR model captures this spatial variation
and achieves a goodness-of-fit of 92.72%, making it more representative than the multiple linear
regression model. The results show that total population (X;), expected years of schooling (X3), and the
number of micro and small industrial enterprises (X4) have different levels of significance across
regions. Meanwhile, environmental variables initially considered in the early stage of the analysis were
not included in the final model because they were eliminated during variable selection due to
multicollinearity. For local governments, these findings indicate that waste management policies should
be tailored to regional characteristics. Regions where population is the dominant factor should prioritize
household waste reduction, waste sorting at the source, and improvement of waste collection services,
while regions where micro and small industrial enterprises also have a significant effect should
strengthen outreach, technical assistance, and monitoring of business-related waste management.

This study has several limitations. First, the analysis covers only 35 regencies/cities in East Java
because waste generation data for Bondowoso Regency, Probolinggo Regency, and Pasuruan Regency
were unavailable in the SIPSN database for 2023. Therefore, the results do not fully represent all
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administrative regions in East Java. Second, this study uses cross-sectional data from a single year, so
it cannot capture changes in waste generation patterns over time. Third, the analysis is limited to
variables available from secondary data sources, and several potentially relevant factors, such as income
level, population density, tourism activity, consumption patterns, land use, waste management facilities,
and local waste management policies, were not included in the model. In addition, the use of
representative coordinates at the regency/city level may not fully capture spatial variation within each
administrative area. Therefore, future research is recommended to use more complete data covering all
regencies and cities in East Java, apply multi-year or panel data, include additional socioeconomic,
infrastructure, and waste management variables, and compare GWR with other spatial approaches such
as spatial lag models, spatial error models, or spatial panel models.
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provinces with similar deforestation-related characteristics. Research
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may not fully capture local-scale variations or all determinants of deforestation.

1. Introduction

Deforestation is widely recognized as a major global environmental concern due to its significant
implications for climate change, biodiversity loss, and ecosystem degradation. Indonesia contains one
of the largest tropical forest areas in the world; however, significant forest loss has occurred over recent
decades due to agricultural expansion, land-use change, and forest fires. This decline in forest cover
contributes to carbon emissions, threatens biodiversity, and alters ecosystem functions, thereby affecting
both environmental sustainability and climate change mitigation efforts [1]. Beyond its environmental
consequences, deforestation also generates substantial social and economic implications, particularly
for communities whose livelihoods depend directly on forest resources. Forests serve not only ecological
functions but also provide essential goods and services that sustain local economies and support
household well-being. Consequently, the promotion of sustainable forest management has become a
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critical policy priority aimed at preserving environmental stability while simultaneously fostering
sustainable development, especially in many developing countries. In a regional context, countries
endowed with extensive tropical forest areas face significant challenges in balancing economic
development with environmental conservation. Economic activities such as agricultural expansion,
infrastructure development, and increasing investment frequently drive land-use changes that may
accelerate deforestation processes. A growing body of literature indicates that socioeconomic factors
including population growth, income levels, and the development of the agricultural sector are closely
associated with the dynamics of forest cover change [2]. This finding indicates that deforestation is
shaped not solely by ecological factors but also by the evolving social and economic dynamics within a
region.

Indonesia, recognized as one of the countries with the largest extent of tropical forests in the world,
plays a strategic role in maintaining global ecological balance. Indonesia, recognized as one of the
countries with the largest tropical forest resources in the world, plays a strategic role in maintaining
global ecological balance. According to the Ministry of Environment and Forestry, Indonesia's forest
area was estimated at approximately 120.4 million hectares in 2023, representing a substantial
proportion of the country's land area and distributed across major regions such as Kalimantan, Sumatra,
and Papua. These forest ecosystems perform essential ecological functions, including acting as
significant carbon sinks, regulating climate systems, and providing habitats for numerous endemic
species with high ecological value [3]. However, pressure on forest areas in Indonesia continues to
intensify alongside population growth, economic expansion, and the increasing demand for land to
support various development activities.

Figure 1. Deforestation rate

Based on the graphical trend, Indonesia experienced an average deforestation rate of approximately
650 thousand hectares per year (650 kha/year) during the 2015-2022 period [4]. This figure positions
Indonesia among countries experiencing relatively high levels of forest loss compared with several other
nations possessing extensive tropical forest areas. The elevated rate of deforestation in Indonesia is
generally associated with multiple interacting drivers, including the expansion of agricultural and
plantation land, population growth, and increasing development activities that require the conversion of
forest areas into other land uses. These circumstances highlight the critical importance of implementing
sustainable forest management practices and strengthening land-use control policies to mitigate the rate
of forest cover loss in Indonesia while ensuring the long-term sustainability of forest ecosystems.

The phenomenon of deforestation in Indonesia does not occur in a linear pattern but rather exhibits
fluctuations over time. Statistical records indicate that the national rate of deforestation has experienced
notable variations in recent years, influenced by a combination of environmental, economic, and social
factors. Socioeconomic variables such as population growth, poverty levels, and economic development
are frequently associated with increasing pressure on forest resources. Population growth, for instance,
tends to intensify the demand for land to support settlements, agricultural expansion, and various
economic activities, thereby increasing the likelihood of forest area conversion [3]. A similar
observation was reported by Njoya et al. (2024), who indicated that population growth accompanied by
the expansion of economic activities tends to intensify the demand for land resources, thereby
accelerating land-use change.

In empirical studies, the analysis of the drivers of deforestation frequently involves numerous
explanatory variables that exhibit substantial intercorrelation. Socio-economic indicators such as
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population size, the Human Development Index, poverty rate, and other development-related measures
often display complex relationships with one another. This condition can lead to multicollinearity
problems and make it difficult to determine which variables exert the most significant influence on
deforestation dynamics. To address this issue, a statistical approach capable of reducing the
dimensionality of the data while retaining essential information is required. One commonly applied
technique for this purpose is Principal Component Analysis (PCA), which reduces the number of
variables by transforming the original variables into a smaller set of uncorrelated components. Through
this transformation, PCA captures most of the variability contained in the dataset using a limited number
of principal components. Despite its advantages, conventional PCA has limitations in terms of
interpretability. Each principal component is typically formed as a linear combination of nearly all
original variables, which complicates the interpretation of the resulting components. To overcome this
limitation, the Sparse Principal Component Analysis (Sparse PCA) method was developed. Sparse PCA
introduces sparsity constraints that allow principal components to be constructed using only a subset of
variables, thereby producing components with fewer non-zero loadings. As a result, the derived
components become easier to interpret and provide more informative insights for identifying the key
socio-economic factors associated with deforestation. Through this approach, a set of principal
components is expected to be identified that can represent the underlying structure of relationships
among socio-economic variables in a more concise and informative manner. By reducing the
dimensionality of the data, the analysis is anticipated to capture the essential patterns of association
among variables while minimizing redundancy. Numerous studies have examined the socioeconomic
factors associated with deforestation using conventional statistical methods and Principal Component
Analysis (PCA). Although PCA is effective in reducing data dimensionality and addressing
multicollinearity, the resulting components are often difficult to interpret because most variables
contribute to each component simultaneously. As a result, identifying the key socioeconomic factors
underlying deforestation remains challenging. Furthermore, the application of Sparse Principal
Component Analysis (SPCA), which produces a more parsimonious and interpretable component
structure, has received limited attention in studies of deforestation in Indonesia. Therefore, this study
applies SPCA to reduce the dimensionality of socioeconomic variables related to deforestation in
Indonesia and to identify the most influential factors through a more interpretable component structure.
The findings are expected to provide a clearer understanding of the socioeconomic dimensions
associated with deforestation and support the development of more targeted forest management policies.

2. Material and Methods
2.1. Data Sources

This study utilizes secondary data at the provincial level covering all provinces in Indonesia. The
data were obtained from BPS—Statistics Indonesia. The dataset consists of deforestation-related and
socioeconomic indicators, including the Human Development Index, population density, population
growth rate, total population, poverty rate, Gross Regional Domestic Product (GRDP) per capita, mean
years of schooling, agricultural land area, and the number of forest fires. The analysis includes all
provinces in Indonesia. The dataset represents provincial-level indicators in Indonesia that reflect social,
economic, and environmental conditions associated with the dynamics of forest cover change. The use
of data from a national statistical agency is essential because such datasets are collected through
standardized procedures and rigorous verification processes, ensuring a high level of reliability for
empirical analysis. Furthermore, regional statistical data are widely employed in environmental research
to examine the relationship between socioeconomic factors and land-use change, particularly in studies
addressing deforestation and environmental degradation [5]. The variables employed in this study
consist of one dependent variable and several independent variables representing socio-economic
indicators and pressures on forest resources. These variables were selected because, from a conceptual
standpoint, they are frequently utilized in studies examining the relationship between socio-economic
dynamics and changes in forest cover. Such indicators are particularly relevant in the context of
developing countries, where development activities and socio-economic transformation often exert
significant pressure on forested landscapes [5]. The inclusion of multiple socio-economic indicators in
the analysis may lead to a high degree of intercorrelation among variables. To address this issue, the
present study employs a dimensionality reduction approach using the Sparse Principal Component
Analysis (Sparse PCA) method. This technique enables the transformation of a set of correlated
variables into a smaller number of more interpretable principal components while enforcing sparsity in
the component loadings. Consequently, the method facilitates a clearer identification of the key socio-
economic factors associated with deforestation in Indonesia.
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Table 1. Research variables

Variable  Description Unit Source Year
. Statistics

Y Deforestation Rate Hectares per Year Indonesia (BPS) 2023
Statistics

X1 Human Development Index Index (0-100) Indonesia (BPS) 2023
. . Statistics

2

X2 Population Density People/km Indonesia (BPS) 2023
. Statistics

X3 Population Growth Rate Percent per Year Indonesia (BPS) 2023
. Statistics

X4 Total Population Thousand People Indonesia (BPS) 2023
Statistics

X5 Poverty Rate Percentage Indonesia (BPS) 2023

X6 Gross Regional Domestic Product (GRDP) per  Million Statistics 2023

Capita Rupiah/Person/Year Indonesia (BPS)
X7 Mean Years of Schoolin Years Statistics 2023
g Indonesia (BPS)

. Statistics

X8 Agricultural Land Area Thousand Hectares Indonesia (BPS) 2023
. Number of Statistics

X9 Number of Forest Fires incidents Indonesia (BPS) 2023

The study considered several socioeconomic indicators as predictor variables (X), including the
Human Development Index, population density, poverty rate, GRDP per capita, educational attainment,
agricultural land area, and forest fire incidence. These variables were included in the Sparse Principal
Component Analysis to identify the underlying socioeconomic dimensions associated with
deforestation. The deforestation rate (Y) was included only for descriptive and interpretative purposes.
It was not used in the construction of the sparse principal components, as SPCA is an unsupervised
technique that operates solely on the predictor variables. Instead, the deforestation rate was presented to
provide context and facilitate the interpretation of the extracted socioeconomic patterns.

2.2 Correlation

Correlation is a statistical measure employed to quantify both the strength and direction of a linear
association between two variables. Within the context of multivariate analysis, it serves as an initial step
for examining the underlying relationships among variables prior to conducting more advanced
modelling procedures. Among the available measures, the Pearson correlation coefficient is the most
widely utilized for assessing linear dependence. Mathematically, the Pearson correlation coefficient is

expressed as follows,
. ny XY= X>'Y 0
JrE e =(Zx) v -2y

where r denotes the correlation coefficient, n represents the number of observations, X and Y correspond
to the variables under analysis. The correlation coefficient ranges between —1 < r < 1. A positive value
(r > 0) indicates a direct relationship between variables, whereas a negative value (r < 0) reflects an
inverse relationship. Furthermore, as the absolute value of the coefficient (|r|) approaches 1, the strength
of the association becomes increasingly strong. In the context of multivariate analysis, strong
correlations among independent variables may serve as an initial indication of multicollinearity. Several
studies suggest that absolute correlation coefficients exceeding approximately 0.7-0.8 reflect a
substantial linear association, which may imply overlapping information and potential redundancy
among variables [6]. Correlation analysis is often complemented by graphical approaches, such as
scatterplot matrices, to facilitate a more comprehensive examination of both linear and nonlinear
relationships among variables.
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2.3 Multicollinearity

Multicollinearity refers to a situation in which two or more independent variables in a model exhibit
strong linear associations. This phenomenon is frequently encountered in social, economic, and
environmental datasets, where indicators are often inherently interrelated. From a conceptual standpoint,
multicollinearity inflates the variance of regression parameter estimators, leading to unstable coefficient
estimates and reduced interpretability. As a consequence, the overall reliability of the model may
decline, particularly in terms of statistical inference and the assessment of variable significance [7]. One
of the most widely applied approaches for diagnosing multicollinearity is the Variance Inflation Factor
(VIF). This metric quantifies the extent to which the variance of an estimated regression coefficient is
amplified due to linear dependencies among the independent variables. In other words, VIF reflects how
strongly a predictor is explained by the remaining predictors in the model.

Mathematically, VIF is expressed as:

VIF, = 2

where R? represents the coefficient of determination obtained by regressing the i-th independent variable
on the remaining independent variables in the model. The interpretation of Variance Inflation Factor
(VIF) values can be outlined as; a VIF equal to 1 indicates the absence of correlation among explanatory
variables. Values ranging between 1 and 5 suggest a moderate degree of association that is generally
acceptable within regression models. When the VIF exceeds 5, it signals the presence of potential
multicollinearity, while values greater than 10 are commonly regarded as evidence of severe
multicollinearity, which may substantially affect the stability and reliability of parameter estimates.

A high VIF value indicates that a given variable is substantially explained by the remaining
predictors in the model, leading to an inflation of the variance of its estimated regression coefficient.
From a mathematical standpoint, this increase in variance directly affects the standard error, which can
be expressed as follows,

SE(ﬂl) - SEOLS(ﬂ‘.)V VIF, 3)

Accordingly, higher VIF values are associated with increased uncertainty in parameter estimation,
reflecting greater instability in the estimated coefficients.

2.4 Sparse PCA

Principal Component Analysis (PCA) is a widely employed multivariate statistical technique
designed to reduce the dimensionality of high-dimensional datasets. The method operates by
transforming a set of potentially correlated variables into a smaller number of new variables, known as
principal components, which are mutually orthogonal and capture the largest possible proportion of
variance in the original data. Through this transformation, PCA enables the extraction of the most
informative structure of the dataset while minimizing redundancy among variables. Nevertheless, a
notable limitation of classical PCA lies in the fact that each principal component is typically expressed
as a linear combination of all original variables. Consequently, the resulting components may involve
contributions from many variables simultaneously, which often complicates the interpretability of the
components in empirical applications [8]. To address these limitations, the Sparse Principal Component
Analysis method was developed as an extension of Principal Component Analysis. This approach
introduces the concept of sparsity in the coefficient vectors of the principal components. In practice,
Sparse PCA produces principal components that involve only a limited subset of variables with non-
zero loadings, while the remaining variables are assigned coefficients equal to zero. Consequently, this
technique not only performs dimensionality reduction but also implicitly carries out variable selection.
Such a property improves the interpretability of the resulting components and facilitates a clearer
understanding of the relationships among variables within the analyzed dataset [9].

Conceptually, Sparse Principal Component Analysis (Sparse PCA) aims to derive principal
components that not only explain the variability of the data, as in classical Principal Component Analysis
(PCA), but also exhibit a sparse coefficient structure. This approach introduces additional constraints or
penalty terms on the component loadings, encouraging many coefficients to shrink toward zero. As a
result, the resulting components are constructed from only a limited subset of variables that contribute
most strongly to the underlying data structure. This sparsity property enhances interpretability by
allowing the principal components to be associated with a smaller [10]. The Sparse Principal Component
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Analysis (Sparse PCA) approach has been widely applied in the analysis of high-dimensional datasets,
including genomic, economic, and socio-economic data, due to its capability to simplify complex
variable structures while preserving the essential information contained in the data. By imposing sparsity
constraints on the component loadings, Sparse PCA produces principal components that involve only a
limited subset of variables, thereby enhancing interpretability. In addition to functioning as a
dimensionality reduction technique, Sparse PCA can also serve as a variable selection method in
multivariate analysis, as it effectively identifies the most relevant variables that contribute to the
underlying data structure [9].

Consider a data matrix X € R(n X p)where (n) represents the number of observations and (p) denotes
the number of variables. In the classical Principal Component Analysis (PCA) framework, the first
principal component is obtained by maximizing the variance of the projected data, which can be

formulated as follows,
max @’ Z @ “)

@

With the constraint ||w||, = 1, where w denotes the loading vector of the principal component and Y
represents the covariance matrix of the observed data. In the framework of Sparse Principal Component
Analysis (Sparse PCA), this formulation is modified by incorporating a sparsity constraint on the loading
vector. The objective is to produce principal components that not only retain the ability to explain the
variability of the data, as in classical PCA, but also contain a limited number of non-zero loadings to
enhance interpretability. One commonly adopted formulation is presented in Equation (1). In addition
to the constraint ||w||, = 1, a sparsity restriction is imposed in the form ||w]||; < c. Alternatively, the
same constraint can be expressed through a penalty function approach.

maz)lx(a)TZa)—/L”a)”l) (5)
where,
W : loading vector of the principal component
> : covariance matrix of the data
lw|l; :Lynorm controlling the level of sparsity
A : penalty parameter that determines the degree of sparsity

The incorporation of an L; penalty encourages sparsity in the loading vectors by shrinking a
number of coefficients exactly to zero. As a consequence, only a subset of variables contributes to the
construction of the principal components. Through this mechanism, Sparse Principal Component
Analysis (Sparse PCA) serves not only as a dimensionality reduction technique but also as an effective
variable selection approach within multivariate analysis [10]. The approach proposed by Hui Zou
reformulates principal component analysis (PCA) as a penalized regression problem. Within this
framework, the objective of Sparse PCA is not only to capture the maximum variance in the data as in
classical Principal Component Analysis but also to impose sparsity on the loading vectors through
appropriate penalty terms. Consequently, the objective function of Sparse PCA can be expressed as
follows [11].

min[X - XBA'[ + 4 3 Jb |+ . 3] ©
J J
With the constraint applied ATA = I.
Where,
X  :the standardized data matrix
A :the matrix representing the principal component scores
B :the matrix of principal component loadings
Ay :the Li regularization parameter (lasso) that promotes sparsity in the model
Ay @ the Lo regularization parameter (ridge) that ensures the stability of parameter
estimation

The combination of L; and L, penalties is commonly referred to as the elastic net penalty. The L,
penalty promotes sparsity by shrinking some coefficients exactly to zero, thereby producing a simpler
and more interpretable loading structure. In contrast, the L, penalty contributes to stabilizing the
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estimation process by mitigating the effects of multicollinearity among variables. Consequently, the
elastic net framework enables the extraction of principal components that are both parsimonious and
robust in the presence of correlated predictors.

2.5 Step of Analysis

The analytical procedure in this study was carried out through a series of systematic stages to ensure
the reliability and interpretability of the results. The analysis began with the collection of secondary data
representing socio-economic factors associated with deforestation across Indonesia. The dataset was
subsequently cleaned and standardized to improve data quality and ensure comparability among
variables. Descriptive statistical analysis and a correlation matrix were then employed to provide an
initial overview of the data distribution and to explore the relationships among the socio-economic
variables. To identify potential multicollinearity, the Variance Inflation Factor (VIF) was calculated for
all explanatory variables. The suitability of the dataset for dimension reduction was further evaluated
using the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy and Bartlett’s test of sphericity.

Following these preliminary assessments, all variables were standardized prior to dimensionality
reduction. Principal Component Analysis (PCA) was first performed to investigate the latent structure
of the socio-economic variables and to summarize the original information into a smaller number of
components. The appropriate number of principal components was determined by considering
eigenvalues, the cumulative proportion of explained variance, and the scree plot. To improve component
interpretability while retaining the most relevant variables, Sparse Principal Component Analysis
(SPCA) was subsequently applied. The resulting loading matrix was examined to identify the socio-
economic variables that contributed most strongly to each sparse component. Component scores and
loading patterns were then visualized to facilitate the interpretation of observation clusters and variable
contributions. Finally, the spatial distribution of the SPCA scores was mapped and analyzed to reveal
regional differences in socio-economic characteristics related to deforestation across Indonesia. The
overall findings were subsequently synthesized to draw conclusions and discuss their implications. All
statistical analyses and graphical visualizations were performed using R software (version 4.5.3) with
the support of several packages, including stats, car, psych, FactoMineR, factoextra, and elasticnet.

3. Results and Discussion
3.1 Descriptive Statistics

The distribution of provinces with the highest values for each research variable related to socio-
economic conditions and pressures on forest resources is presented in Figure 2. In general, the
distribution of maximum values across several indicators appears to be concentrated in specific
provinces, indicating substantial disparities in development characteristics among regions in Indonesia.
The highest values for the Human Development Index (X1), population density (X2), gross regional
domestic product (GRDP) per capita (X6), and average years of schooling (X7) are observed in Special
Capital Region of Jakarta. This pattern reflects the relatively advanced level of socio-economic
development in the country’s principal metropolitan area. In contrast, variables related to land-use
pressure, such as agricultural land area (X8) and the number of forest fires (X9), reach their maximum
values in provinces including Riau and Central Kalimantan, regions widely recognized for intensive
land expansion activities and higher susceptibility to forest fire events. Previous research highlights that
agricultural expansion and fire events are among the major drivers of forest loss in tropical regions,
particularly in Southeast Asia [12]. Furthermore, the largest population size (X4) is recorded in West
Java, highlighting the considerable demographic pressure experienced in this province. These patterns
collectively suggest that regional development dynamics, demographic intensity, and land-use
transformation play a crucial role in shaping environmental pressures and the potential risk of
deforestation across Indonesia.
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The correlation matrix and scatterplot visualization reveal varying degrees of association among
variables (X1-X9), including both positive and negative relationships. Several variable pairs exhibit
relatively strong and statistically significant correlations, indicating the presence of underlying structural
relationships within the dataset. Notably, X1 shows a strong positive association with X7 and negative
correlations with X3 and X5, while X4 and X6 demonstrate a strong linear relationship. The presence
of relatively high correlation coefficients suggests potential multicollinearity among predictors, which
may affect the stability and interpretability of regression-based models. Previous studies have
highlighted that multicollinearity can distort parameter estimation and reduce model reliability [13].
Therefore, the application of Sparse PCA is justified, as it enables dimensionality reduction while

maintaining interpretability through sparse loading structures.
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3.3 Multicollinearity

The Variance Inflation Factor (VIF) values for each variable, along with their corresponding visual
representation, are presented as follows.
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Figure 4. The visualization of VIF

The Variance Inflation Factor (VIF) analysis indicates that most variables exhibit relatively low
VIF values, suggesting an acceptable level of multicollinearity. However, variables X4 and especially
X6 display substantially high VIF values, exceeding common threshold levels. This suggests that these
variables are highly linearly dependent on other predictors in the model. High VIF values indicate
inflated variance in regression coefficients, which may lead to unstable parameter estimates and reduced
interpretability. Although no universal cutoff exists, values between 5 and 10 are commonly used as
indicators of potential multicollinearity [14]. Therefore, the observed values for X4 and X6 confirm the
presence of strong multicollinearity. These findings justify the application of dimensionality reduction
techniques such as Sparse PCA to address redundancy and improve model robustness.

3.4 Scree Plot of Sparse PCA

The scree plot is a graphical technique commonly employed in Principal Component Analysis to
determine the appropriate number of principal components to retain during dimensionality reduction.
This plot presents the eigenvalues, or the proportion of variance explained by each component, arranged
from the largest to the smallest. Through this visualization, researchers can identify the point at which
the contribution of additional components begins to decline substantially, often referred to as the e/bow.
Components appearing before this point are generally considered sufficient to capture the most relevant
information contained in the dataset, while subsequent components contribute relatively little additional
explanatory power.

Proportion of Vanance Explained

Principal Companent

Figure 5. Scree plot sparse PCA

Consequently, the scree plot provides a clear visual basis for selecting an optimal number of
components, enabling analysts to preserve essential information while reducing the complexity of
multivariate data structures. For this reason, it is widely applied in statistical studies and
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multidimensional data analysis as a practical tool for guiding component selection in PCA-based
dimensionality reduction.

Based on the scree plot and component selection criteria, two components were retained for further
interpretation. The first and second components contributed approximately 38.4% and 32.1% of the
retained explained variance, respectively, indicating that these components captured the dominant
structure of the socio-economic data.

3.5 Sparse Loading

In Sparse Principal Component Analysis (Sparse PCA), the loading coefficients indicate the
magnitude of each original variable’s contribution to the derived principal components. A large loading
value suggests that the variable is strongly associated with the corresponding component, whereas
coefficients close to zero imply a relatively minor contribution. By introducing sparsity in the loading
structure, Sparse PCA enhances the interpretability of the resulting components because only a limited
number of variables retain substantial weights. In addition to improving interpretability, sparse loading
reduces model complexity when dealing with high-dimensional datasets. Within multivariate analysis,
Sparse PCA is widely applied as it preserves a substantial portion of the data variability while
simultaneously identifying the most influential variables that shape the principal components [15].

Table 2. Sparse loading

Variable / PC PC1 PC2
X1 -0.758 0.000
X2 0.000 0.000
X3 0.000 0.332
X4 0.000 -0.157
X5 0.360 0.000
X6 0.000 -0.930
X7 -0.544 0.000
X8 0.000 0.000
X9 0.000 0.000

In the first principal component (PC1), only three variables exhibit substantial loadings, namely
X1 (—0.758), X5 (0.360), and X7 (—0.544). This indicates that PC1 is primarily characterized by the
combined influence of these three variables, although their directions of association differ. Variables X1
and X7 are negatively associated with the first component, whereas X5 shows a positive relationship.
In contrast, the remaining variables (X2, X3, X4, X6, X8, and X9) display zero loadings, indicating that
they do not contribute to the formation of this component. This outcome reflects the sparsity constraint
imposed by the Sparse PCA approach, which effectively eliminates variables with negligible
contributions.
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Figure 6. (a) Heatmap loading sparse PCA (b) Visualization of sparse PCA loading
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For the second principal component (PC2), the component structure is determined by three
variables: X3 (0.332), X4 (—0.157), and X6 (—0.930). Among these, X6 provides the most dominant
contribution to PC2, as reflected by its relatively large loading value. The other variables have zero
loadings and therefore do not participate in forming the second component.

The resulting sparse loading pattern demonstrates that SPCA not only performs dimensionality
reduction but also effectively highlights the most relevant variables, thereby improving the
interpretability of the principal components. Such an approach is particularly advantageous in the
analysis of high-dimensional multivariate data, as it enhances model interpretability while preserving
essential information contained in the dataset. Overall, the results indicate that six variables (X1, X3,
X4, X5, X6, and X7) make substantial contributions to the extracted sparse principal components. In
contrast, variables X2 (Population Density), X8 (Agricultural Land Area), and X9 (Number of Forest
Fires) exhibit negligible or zero loadings across the retained components. Consequently, these variables
do not contribute significantly to the component structure identified by SPCA and were not retained as
key variables in the interpretation of the resulting dimensions. This finding suggests that, within the
analyzed dataset, their variability is not strongly aligned with the dominant socioeconomic patterns
associated with deforestation captured by retained components. The exclusion of X2, X8, and X9 was
based on their near-zero loading values in all retained sparse principal components. These findings
demonstrate that Sparse PCA not only reduces the dimensionality of the dataset but also performs
implicit variable selection, resulting in a more interpretable and parsimonious component structure
compared with conventional PCA [8].

3.6 Score Plot of Sparse PCA

The score plot in Sparse Principal Component Analysis (Sparse PCA) is a graphical representation
of two or more principal components that illustrates the position of each observation (sample data)
within the component space obtained from the dimensionality reduction process. Typically, the plot is
constructed using the first sparse principal component (SPC1) and the second sparse principal
component (SPC2). Through this visualization, patterns, relationships, and potential groupings among
observations can be more clearly identified after the original high-dimensional data have been projected
into a lower-dimensional space. This representation facilitates the interpretation of data structure while
preserving the most relevant variation captured by the sparse components [16].
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Figure 7. Sparse PCA score plot

In general, most provinces are located near the center of the coordinate system, indicating that their
socio-economic characteristics are relatively similar and follow the overall national pattern. These
provinces form the main cluster that represents the average condition of the analyzed variables. In
contrast, several provinces appear farther from the center, indicating distinct socio-economic profiles.
For example, Capital Region of Jakarta is positioned in the negative direction of both SPC1 and SPC2,
reflecting a socio-economic structure that differs markedly from most other provinces due to its role as
the national economic and administrative center. Some provinces on Java Island, including East Java,
West Java, and Central Java, also appear slightly separated from the main cluster, particularly along the
SPC2 dimension, indicating certain variations in their socio-economic indicators. Meanwhile, eastern
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provinces such as Papua and West Papua tend to lie on the positive side of SPC1, suggesting different
variable patterns compared to most provinces. Overall, the plot demonstrates that Sparse PCA
effectively reduces data dimensionality while clearly illustrating similarities and differences in socio-
economic characteristics among provinces. Overall, the score plot demonstrates that Sparse PCA
effectively reduces data dimensionality while preserving the underlying variation among observations,
thereby facilitating the visualization of similarities and differences in socio-economic characteristics
among provinces [17].

3.7 Spatial Distribution of Sparse PCA

The spatial distribution in Sparse PCA refers to the mapping of principal component scores
derived from Sparse Principal Component Analysis onto a geographic space. Through this approach,
the dominant patterns of variation among multiple variables can be represented spatially. Such
visualization facilitates the identification of regions that exhibit similar or contrasting characteristics
based on the most influential combination of variables captured by the sparse components. This spatial
representation enhances the interpretability of multivariate relationships and provides a clearer
understanding of how underlying patterns vary across different geographic areas.
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Figure 8. Spatial Distribution of (a) Sparse PCA Component 1 (b) Sparse PCA Component 2

The spatial distribution of SPC1 indicates that several provinces in eastern Indonesia,
particularly Papua, exhibit relatively high component scores. In contrast, a number of provinces located
in Kalimantan and parts of Sumatra show comparatively lower values. This spatial pattern suggests the
presence of regional heterogeneity, which is primarily influenced by the combined effect of variables
X1, X5, and X7, identified as the dominant contributors to the first sparse principal component. Such
regional heterogeneity is consistent with previous studies demonstrating that socio-economic
characteristics and development patterns vary considerably among Indonesian provinces, resulting in
distinct spatial configurations of environmental and land-use dynamics [18]. The spatial map of SPC2
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reveals a different distributional pattern. Several provinces across Sumatra, Kalimantan, and parts of
eastern Indonesia display relatively high scores, while provinces on Java tend to exhibit lower values.
This indicates that the second component captures an alternative dimension of variation in the dataset,
driven by a distinct set of variables compared with those influencing the first component.

To verify whether the spatial patterns observed in Figure 8 reflect statistically meaningful
geographic structures, Global Moran's I statistics were calculated for the Sparse PCA scores. The results,
presented in Table 3, indicate significant positive spatial autocorrelation for both SPC1 and SPC2,
confirming that provinces with similar component scores tend to be spatially clustered rather than
randomly distributed. The spatial map of SPC2 reveals a different distributional pattern. Several
provinces across Sumatra, Kalimantan, and parts of eastern Indonesia display relatively high scores,
while provinces on Java tend to exhibit lower values. This indicates that the second component captures
an alternative dimension of variation in the dataset, driven by a distinct set of variables compared with
those influencing the first component. Differences in regional socio-economic structures and land-use
characteristics have also been reported in previous spatial analyses of Indonesia, highlighting that
provinces may exhibit contrasting spatial patterns depending on the underlying socio-economic drivers
[19].

Table 3. Global Moran's I statistics for sparse principal components

Component Moran’s | p-value
SPC 1 0.40229380 3.025070e-06
SPC 2 0.25835357 1.912515e-03

To statistically assess the spatial patterns identified by Sparse PCA, Global Moran's I statistics
were computed for the first two sparse principal components. As presented in Table 3, both components
exhibited significant positive spatial autocorrelation. SPC1 yielded a Moran's I value of 0.402 (p =
3.025070e-06), indicating a moderate tendency for provinces with similar SPC1 scores to be
geographically clustered. Likewise, SPC2 produced a Moran's I value of 0.258 (p = 1.912515¢-03),
suggesting a positive spatial association, although weaker than that observed for SPC1. These findings
indicate that the spatial patterns displayed in Figure 8 are not randomly distributed across Indonesia.
Provinces located in close geographic proximity tend to share similar characteristics represented by the
sparse principal components. The stronger spatial dependence observed in SPC1 suggests that the
dominant variation captured by this component is more spatially structured than the variation
represented by SPC2.

Overall, the analysis demonstrates that among the nine initial variables examined, only six
variables (X1, X3, X4, X5, X6, and X7) were retained because they exhibited non-zero loadings in the
sparse principal components. In contrast, X2, X8, and X9 were excluded due to zero loadings, indicating
that these variables contributed negligibly to the extracted component structure. This finding is
consistent with the fundamental characteristic of Sparse Principal Component Analysis, which
simultaneously performs dimensionality reduction and variable selection by producing sparse loading
vectors. As a result, the derived components are more parsimonious and substantially easier to interpret
than those obtained from conventional PCA, making SPCA particularly suitable for multivariate datasets
with correlated predictors. Although the present study focuses on spatially distributed socio-economic
data, the resulting sparse component structure also facilitates the interpretation of regional variation in
the underlying factors associated with deforestation [20].

4. Conclusion

This study demonstrates that Sparse Principal Component Analysis (Sparse PCA) serves as an
effective technique for reducing the dimensionality of socio-economic variables associated with
deforestation in Indonesia, while simultaneously enhancing the interpretability of the analytical results.
The findings indicate that two principal components are sufficient to represent the underlying structure
of the dataset, capturing the majority of the total variance. The first component is largely characterized
by the Human Development Index, poverty rate, and mean years of schooling, whereas the second
component is primarily driven by population growth, total population, and GRDP per capita. Among
the nine variables initially considered, only six were retained as significant contributors, while
population density, agricultural land area, and the number of forest fires were excluded due to their
minimal influence. This result underscores the capability of Sparse PCA not only in dimensionality
reduction but also in performing implicit variable selection.

Furthermore, the spatial distribution and score plot analyses reveal substantial regional
heterogeneity in socio-economic characteristics, particularly between western and eastern regions of
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Indonesia. Overall, this study offers a more parsimonious and interpretable analytical framework for
identifying key socio-economic drivers of deforestation, and provides meaningful insights to support
evidence-based policy development in sustainable forest management. From a practical perspective,
future studies are recommended to incorporate additional environmental and institutional variables to
obtain a more comprehensive understanding of deforestation dynamics. Moreover, policymakers are
encouraged to prioritize region-specific strategies that account for socio-economic disparities in order
to enhance the effectiveness of sustainable forest management initiatives.
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ARTICLE INFO Abstract

Article history: Introduction/Main Objectives: Food security remains a critical concern
Received 4 May, 2026 across Kalimantan Island, where substantial spatial disparities exist among its
Revised 12 June, 2026 56 regencies and cities, making conventional global regression models
Accepted 26 June, 2026 inadequate for capturing localized differences. Background Problems: This
Published 30 June, 2026 study addresses the limitation of Multiple Linear Regression in accounting for

spatial heterogeneity in the relationships between Food Security Index
components and the overall index, raising the question of which components
Keywords: exhibit spatially varying local effects across locations. Novelty: This study
Adaptive  Gaussian;  Food presents the first spatially explicit analysis of food security determinants at the
Security Index; Geographically regency and city level across Kalimantan, employing Haversine distance
Weighted Regression; combined with adaptive Gaussian kernel weighting within GWR a
Haversine Distance; Poverty combination not previously applied in this context. Research Methods: GWR
was applied to cross-sectional 2024 data from the Food Security and
Vulnerability Atlas, incorporating Cross Validation bandwidth selection and
Weighted Least Squares parameter estimation. Finding/Results: The GWR
model outperformed MLR with an R? of 59.63% and MSE of 38.5241. The
ratio of population per health worker and average years of schooling for women
were the most spatially dominant components, significant in 45 and 43
locations respectively, supporting the need for location-specific policy
interventions across Kalimantan.

1. Introduction

Food security is defined as a condition in which food needs are adequately met at both individual
and national levels, characterized by the availability of sufficient, safe, diverse, and nutritious food that
is fairly distributed, affordable, and aligned with social, cultural, and religious values, thereby enabling
people to lead healthy, active, and productive lives in a sustainable manner [1]. Food security stands as
one of the central objectives of the Sustainable Development Goals (SDGs), most notably under Goal
2, which is dedicated to eliminating hunger worldwide. In Indonesia, it has become a major strategic
focus of the government, with President Prabowo Subianto highlighting the importance of achieving
national food self-sufficiency during his administration [2].
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Data published by the National Food Agency [3] show that the Food Security Index across
provinces in Kalimantan Island is generally classified as food secure or highly food secure. However, at
the regency and city level, notable disparities remain. Of the 56 regencies and cities in Kalimantan, six
areas including Murung Raya, Mahakam Ulu, Gunung Mas, Lamandau, and Melawi fall into the
vulnerable or moderately vulnerable categories, representing approximately 10.7% of all administrative
units in the region. Moreover, the food security index ranges from category 2 (highly vulnerable) to
category 6 (highly food secure), indicating substantial spatial variation across the island.
Geographically, the more vulnerable areas tend to be concentrated in remote, inland regions, suggesting
that location-specific characteristics may play a significant role in determining food security outcomes.
This spatial heterogeneity implies that the relationships between food security and its determinants may
not be uniform across regions some factors may exert stronger or even opposing influences in different
localities underscoring the need for an analytical approach that can capture such local variation [4].

The Food Security Index has been widely studied, including research by Evalia et al. [5], which
identified determinants of food security in West Sumatra using Multiple Linear Regression. However,
MLR assumes that regression relationships are spatially stationary that is, constant regardless of location
[6] an assumption that may be unreasonable in a geographically diverse region such as Kalimantan,
where socioeconomic and geographic characteristics vary substantially across districts and cities.

GWR addresses this limitation by incorporating geographic coordinates through spatial weighting,
allowing regression coefficients to vary across locations and generating local models for each
observation point [7]. This makes GWR particularly suitable for detecting spatial variation in the
relationships between food security and its determinants. A similar approach was applied by [8], who
modelled the food security index in East Java using GWR and found that Rice Production, Adjusted Per
Capita Expenditure, Poverty Line, Number of People in Poverty, and Prevalence of Food Inadequacy
significantly influenced the food security index in East Java, with spatially varying coefficients.
Building on this, the present study extends the application of GWR to Kalimantan Island, a region with
distinct geographic and demographic characteristics that have not been previously examined under this
framework.

Despite growing interest in spatial approaches to food security analysis, studies applying GWR in
the context of Kalimantan Island remain absent from the literature. Previous studies have either relied
on global regression models that cannot account for spatial heterogeneity, or have focused on other
regions of Indonesia such as Java and Sumatra. This study therefore contributes to the literature by
providing the first spatially explicit analysis of food security determinants at the regency and city level
across Kalimantan. Furthermore, this study employs Haversine distance as the spatial distance measure,
which accounts for the curvature of the earth and has been shown to outperform Euclidean and
Manhattan distance measures in terms of accuracy [9], combined with an adaptive Gaussian kernel
weighting scheme a combination that has not been previously applied in the context of food security
analysis in Kalimantan.

Given the importance of spatial variation in analyzing food security, this study employs GWR to
examine the local effects of food security index components at the regency and city level throughout
Kalimantan Island. Specifically, this study aims to identify which components of the Food Security
Index exhibit spatially varying effects across locations, to examine how the direction and magnitude of
these effects differ across districts and cities, and to evaluate the performance of GWR with Haversine
distance and adaptive Gaussian kernel weighting for this geographic context. The findings are expected
to provide a more spatially nuanced understanding of food security conditions across Kalimantan and
to support the development of more targeted and location-specific policy interventions.

2. Material and Methods
2.1. Research Data

This study utilizes cross-sectional data for the year 2024, as the primary focus is on capturing the
current spatial distribution of food security conditions across Kalimantan to inform present policy needs.
It is acknowledged that cross-sectional data cannot account for temporal dynamics in the relationships
among variables, which constitutes a limitation of the present study.

This study examines the Food Security Index (Y ) and its eight official component indicators as
published in the Food Security and Vulnerability Atlas (FSVA) by the National Food Agency [3]. These
components are percentage of population below the poverty line (X , ), percentage of households with
food expenditure proportion exceeding 65% of total expenditure (X 2), percentage of households
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without access to electricity (X 3 ) , average years of schooling for women aged 15 years and above (X . )
, percentage of households without access to clean water (X 5 ) , ratio of population per health worker
relative to population density (X p ) , percentage of stunted children under five (X ; ) , and life expectancy
at birth (X ¢ ). Rather than treating these components as external determinants of the Food Security
Index, this study investigates how each component contributes locally to the overall index, and whether
the magnitude and direction of these contributions vary across regencies and cities in Kalimantan. This
approach is motivated by the recognition that food security conditions are spatially heterogeneous, and
that the relative importance of each component may differ substantially across locations depending on
local geographic, demographic, and socioeconomic characteristics [6].

2.2. Multicollinearity Detection

Multicollinearity detection is performed to identify whether interdependencies exist among
predictor variables within a regression model. The existence of such dependencies may distort the
estimated relationship between predictor variables and the response variable. A widely used measure
for assessing multicollinearity is the Variance Inflation Factor (VIF). A predictor variable is regarded
as free from multicollinearity when its VIF value does not exceed 10. The formula used to compute the
VIF is given as follows [10]:

1
1-R* (1

k

VIF, =

where, R’ is the coefficient of determination of the MLR model with X ; as the response variable and the
remaining X; as the predictor variables.

2.3. Multiple Linear Regression

Linear regression is a statistical method employed to examine the linear relationship between one
or more predictor variables and a response variable. Multiple Linear Regression (MLR) involves the use
of two or more predictor variables simultaneously. The standard formulation of the MLR model, which
captures the influence of predictor variables on the response variable, can be written as follows [11]:

P
Vi :ﬂ0+2ﬂk‘xik+€i’ i=1,2,...,l’l, (2)
k=1
Where,
Yy, : observed value of the response variable for the i-th observation
B, :intercept (constant) parameter
B,  :regression coefficient associated with the &-th predictor variable
X,  :observed value of the k-th predictor variable for the i-th observation
g, :error term for the i-th observation
The general model presented in Equation (2) can also be reformulated in matrix notation as follows:
y=Xp+e 3

2.4. Parameter Estimation of the MLR

Parameter estimation in the MLR model is conducted through the Ordinary Least Squares (OLS)
method. This approach determines the model parameters by minimizing the total sum of squared
residuals. The estimator for the parameter P is derived as follows [12]:

p=(X"X) Xy. (4)

2.5. Simultaneous Significance Testing of MLR Parameters

The simultaneous significance test of MLR model parameters is intended to assess whether the
predictor variables collectively exert a significant influence on the response variable. The hypotheses
for the simultaneous significance testing of the MLR model parameters are stated as follows:
Ho:ﬁ]:ﬂzzK:ﬁp:O
H, :atleastone B #0,k=12K,p
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The test statistic employed in this test is the F; statistic, which is formulated as follows:

N 2
VSR ;(y[ 7) / p
hi= MSE < 2 ' ®)

2(v-7) /n—p—l

i=1
Where, 7 is the number of observation and p is the number of predictor variables. At a given significance
level a, the decision criterion for the simultaneous test states that H is rejected when F > Fy opn )
or equivalently, H is rejected whenever p , <a [13].

value

2.6. Partial Significance Testing of MLR Parameters

The partial significance test in the MLR model is performed to identify which individual predictor
variables have a significant effect on the response variable. The hypotheses for this test are expressed
as follows:

H,:8=0k=12K,p
H :p #0,k=12K,p
This test utilizes the f, statistic, which is defined as follows:
A
SE(B,)
Where, ,@k is the estimated regression coefficient and SE ,@k) is the standard error of ﬁk . At a given

significance level «, the decision criterion for the partial test states that H is rejected when
|t1| > t(a j23m-k-1) OF equivalently, H is rejected whenever the p , <a [14].

1

(6)

2.7. Homoscedasticity Test

The homoscedasticity test is conducted to identify whether there is variation in the error variance
within a linear regression model. Such variation, known as heteroscedasticity, occurs when the error
variance differs across observations [15]. One of the widely adopted methods for detecting
heteroscedasticity is the Glejser test. This test follows the framework of simultaneous parameter testing
in multiple linear regression, in which the absolute values of the residuals serve as the response variable
[16]. The hypotheses for the homoscedasticity test are formulated as follows [17]:

H,:0!=0.=K =0, =0"
H,:atleastone o’ 20°; i=1,2,K,n
The test statistic utilized in this test is the G statistic, which is formulated as follows:

 MsR (B'X'e-ng)/p
-~ MSE (sTs—BTXTe)/(n—p—l)'

(7

At a significance level the decision rule for the homoscedasticity test is to reject H, if G > Fy pn )

or equivalently, to reject /, ifand only ifthe p <o .

value

2.8. Moran’s Index

Moran's Index serves as a widely adopted measure of global spatial autocorrelation, enabling the
assessment of how similarly distributed a variable is among geographically neighboring areas. Through
this measure, the degree of spatial randomness in the data can be evaluated, where departures from
randomness may reveal underlying spatial structures such as geographic clustering or directional trends
across the study area. The value of Moran's I ranges from -1 to 1, where values close to 1 indicate
positive spatial autocorrelation (clustering), values close to -1 indicate negative spatial autocorrelation
(dispersion), and values close to 0 indicate spatial randomness [18]. Moran’s Index can be formulated
as follows:
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n,an:i% (7 —)7)(yj _)_’)

=1 j=1

I=—"= ®)

22w

i=l j=1

Hypothesis testing for Moran’s Index is as follows [19]:
i.  Hypothesis used for parameter testing:

H,:1=0

H :1+0
ii. The test statistic for Moran’s Index:

)

Var
Where:

1
E(l)=] —

(="

n’s, —ns, +3s?

Var(l) W—E(l)
0

2
n n n
= Z(Zﬁij + ijij
i1\ j =

iii. Decision criterion: H, is rejected if ‘Z (1)‘ >Z, or p—value<a.
2

2.9. Geographically Weighted Regression Model

Geographically Weighted Regression (GWR) is a spatial statistical approach designed to examine
the relationship between predictor variables and a response variable by accounting for spatial effects.
This method is especially valuable for capturing spatial heterogeneity, in which the influence of
predictor variables differs from one location to another. In GWR, spatial heterogeneity is reflected
through the use of spatial weighting. Because each area may have unique characteristics, GWR produces

local parameter estimates for every observation point [7]. The GWR model at the i-th location can be
written as follows:

v, =B (u Zﬂk )x, +&,i=12,..n, (10)

The GWR model shown in Equation (8) can likewise be expressed in matrix form as follows [20]:

v, =x,B(u,v,)+e¢, (11)

2.10. Gaussian Kernel Weighting Function

Parameter estimation in the GWR model involves spatial weighting to generate local models.
Spatial weights represent the influence of one location on another. In GWR, spatial weights can be
calculated using kernel weighting functions, one of which is the adaptive gaussian kernel weighting
function, expressed as follows [21].
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1(d,Y
w (u,v)=exp| ——| = | |, L,j=12,.n, (12)
N 2\ h,

where w, denotes the spatial weight attributed to the j-th observation within the GWR model at a
particular location, and 4, refers to the smoothing parameter or bandwidth for the i-th observation. The
adaptive Gaussian kernel is selected over the fixed Gaussian kernel due to the uneven spatial distribution
of regencies and cities across Kalimantan Island. Unlike fixed kernel approaches that apply a constant
bandwidth across all locations, the adaptive kernel adjusts the bandwidth according to local data density
narrowing in areas with closely spaced observations and expanding in sparsely distributed regions. This
ensures that each local model is estimated using a sufficient and contextually appropriate set of
neighboring observations, producing more reliable parameter estimates across all locations regardless
of their geographlc 1solat10n [7]. The term d,, refers to the distance between observation points, which
is computed using the Haversine distance as defined by the following equation [22]:

u —u v -V
d, =2rarcsin \/sinz[ ‘/2 ‘)+cos(u[)cos(uj)sin2( ‘/2 ‘J (13)

where, u, is the longitude coordinate of the i-th observation, v, is the latitude coordinate of the i-th
observation and r is the earth radius (6,371 km). Unlike Euclidean distance, which assumes a flat surface,
Haversine distance accounts for the curvature of the earth by treating it as a sphere with a radius of 6,371
km [23]. This is particularly important for a geographically extensive region such as Kalimantan, where
straight-line distance calculations on a flat plane would introduce systematic errors. Bandwidth
selection is crucial for obtaining optimal parameter estimates. The optimum bandwidth value can be
determined using the Cross Validation (CV) criterion. One advantage of CV is that it considers the
balance between prediction error and model complexity. The CV criterion is expressed as follows:

v = Z[Y =5, (k) (14)

Where, y (h[) is the predicted value at the i-th location obtained from a model fitted without using the
i-th observatlon and calculated using bandwidth 4, [24].

2.11. Estimation of GWR Model Parameters

In this research, parameter estimation is performed using the Weighted Least Squares (WLS)
method. Similar to OLS, WLS operates by minimizing the sum of squared errors, but additionally
incorporates a spatial weighting matrix into the estimation process. The estimator of [5 (u \2 ) for the i-
th location is expressed as follows [20]:

Buv,) = (X"W(u,v,)X) X W(u,v,)Y. (15)

2.12. Model Adequacy Test for GWR

The model adequacy test is performed to assess whether there is a significant difference between
the MLR model and the GWR model. The corresponding hypotheses are formulated as follows:

Hy: B (u,v,)=B.k=12,.,pand i=12,.,n
H:B (u,v,)# B .k=12,.pand i=12,.,n
The test statistic for assessing the model adequacy is

o (SSEMLR — SSE gy j / ( SSE gy J 16
z-1 51

The rejection region for the model adequacy test at a significance level of « is defined as rejecting H

when F~ > F_ .4, » Where df] = ¢’ [z, and df, =57 /5, , or equivalently, H, is rejected whenever the
P <O [24].
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2.13. Simultaneous Significance Test of GWR Model Parameters

The simultaneous significance test of the GWR model parameters is conducted to assess whether
the parameters, considered jointly, have a significant effect on the response variable. The hypotheses
are formulated as follows:

HO :lBI (u[’vi) 2,32 (ui’v[) = '”:ﬂp (u[’vi) = 0
H, : atleastone f3, (u,,v,)#0,k=0,1,2,..p and i=1,2,...,n
The test statistic for the simultaneous significance test of the GWR model is defined as follows:
_ SSE(X,) /SSE(GWR)
Cod(x,) /) 4 (GIR)
Where, SSE (X 0) is the sum square error of the GWR model without predictor variables. The critical

(17)

region for the simultaneous test at a significance level of « is defined as rejecting H, if

F > 1*"(1_”_1;612/52) , or equivalently, rejecting H if p_, <a [24].

2.14. Partial Significance Test of GWR Model Parameters

The partial significance test is used to identify which parameters have a statistically significant effect
on the response variable. The hypotheses are formulated as follows:

Hy: B (u,v,)=0,k=12,.,pand i=12,...n

H : B (u,v,)#0,k=12,.,pand i=12,.,n

The test statistic for the partial significance test of the GWR model is defined as follows:

WACRY

) == (18)
O-GWR Ckk

The critical region for the partial test at a significance level of « is defined as rejecting /1, if the test
statistic exceeds the critical value, or equivalently, rejecting H, ifthe p <o [24].

2.15. Model Evaluation

3

value

The coefficient of determination (Rzg is a measure employed to assess model performance by
indicating the proportion of variability in the response variable that can be accounted for by the fitted
model. It ranks among the most frequently used goodness-of-fit measures in regression analysis, owing
to its straightforward interpretation and its capacity to reflect how well the model and its predictor
variables explain the response variable. The coefficient of determination can be formulated as follows
[25]:

SSE
R’ =(1— jxlOO%. (19)
SST

Mean Square Error (MSE) is the average of the squared differences between the predicted and
actual observed values. It is widely used to measure the magnitude of estimation errors produced by a
model. A lower MSE value, particularly one approaching zero, signifies that the model's predictions are
in close agreement with the actual observations. The MSE can be written as follows [26]:

n 2

Z(yi_j}i) (20)

MSE =+

n

3. Results and Discussion
3.1. Data Description
The data are summarized through descriptive statistics, encompassing the mean, minimum,

maximum, and standard deviation. These statistical measures were computed using R software, and the
corresponding results are presented in Table 1.
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Table 1. Descriptive statistics

Variable Mean Minimum Maximum Standard Deviation
Y 75.97 51.29 91.23 9.8572

X, 5.8891 2.31 11.38 2.1422

X, 18.4605 2.22 43.54 10.0689

X, 1.1488 0 6.43 1.7808

X, 30.3712 0.01 92.51 21.3225

X 8.7654 6.58 11.69 1.1170

X, 8.6057 0.02 43.54 9.2876

X, 71.1793 64.97 6.43 2.3129

X, 22.3089 0 92.51 8.1652

Based on Table 1, the predicted food security index in Kalimantan Island is 75.97 with a standard
deviation of 9.8572. The lowest food security index is 51.29 in Murung Raya Regency, while the highest
index is 91.23 in Balikpapan City. The summary statistics of the other research variables are also
presented in Table 1. The spatial distribution of the food security index across regencies and cities in
Kalimantan Island is further depicted through a thematic map, as presented in Figure 1.

Fond Sacurity Index N
[ Faod-incerure (Regency < 56,58 & City < 51,20) .
[ Food-secure {Regency > 59,58 & City > 51,29) ( ‘
1o | pistrienCity 1D | Dlstriouciy
1 | sambas 73 | Tanah Laus
2 | Mempawan 20 | wotabary
3 | sanggau =1 | sangar
[a [ ¥eraperm 22 | Barita Kuala
§ | sntang 35| Tapin
6 | Kapuas bl 34 | swuhs sumgal sefatan
7 | Bergkayang 35 | Hulu Sunga) Tengah
8 | Landak g utara
0 | sehatdan a7 | Tanuioey
Melwvri 5| Fanah Burmb
11| Rayorg Wrar: 39 | Balanga;
12| Kusbu Raya
13 | Pancanak 41 | 3anjavban
14 | singhawang 4z | Pase
5 [
1% Timur | 44 ]se
17 | Kapuas
18 | Barite Sclatan 46 | Kuaai Tiomur
19| Baries Ucava A7 | Ponajam Pager Utara
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23 | Lamandau 51 | Bonizag
24 | Gunung Has
) L
26 | Murung Rap 54 | numunan
i 27| Barite Tiwur =5 | Tana Tidung
Je 28 | Palargharaya 56 | Tarakan

Figure 1. Spatial distribution of the Food Security Index across regencies and cities in Kalimantan Island

Figure 1 presents a map of Kalimantan Island, one of the major islands in Indonesia. The island
consists of 56 regencies/cities. The regencies/cities in Figure 1 are classified into two categories, namely
food-insecure areas, indicated by white color, and food-secure areas, indicated by green color. The
classification of food security status is obtained from the National Food Agency (Badan Pangan
Nasional).

Based on Figure 1, the regencies/cities in Kalimantan Island that fall into the food-insecure category
include Murung Raya Regency, Melawi Regency, Mahakam Ulu Regency, Gunung Mas Regency, and
Lamandau Regency. Information regarding regencies/cities with food security indices below the
national average is expected to serve as a basis for government policy formulation and targeted
intervention programs aimed at improving food security in these regions.
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3.2. Detection of Multicollinearity

Multicollinearity is evaluated through the Variance Inflation Factor (VIF) following Equation (1).
The VIF values are computed using R software, and the corresponding results are displayed in Table 2.

Table 2. Detection of Multicollinearity
Variable VIF
1.6467
2.5913
1.7463
2.0714
2.4547
1.7069
2.3329
1.1991

SESESECES

o0

Table 2 reveals that the VIF values for all predictor variables fall below 10. Consequently, it can
be concluded that no multicollinearity exists among the predictor variables, and all eight predictor
variables can be retained in the linear regression model.

3.3. MLR Modeling

The general MLR model for food security index data, based on Equation (2), is given as follows:

Y, = Bo+ Bixii + 5oy + Bixyy + PiXy; + PiXs; + Bxe + Boxy + Byxg + €, 1=1,2,...,56 (21
The parameters of the MLR model in Equation (21) are estimated using the OLS approach, as given in
Equation (4). Parameter estimation is performed using R software, resulting in the MLR model in
Equation (22).

»,=67,7912-0,2290x,, +0,1413x,, —1,1432x,, — 0,1575x,, — 0,0137x,;, — 0,4084x,,

+0,2296x,, +0,0139x,
The hypotheses for the simultaneous significance testing of the MLR model parameters are stated
as follows:

H, B =b=p=P=5=0

H, :atleastone S, #0 ; £=1,2,3,4,5

The test statistic F| is defined in Equation (5), and the results derived from computations using R
software are summarized in Table 3.

(22)

Table 3. Results of the simultaneous parameter test of the Multiple Linear Regression (MLR) Model

K F(o.9,8,47) DPrate Decision
3.4596 1.8046 0.0033 H, is rejected

Table 3 shows that the calculated F| statistic satisfies F, =3.4596 > F| ) =1.8046 and

0.9,8,47
DPoane =0.0033 < =0.1. Therefore, it can be concluded that the predictor variables collectively exert a

statistically significant influence on the food security index. Next, a partial significance test of the MLR
model parameters is carried out using the following hypotheses:

H, B, =03 k=1,2,3,4,5

H, B %05 k=1,2,3,4,5

The test statistic f, is defined in Equation (6), and the results of the calculations using R software are
presented in Table 4.
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As shown in Table 4, average years of schooling for women aged 15 years and above and ratio of
population per health worker relative to population density are found to have a statistically significant

effect on the food security index. This is evidenced by the test statistics satisfying |f,| > Li0.95.47 =1.6779

and p, . <a=0.1.

Table 4. Results of the partial parameter test of the Multiple Linear Regression (MLR) Model

Parameter |t1 | Pratue Decision

B 0,335 0,7390 H, is not rejected
B, 0,775 0,4423 H, is not rejected
B 1,351 0,1833 H, is not rejected
B, 2,045 0,0464 H, is rejected

B 0,009 0,9932 H, is not rejected
Bs 2,545 0,0143 H, is rejected

yen 0,305 0,7619 H, is not rejected
By 0,091 0,9279 H, is not rejected

3.4. Homoscedasticity Test

The homoscedasticity assumption is tested using the Glejser test as a prerequisite for proceeding to
spatial modeling. The hypotheses of the Glejser test are formulated as follows.

H

0

H

1

L2 2 2 2
10, =0,=...=04 =0

2 2 .
atleastone oy 2o~ ; i=1,2,K,56

The Glejser test statistic is calculated based on Equation (7), and the corresponding results obtained
from R software are shown in Table 5.

Table 5. Results of the Glejser Test

G F20'9’8’47) Pratve Decision
2,571 1.8046 0,0205 H, is rejected

Table 5 shows that the calculated statistic G=2.571>FE )=1.8046 and

0.9,8,47
Poare = 0.0205 < = 0.1. Therefore, it can be concluded that heterogeneity exists in the error terms. The

existence of heterogeneity in the error terms suggests that the response variable also exhibits
heterogeneous behavior. Therefore, spatial analysis is conducted using the GWR model.

3.5. MLR Spatial Autocorrelation Test

The Moran's I test conducted on the MLR residuals yielded a value of -0.0009 with a p_,  of
0.4239, indicating that the null hypothesis of no spatial autocorrelation cannot be rejected. While this
suggests that the residuals are spatially random, the absence of spatial autocorrelation does not preclude
the presence of spatial heterogeneity in the relationships between variables a phenomenon that global
regression models such as MLR are unable to capture [6]. This provides further justification for the
application of GWR in the subsequent analysis.

3.6. Geographically Weighted Regression (GWR) Modeling

The GWR model formulated for the food security index data, derived from Equation (10), is
expressed as follows:

Page 53



Examining the Local...|Meirinda Fauziyah, et al.
yi =5 (ui’vi ) +p (”f:"i )xil + /5, (ui’vi )xiZ + fs (ui’vi )xi3 +p, (ui’vi )xm + fs (ui’vi )xiS

+p3, (ui,vl.)xié + 5, (u,.,v,.)xl.7 + B (ul.,vl.))cl.8 +¢ ;i=1,2,..,56
The parameter estimation process in the GWR model begins with the calculation of the Haversine
distance using Equation (13). Next, the optimal bandwidth is selected through the Gaussian kernel
weighting function based on the CV criterion in Equation (14). Once the optimal bandwidth is obtained
and the spatial weighting matrix is formed, the GWR parameters are estimated using the WLS method
as specified in Equation (15). This process results in local GWR models for each regency/city in
Kalimantan Island, producing a total of 56 local models. One example of the estimated GWR models is
for Murung Raya Regency. (i = 27).

Py =77.4897—-0.2611x,,, +0.1108x,,, —0.9768x,, ; —0.1670x,, , —0.3322x,, ; —0.4288x,, ,

+0.1459x,, ., +0.0156x,,,

(23)

24

3.7. Model Adequacy Test for Geographically Weighted Regression (GWR)

The hypotheses for testing the model adequacy of the GWR model against the MLR model can be
stated as follows:

H, : ,Bk(ui,vi)zﬁk ; k=12,...,5and i=1,2,K ,56
H, :ﬁk(ui,vi);tﬁk s k=12,...,5and i=1,2,K ,56

The F~ test statistic is expressed in Equation (16), and the results obtained using R software are
presented in Table 6.

Table 6. Results of the GWR Model adequacy test

. ..
F FEOA9,9,8430,37A1570) Dratue Decision

2.1104 1.7800 0.0493 H, is rejected

Table 6 shows that the calculated F =2.1104> FE )= 1.7800 and the

Poare =0.0493 < =0.1, indicating that the MLR model and the GWR model are not identical.

Therefore, the GWR model is appropriate for modeling the food security index across regencies/cities
in Kalimantan Island.

0.9,9.8430,37.1570

3.8. Simultaneous Significance Testing of GWR Model Parameters

The hypotheses for simultaneous significance testing of the GWR model parameters can be stated
as follows:

H, : ,81(ul,vl):ﬂz(ul,vl):...:ﬂé(usﬁ,v56)=0

H, : at least one [, (ui,v,.) #0; k=12,3,45and i=12,...,56

The F, test statistic is defined in Equation (17), and the corresponding results calculated using R
software are shown in Table 7.

Table 7. Results of the simultaneous significance testing of GWR Model parameters

F, FEO.9,54.1062,41.8159) Praive Decision

1.8543 1.4667 0.0200 H, is rejected

As presented in Table 7, the computed F,=1.8543>F

(0.9,54.1062,41.8159)

=1.4667 and the

Prae =0.0200 <2 =0.05, indicating that the predictor variables collectively exert a statistically
significant effect on the response variable.

Page 54



Jurnal Aplikasi Statistika & Komputasi Statistik, Vol.18(1), pp 44-60, June 2026
3.9.  Partial Significance Testing of GWR Model Parameters

The hypotheses for the partial significance test of the GWR model parameters are formulated as
follows:

H, :B(u,v,)=0; k=1,2,K,5 and i =1,2,K 56

H, : ﬂkgui,vi;;to ; k=1,2,K,5 and i =1,2,K 56

The ¢, test statistic is formulated in Equation (18), and the outcomes of the partial significance test of
the GWR parameters for Murung Raya Regency (i = 27) are displayed in Table 8.

Table 8. Results of the partial significance testing of GWR Model parameters

Parameter |t2 | Praiue Decision

B (“27 ,v27) 0.4206 0.6762 H, is not rejected
b (u27,v27) 0.6695 0.5069 H, is not rejected
B (“279"27) 1.2671 0.2121 H, is not rejected
By (11y,,v5,) 2.3993 0.0210 H, is rejected

Bs (u27,V27) 0.2288 0.8202 H, is not rejected
B (u27,v27) 2.9485 0.0052 H, is rejected

By (ty7,v7) 02135 0.8320 H, is not rejected
By (t1y7,v7) 0.1126 0.9109 H, is not rejected

Based on Table 8, it can be concluded that the variables significantly influencing the food security
index in Murung Raya Regency (i = 27) are average years of schooling for women aged 15 years and
above and ratio of population per health worker relative to population density.

The classification of GWR models across all observation locations, based on the significant
predictor variables, is illustrated through a thematic map showed in Figure 2.

GWR Model Grouping
¥4

] x3xe

] 4.%8

[ x4.x7

B X5.%7

[ %1,%5,%7

I 3,x4, %6

W x4,%5.%7

e

Figure 2. Thematic map of GWR Model grouping

As illustrated in Figure 2, the GWR models for regencies and cities across Kalimantan Island can
be classified into eight groups based on the variables that exert a significant influence on the food
security index. Each category is indicated by a blue color gradient, ranging from white to dark blue. For
instance, regencies/cities colored in dark blue represent GWR models where the significant factors
affecting the food security index include average years of schooling for women aged 15 years and above,
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percentage of households without access to clean water, and percentage of stunted children under five.
The representative model for this group is the GWR model of Ketapang Regency, Melawi Regency,
Kayong Utara Regency, Kotawaringin Timur Regency, Penajam Paser Utara Regency, and Balikpapan
City.

Three components of the Food Security Index were found to be statistically insignificant across all
locations in Kalimantan, namely the percentage of population below the poverty line (X : ) , the
percentage of stunted children under five (X ; ) , and life expectancy at birth (X s ) , with local
coefficients of -0.229, 0.230, and 0.014 and p-values of 0.739, 0.762, and 0.928 respectively.

The non-significance of X, may be attributed to its conceptual overlap with X, , the percentage of
households with food expenditure proportion exceeding 65% of total expenditure. Both variables
capture dimensions of household economic deprivation, and their high degree of conceptual similarity
may have caused the contribution of X, to be absorbed by X, in the local model estimation, rendering
X, statistically redundant. This is consistent with the notion that poverty and food expenditure burden
are closely interrelated phenomena, particularly in the context of Kalimantan where economic
vulnerability tends to manifest simultaneously across multiple dimensions.

The non-significance of X, (percentage of stunted children under five) is theoretically
interpretable, as stunting is more appropriately regarded as a long-term outcome of chronic food
insecurity and malnutrition rather than a direct component that drives the Food Security Index. Its
relationship with the index may therefore be indirect and mediated by other variables, reducing its
explanatory power in the local regression framework.

Similarly, the non-significance of X, (life expectancy at birth) may reflect the fact that life
expectancy is a broad health outcome influenced by a wide range of factors beyond food security alone,
including healthcare quality, environmental conditions, and genetic factors. Its relationship with the
Food Security Index may therefore be too distal and non-specific to yield statistically meaningful local
estimates across all regencies and cities in Kalimantan. Nonetheless, the retention of these three
components in the model is justified by their status as official indicators of the Food Security and
Vulnerability Atlas [3], and their non-significance itself constitutes a meaningful finding that warrants
attention in future research.

3.10. GWR Spatial Autocorrelation Test

To validate the GWR model, the Moran's I test was repeated on the GWR residuals, yielding a
value of -0.0611 with a p-value of 0.6791. The null hypothesis of no spatial autocorrelation cannot be
rejected, confirming that the GWR model has adequately accounted for the spatial structure in the data
and that the residuals do not exhibit systematic spatial patterns. The GWR model is therefore considered
appropriate for this study.

3.11. Interpretation of the GWR Model

The interpretation is conducted for a single GWR model using only the significant predictor
variables. As an example, the GWR model for the observation in Murung Raya Regency (i = 27) is
presented as follows:

Py =77.4897-0.2611x,,, +0.1108x,, , =0.9768x,,, —0.1670x,, , —0.3322x,, ; —0.4288x,, ¢
+0.1459x,,, +0.0156x,, 4

Murung Raya recorded the lowest Food Security Index value in Kalimantan at 51.29, placing it in
the highly vulnerable category. The local GWR model for this regency identified two statistically
significant components at o = 0.1, namely average years of schooling for women aged 15 years and
above (X 4) and the ratio of population per health worker relative to population density (X 6), with
local coefficients of -0.167 and -0.429 respectively. The negative coefficient of X, is consistent with
theoretical expectations, suggesting that a higher population-to-health worker ratio in densely populated
areas is associated with reduced food security, likely reflecting limited access to health services that
support nutritional status and overall household welfare.

(25)

However, the negative coefficient of X, contradicts the theoretical expectation that higher
educational attainment among women would positively contribute to food security. This anomaly may
be explained by the phenomenon of educational out-migration, whereby women with higher levels of
education tend to migrate to urban centers such as Palangkaraya in search of better employment
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opportunities, leaving behind households that are more economically vulnerable and food insecure.
Furthermore, in a remote region such as Murung Raya, higher educational attainment does not
necessarily translate into improved household income due to the severe scarcity of formal employment
opportunities, resulting in a mismatch between education and local labor market conditions.

Among the non-significant components, X, (percentage of households with food expenditure
proportion exceeding 65% of total expenditure) and X, (percentage of stunted children under five)
exhibited positive coefficients of 0.111 and 0.146 respectively, contrary to theoretical expectations. The
anomalous direction of X, may reflect the unique subsistence economy of Murung Raya, where a high
proportion of food expenditure does not necessarily indicate food insecurity, as households may
supplement their food needs through subsistence farming and forest resources, thereby maintaining food
availability despite high expenditure proportions. The positive coefficient of X, may be attributed to
the endemic nature of stunting in this region, where stunting is more closely associated with long-term
sanitation and child-feeding practices rather than current food availability conditions, rendering its
relationship with the Food Security Index less straightforward in this specific context.

Similar spatial variation in coefficient signs was also observed across other regencies and cities in
Kalimantan, further confirming the presence of spatial heterogeneity in the relationships between food
security index components and the overall index, a pattern that would not have been detectable using
global regression models.

3.12. Model Evaluation

Model evaluation measures used in this study are the coefficient of determination (Rz) and the

Mean Squared Error (MSE). The obtained values of R* and MSE are presented in Table 9.
Table 9. Model evaluation

Model R? MSE
RLB 37.06% 60.0609
GWR 59.63% 38.5241

As shown in Table 9, it can be concluded that the GWR model demonstrates superior performance in
modeling the food security index across regencies and cities in Kalimantan Island when compared to
the MLR model. This is evidenced by the higher coefficient of determination (R?) and the lower Mean
Squared Error (MSE) of the GWR model relative to the MLR model.

4. Conclusion

This study examined the local effects of Food Security Index components across 56 regencies and
cities in Kalimantan Island using Geographically Weighted Regression with Haversine distance and
adaptive Gaussian kernel weighting. The results confirm that the GWR model outperforms the MLR

model, as evidenced by a higher coefficient of determination (R2 = 59.63%) and a lower Mean Squared
Error (MSE = 38.5241), indicating that accounting for spatial heterogeneity substantially improves
model fit.

The GWR models across Kalimantan Island can be classified into eight distinct groups based on
the components that significantly influence the Food Security Index at each location. Among all

components, the ratio of population per health worker relative to population density (X 6) and average
years of schooling for women aged 15 years and above (X 4) emerge as the most spatially dominant,

being significant in 45 and 43 regencies and cities respectively. This finding underscores that access to
health services and female educational attainment are the two most critical dimensions of food security

across Kalimantan. Three components percentage of population below the poverty line (Xl),

percentage of stunted children under five (X ; ), and life expectancy at birth (X 8) were not statistically
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significant across any location, suggesting that their contributions to the Food Security Index are
mediated by other components or reflect long-term outcomes rather than direct drivers.

From a policy perspective, the spatial dominance of (X 6) across 45 regencies and cities suggest

that improving the distribution and availability of health workers particularly in remote inland areas
should be a priority intervention for strengthening food security across Kalimantan. Special attention
should be directed toward the five most vulnerable regencies, namely Murung Raya, Melawi, Mahakam
Ulu, Gunung Mas, and Lamandau, where food security conditions remain critically low. In these areas,
targeted programs addressing female education, healthcare access, and household economic resilience
are recommended, given the unique local characteristics that distinguish these regions from the rest of
Kalimantan.

This study has several limitations that should be acknowledged. First, the use of cross-sectional
data limits the analysis to spatial variation at a single point in time and does not capture temporal
dynamics in food security conditions. Future research is encouraged to employ spatio-temporal
approaches such as Geographically and Temporally Weighted Regression (GTWR) when longitudinal
data become available. Second, the retention of three statistically non-significant components warrants
further investigation into alternative indicators that may better capture the dimensions of food security
not explained by the current model. Third, future studies may also consider incorporating additional
external variables such as agricultural productivity, infrastructure accessibility, and climate-related
factors to provide a more comprehensive understanding of the determinants of food security across
Kalimantan.
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ARTICLE INFO Abstract

Article history: Introduction/Main Objectives: Crime remains a significant social issue
Received 4 May, 2026 influenced by socio-economic factors and exhibiting spatial variation,
Revised 15 June, 2026 particularly in North Sumatra Province, which recorded the highest number of
Accepted 25 June, 2026 criminal cases in Indonesia in 2024. This study aims to identify significant
Published 30 June, 2026 factors affecting crime and examine the spatial variation of their effects across

districts/cities in North Sumatra. Background Problems: Global regression
models often fail to capture crime patterns due to overdispersion and spatial
Keywords: heterogeneity, leading to inconsistent relationships across regions. Novelty:
Crime Cases; Geographically This study employs Geographically Weighted Generalized Poisson Regression
Weighted Generalized Poisson (GWGPR), which simultaneously addresses overdispersion and spatial
Regression; North Sumatra; heterogeneity, providing a more robust localized analysis than global models.

Overdispersion; Spatial Research Methods: Using secondary data from 33 districts/cities in North
Heterogeneity; Spatial Sumatra, the variables include population density, open unemployment rate,
Modeling mean years of schooling, and Gini ratio. The analysis involves Poisson

regression, dispersion testing, Generalized Poisson Regression, spatial
heterogeneity testing, and GWGPR. Finding/Results: The significant factors
affecting crime are the open unemployment rate, mean years of schooling, and
population density, while the Gini ratio is not significant. Limitation: This
study is limited by the use of data covering only the year 2024 and a limited
set of socio-economic variables, which may not fully capture all factors
associated with crime.

1. Introduction

Crime remains a major social problem in both developed and developing countries because it
threatens public security, social stability, and community welfare [1]. Various types of crime, such as
theft, robbery, fraud, assault, and property-related offenses, continue to occur in many regions. In
Indonesia, North Sumatra is one of the provinces with a relatively high crime rate. According to data
from the National Criminal Information Center of the Indonesian National Police, North Sumatra
recorded 53,897 criminal cases in 2024, the highest number among all provinces in Indonesia [2]. This
condition highlights the need for effective policy interventions to address crime in North Sumatra.

Crime is influenced not only by individual behavior but also by socio-economic conditions. From a
theoretical perspective, crime can be explained through several socio-economic theories. Social

Copyright: © 2026 by the authors.
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Disorganization Theory suggests that areas characterized by high population concentration tend to
experience weaker informal social control and greater opportunities for criminal activities because
increased social interaction and urban concentration may reduce the effectiveness of community
supervision [3]. Consistent with this theory, previous studies have reported that population density has
a significant effect on crime rates, as densely populated areas increase social interaction and competition
for resources [4]. Furthermore, Economic Theory of Crime argues that individuals make rational
decisions by comparing the expected benefits and costs of legal and illegal activities. Under unfavorable
economic conditions, such as unemployment and limited access to formal employment opportunities,
individuals may face stronger incentives to engage in criminal behavior [5]. Consistent with this
argument, empirical evidence suggests that open unemployment contributes to increased criminal
behavior due to economic pressure and limited job opportunities [6]. Consequently, the open
unemployment rate is considered an important explanatory variable.

Human Capital Theory also emphasizes that education improves skills, legal awareness, and
employment opportunities, thereby reducing the likelihood of criminal involvement [ 7]. Consistent with
this theory, education level, represented by mean years of schooling, is expected to influence crime
rates. As reported in [8], mean years of schooling is associated with lower crime rates, potentially due
to improved legal awareness and broader economic opportunities. In addition, Relative Deprivation
Theory proposes that income inequality may generate perceptions of social injustice and economic
exclusion that encourage criminal behavior [9]. Consistent with this perspective, previous studies have
shown that income inequality, measured by the Gini ratio, can lead to social dissatisfaction and increase
incentives for criminal behavior [10], [11]. Based on these theoretical arguments and previous findings,
population density, open unemployment rate, mean years of schooling, and income inequality are
hypothesized to influence crime in this study.

Given the theoretical and empirical evidence discussed above, the selection of population density,
open unemployment rate, mean years of schooling, and the Gini ratio is particularly relevant to North
Sumatra. These variables represent key demographic, labor market, educational, and inequality
dimensions that have been widely associated with crime in previous studies. Since socio-economic
conditions differ across regions, the relationships between crime and socio-economic factors may
exhibit geographical variation and spatial dependence [12]. Consequently, the effects of these socio-
economic factors are unlikely to be uniform across locations, and both the magnitude and direction of
their relationships with crime may vary spatially [12], [13]. Therefore, a local modeling approach is
more appropriate than a global model for capturing the heterogeneous relationships between crime and
the factors influencing it across districts and cities [14]. However, spatial heterogeneity is not the only
characteristic that should be considered when modeling crime data.

In addition to spatial heterogeneity, the number of criminal cases also exhibits count-data
characteristics that should be considered when selecting an appropriate statistical model. Crime data,
specifically the number of criminal cases, are classified as count data. Poisson regression is commonly
used for modeling count data. However, it assumes equidispersion, where the variance equals the mean.
In practice, crime data often exhibit overdispersion or underdispersion, leading to inefficient estimation
and biased statistical inference [15]. Generalized Poisson Regression (GPR) can address this limitation
because it includes an additional dispersion parameter [16]. However, GPR is a global model that
assumes identical relationships across all regions. This assumption may be unrealistic in practice, as
districts and cities in North Sumatra have different socio-economic characteristics, indicating spatial
heterogeneity.

To simultaneously accommodate dispersion and spatial heterogeneity, this study applies
Geographically Weighted Generalized Poisson Regression (GWGPR). This method enables local
parameter estimation for each district and city while handling dispersion in count data. Previous studies
have shown that GWGPR performs better than Poisson regression and GPR models in spatial count-
data applications [17], [18]. However, no study has specifically applied GWGPR to district-level crime
data in North Sumatra. Therefore, this study aims to model criminal cases, identify significant factors
influencing crime, and map their spatial variation across districts and cities in North Sumatra in 2024
using GWGPR.
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2. Material and Methods
2.1. Poisson Regression
Poisson regression is commonly used for modeling count data, where the response variable is discrete
and assumed to follow a Poisson distribution. A discrete random variable Y follows a Poisson

distribution with parameter y if it has the following probability mass function [19]:

e_l‘l y

P(Y=ylu)= y=012,.. (D

y

Suppose that ¥; ~ Poisson(y;), for i = 1,2, ...,n. The Poisson regression model uses the natural
logarithm as the link function to relate the expected value of Y; to explanatory variables x;. The model
can be written as:

In(E(Y) = x{B )

or equivalently,
E(Y) = u; = exp(x{ B) 3)
where X; = [1 xj; Xjp ... xi]” is the predictor vector and B = [By 1 B2 .. Bil” is the parameter

vector.

Parameter estimation in Poisson regression is performed using Maximum Likelihood Estimation
(MLE), with the likelihood function given by:
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where y; = eXi B,

2.2. Multicollinearity

Multicollinearity refers to the presence of high correlation among predictor variables, where one
predictor variable can be linearly explained by other predictors. The detection of multicollinearity can
be carried out using the Variance Inflation Factor (VIF), which is defined as follows [20]:

VIF; =

1
2’j=112l"'1k (5)
1-R;
where R].2 is the coefficient of determination obtained by regressing the j-th predictor on the remaining

predictors. Variables with VIF values greater than 5 indicate multicollinearity.
2.3. Dispersion Test

Poisson regression assumes equidispersion, meaning that the mean equals the variance of the
response variable. Violation of this assumption may lead to overdispersion or underdispersion, which
can result in inefficient parameter estimation and biased standard errors. To detect dispersion, the
deviance and Pearson chi-square statistics are compared with their respective degrees of freedom [21].
The dispersion statistics are defined as follows:

b =77 D =2i(yiln(§)—<yi—m)) ©)
i=1 t
b=L = > i ™)
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where df = n — k — 1, n is the number of observations, and k is the number of predictor variables.
The variable y; denotes the observed value, while fi; represents the predicted value. The dispersion
condition is assessed based on the value of ¢. A value of ¢ < 1 indicates underdispersion, ¢ = 1
indicates equidispersion, and ¢ > 1 indicates overdispersion.

2.4. Generalized Poisson Regression (GPR)

Generalized Poisson Regression (GPR) is an extension of the Poisson regression model used to
analyze count data that do not satisfy the equidispersion assumption. This model introduces an additional
dispersion parameter (¢) to accommodate both overdispersion and underdispersion [22]. The probability
mass function of the generalized Poisson distribution is given as follows:

.)_( K )yi(1+¢yi)”‘1 o[t 9y
Y01+ ¢u vl P T om

where y; = 0,1,2,... , u; = e lB and ¢ is the dispersion parameter. The mean and variance are given
by:

P(Y; = (8)

E(Y) = p, Var(Y) = (1 + dp)?
Parameter estimation in the GPR model is performed using Maximum Likelihood Estimation
(MLE). The likelihood function of the GPR model is given by:

n

we Vi py)it ( pi(1+ ¢}’i)>
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Simultaneous testing of model parameters is performed using the Maximum Likelihood Ratio Test

(MLRT). The hypotheses are defined as follows [23]:

Hy: By =B, ==B=0

H; : atleast one [3]- 0;j=12,..,k

The test statistic is given by:

. L(®) A ~
D(f) = —2In (L(%) = 2[In L(@) — In L(®)] (10)

where L(®) is the likelihood of the restricted model without predictors, and L(ﬁ) is the likelihood of
the full model. The decision rule is to reject H, if D(ﬁ) > )((Zoc,k).

Partial parameter testing is performed using the Wald test [24]. The hypotheses are:
Hy: Bj=0,j=12,..k
Hy: Bj#0,j=12,..,k

The test statistic is given by:
N 2

B <5Eﬂ(%j)> a

where ; 1s the estimated parameter and SE (ﬁj) is its standard error. The decision rule is to reject H if
W>x (2°<:1)'

2.5. Spatial Heterogeneity

Spatial heterogeneity is a condition in which the relationships between variables in a regression
model vary across observation locations. The presence of spatial heterogeneity is assessed using the
Breusch—Pagan (BP) test, with the following hypotheses:

Hyol=ci=-=0t=0
H,: at least one aiz #0% i=12,..,n

The Breusch—Pagan (BP) test statistic is defined as:

BP = (%) £72(27Z)~1 27§ (12)
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The elements of vector f are defined as f; = (2—‘2 - 1) where & = y; — ¥;,and Z is an n X (2k + 1)
matrix consisting of a constant term and interaction terms between predictor variables x;; and spatial
coordinates (u v;), namely x;;u;and x;;v;. The decision rule is to reject Hy if BP > )((Za'd ) Where a is
the significance level, df = 2k and k is the number of predictors variables.

2.6. Spatial Weight Matrix

Spatial variability across locations is represented through the construction of a spatial weight matrix
W. Each element of the matrix is defined based on the Euclidean distance between locations. In
GWGPR, the spatial weight matrix is constructed using kernel functions that assign weights to
neighboring observations according to their spatial proximity to a target location. Observations located
closer to the target location receive larger weights, whereas observations located farther away receive
lower weights. The weighting process is controlled by a bandwidth parameter, which determines the
spatial extent of neighboring observations involved in local parameter estimation. The choice of
bandwidth is important because it affects the balance between local and global information and
influences the accuracy of model estimation [14].

Kernel functions can generally be classified into fixed kernels and adaptive kernels. Fixed kernels
use a constant bandwidth for all locations, meaning that neighboring observations are weighted based
on a fixed geographical distance. Consequently, the number of neighboring observations included in
each local model may vary across locations. In contrast, adaptive kernels use a variable bandwidth that
adjusts according to the spatial distribution of observations. As a result, the number of neighboring
observations remains relatively constant, while the geographical distance represented by the bandwidth
may vary across locations. Therefore, the choice of kernel function depends on the spatial characteristics
of the data [14]. In the GWGPR model, several commonly used kernel functions are as follows:

a. Fixed Gaussian
1(d;\’
Wi = exp <_E<T> ) (13)
1(d;\’
d.\2\
hut? ) .
N (A N

b. Adaptive Gaussian

c. Fixed Bisquare

0, dij > h
d. Adaptive Bisquare
2\ 2
1- @ d;i < h;
Wij = hj ’ =" (16)
0 , dl] > h]

The variable d;; represents the Euclidean distance between location i and j, defined as :

dij = \/(ui - Uj)z + (Ui - Uj)z (17)
where (u;, v;) denotes the geographical coordinates (latitude and longitude) of location i. The parameter
h represents the bandwidth, which determines the spatial range of neighboring observations influencing
local parameter estimation. For adaptive kernels, the bandwidth varies across locations and is denoted
by h;. The selection of an optimal bandwidth is crucial because it affects model accuracy as well as the
bias—variance trade-off in local estimation [14].

The optimal bandwidth can be determined using the Cross-Validation (CV) method, which is defined
as follows [14]:
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n
. 2
eV = (i = 9uiW) (18)
i=1

where ¥..;(h) is the estimated value of y; obtained by excluding the observation at location (u;,v;), and
n is the number of observations. The optimal bandwidth is selected by minimizing the CV value, where
a smaller CV value indicates better predictive performance[14].

2.7. Geographically Weighted Generalized Poisson Regression (GWGPR)

Geographically Weighted Generalized Poisson Regression (GWGPR) model is an extension of the
Generalized Poisson Regression model that allows parameter estimates to vary across locations. In this
model, the regression coefficients are estimated locally for each observation point based on its
geographical coordinates (u;, v;). The GWGPR model for the i-th location using the log-link function
is expressed as:

ni = g(u;) = In(uy) = x{ B(u;,v;)
wi=g"'(;) = exp (xiTﬁ(ui,vi)) (19)
Parameter estimation in the GWGPR model is carried out using Maximum Likelihood Estimation
(MLE) method. The likelihood function is given by [10]:

- ! )it —u;(1 i
1)) = | [ () e [ OO 20)

= 1+ ou; yi! 1+ ou;

where u; = exp(xiTB(ui, vl-))
Simultaneous testing of model parameters is conducted using the Maximum Likelihood Ratio Test
(MLRT), with hypotheses [23]:

Hy : By(u,vy) = Bo(uy,vy) = - = Br(uy,v) =0
H : atleastone f;(u;,v;) #0; j =1,2,...,k
The test statistic is defined as:

L(®)

D (ﬁ(ui,vi)) =—2In (L(ﬁ)

where L(®) is the likelihood of the restricted model without predictors, and L(ﬁ) is the likelihood of
the full model. The decision rule is to reject H, if D(ﬁ) > )((Zoc,k).

> =2[In L(2) — In L(®)] (21)

Partial testing of parameters is conducted using the Wald test [24]. The hypotheses are:
Hy: Bj(u,v) =0, j=12,..,k i=12,..,n
Hy : ﬁj(ui,vi) 0, j=12,...,k; i=12,..,n

The test statistic is given by:
N 2
. u.’ v.
W = (—ﬂk( L) > (22)
SE(B;(ui, vi))
where ﬁ’j (u;, v;) is the estimated regression coefficient at location (u;, v;), and SE (ﬁj (ui,vi)) is its
standard error. The decision rule is to reject Hy if W > )((20(;1).

2.8. Data Source

This study uses secondary data from 33 districts/cities in North Sumatra Province, Indonesia,
consisting of 25 regencies and 8§ cities. Crime data for 2024 were obtained from the National Criminal
Information Center of the Indonesian National Police (Pusiknas Polri), while predictor variables were
obtained from Statistics Indonesia (BPS) of North Sumatra Province. The variables used in this study
are summarized in Table 1.
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Table 1. Research variables

Variable Description Unit

Y Number of criminal cases Cases

X Population density Persons/km?
X, Open unemployment rate Percent

X5 Mean years of schooling Years

X4 Gini ratio Index

2.9. Analysis Steps

The data analysis is performed using R and GeoDa software. The analytical procedure is carried out as
follows:

1.

Descriptive Analysis

Descriptive statistics are computed to describe the characteristics of criminal cases in North
Sumatra Province in 2024, along with the factors suspected of influencing them.

Multicollinearity Detection

Multicollinearity among predictor variables is assessed using the Variance Inflation Factor (VIF)
based on equation (5). A predictor variable is considered to exhibit multicollinearity if VIF > 5.
Variable selection is performed by removing predictors with high VIF values or strong correlations
until a set of independent variables is obtained.

Poisson regression Modeling

(a) Estimating the Poisson regression model parameters using the Maximum Likelihood
Estimation (MLE) method based on equation (4).

(b) Conducting dispersion testing using equations (6) and (7) to identify overdispersion or
underdispersion. If no dispersion issues are detected, the Poisson regression model is
considered adequate; otherwise, the analysis proceeds to Generalized Poisson Regression
(GPR).

Generalized Poisson Regression Modeling

(a) Estimating the GPR model parameters using the MLE method based on equation (9).

(b) Testing parameter significance simultaneously using the Maximum Likelihood Ratio Test
(MLRT) (10) and partially using the Wald test (11).

Spatial Heterogeneity Testing

Spatial heterogeneity is tested using the Breusch—Pagan test based on equation (12). If spatial

heterogeneity is detected, the analysis proceeds to Geographically Weighted Generalized Poisson
Regression (GWGPR) modeling; otherwise, the GPR model is considered sufficient.
Geographically Weighted Generalized Poisson Regression Modeling

(a) Calculating the Euclidean distance between observation locations based on geographic
coordinates (latitude and longitude) using equation (17).

(b) Determining the optimum bandwidth for the kernel weighting function using the Cross-
Validation (CV) method (18).

(¢) Constructing the weighting matrix with the selected kernel function using equations (13), (14),
(15), and (16).

(d) Estimating the GWGPR model parameters using the MLE method based on equation (20).

(e) Testing parameter significance simultaneously using the MLRT (21) and partially using the
Wald test (22).

3. Results and Discussion

3.1

. Descriptive Analysis

Descriptive statistics of the number of criminal cases and the factors presumed to influence them in

North Sumatra Province in 2024 are presented in Table 2, while the spatial distribution of criminal cases
is illustrated in Figure 1.
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Table 2. Descriptive statistics of research variables

Variable Min Max Mean Std Dev
Y 13 16,791 1,488.394 2,872.636
X 41.16 8,902.16 1,159.908 2,221.838
X, 0.89 8.13 4.358 2.372

X5 6.4 11.82 9.503 1.322

X, 0.206 0.356 0.259 0.040

Based on Table 2, the average number of criminal cases across districts/cities in North Sumatra in
2024 is 1,488.39, with a large standard deviation (2,872.64) and a wide range from 13 to 16,791 cases,
indicating substantial variation across regions. This pattern is evident in Figure 1, which shows that
Medan City records the highest number of cases, while Gunungsitoli City has the lowest. In particular,
criminal cases are concentrated in the administrative and economic center of the province, especially in
Medan City, as reflected by the darker orange color, while variations in color gradation suggest that
crime is not evenly distributed across districts/cities in North Sumatra.

Jumlah
[13 : 487] (11)
| |[589:1207] (11)

B (1233 - 16791) (11)

Figure 1. Spatial distribution of the number of criminal cases in North Sumatra

3.2. Multicollinearity Testing

Multicollinearity among predictor variables is assessed using the Variance Inflation Factor (VIF),
with a threshold of VIF < 5. The results are presented in Table 3.

Table 3. VIF values of predictor variables
Predictor Variable (X) X, X, X5 X,
VIF Values 4.18 2.46 1.90 3.26

The VIF values in Table 3 indicate that all predictor variables have values below 5. This suggests
that there is no multicollinearity among the predictors, and all variables can be included in the
subsequent modeling analysis.

3.3. Poisson Regression Modeling

An initial analysis was conducted using Poisson regression, since crime data is count data. Based
on the estimated parameters, the Poisson regression model is expressed as follows:
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A = exp(4.286 + 0.0001193X; + 0.2577X, + 0.007367X5 + 4.772X,) (24)

The Poisson regression model assumes equidispersion, meaning that the mean equals the variance.

To assess this assumption, dispersion testing was performed by comparing the deviance and Pearson

chi-square statistics to their respective degrees of freedom. The results are presented in Table 4.

Table 4. Dispersion test result for Poisson Regression Model

Method Statistic df Ratio (Statistic/df)
Deviance 29,126.71 28 1,040.24
Pearson Chi-Squares 26,274.17 28 938.36

As shown in Table 4, both the deviance ratio and the Pearson chi-square ratio are substantially
greater than 1. This indicates the presence of overdispersion, where the variance exceeds the mean.
Consequently, the Poisson model is not appropriate for this data, and an alternative model that can
accommodate overdispersion, such as Generalized Poisson Regression (GPR), is required.

3.4. Generalized Poisson Regression Modeling

Following the detection of overdispersion in the Poisson model, the analysis proceeds with
Generalized Poisson Regression (GPR). Using the Maximum Likelihood Estimation (MLE) method, the
model parameters were estimated, resulting in the following equation:

A = exp(5.880 + 0.00001348X; + 0.1778X, + 0.2753X; — 8.171X,) (25)

To evaluate the reliability of the model, parameter significance was assessed both simultaneously
and partially. The simultaneous test was conducted using the Maximum Likelihood Ratio Test (MLRT)
with the following hypotheses:

Hy: B1=B,=PB3=B,=0
Hy : atleastone f; # 0;j = 1,2,3,4
The test produced a deviance value of 21.0627, which exceeds the critical chi-square value of

)((20’05’.4) = 9.4877. Therefore, the null hypothesis (Hy) is rejected, indicating that at least one predictor

variable significantly affects the response variable.
Furthermore, the significance of individual predictors was examined using the Wald test. The
hypotheses are defined as:

Hy: Bj=0,j=1234

Hy: Bj#0,j=1234

The results of the Wald test are presented in Table 5.
Table 5. Wald Test results for the GPR Model

Parameter Wald Value (W) )((20, 05:1) Conclusion
B1 0.031 3.841 Not Significant
B 7.272 3.841 Significant
B 4,718 3.841 Significant
Ba 2.750 3.841 Not Significant

As shown in Table 5, the open unemployment rate (X, ) and mean years of schooling (X3) have Wald
statistics greater than the critical value of 3.841. Therefore, the null hypothesis (H,) is rejected for these
variables, indicating that they have a statistically significant effect on the number of criminal cases. In
contrast, population density (X;) and the Gini ratio (X,) have Wald statistics less than the critical value.
Thus, the null hypothesis fails to be rejected for these variables, implying that they do not have a
statistically significant effect in the model.
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3.5. Spatial Heterogeneity Testing

Spatial heterogeneity testing was conducted to determine whether the relationship between predictor
variables and the number of criminal cases is consistent across locations or varies spatially. Spatial
heterogeneity was assessed using the Breusch—Pagan (BP) test with the following hypotheses:

Hy ol =0cf=-=0%=0
Hy: at least one 6 # 02, i = 1,2,..,33

The analysis produced a BP statistic value of 25.7462, which exceeds the critical chi-square value
of )((20,05,.8) = 15.507. Therefore, the null hypothesis (H,) is rejected, indicating the presence of spatial
heterogeneity in the data. This result implies that the relationships between predictor variables and
criminal cases vary across districts/cities in North Sumatra. Consequently, the GPR model is considered
inadequate, and the Geographically Weighted Generalized Poisson Regression (GWGPR) model is
employed to account for spatial variation and to provide location-specific parameter estimates.

3.6. Geographically Weighted Generalized Poisson Regression Modeling

The significance of spatial heterogeneity, as identified by the Breusch—Pagan test, indicates that the
relationship between predictor variables and the number of criminal cases varies across locations.
Therefore, the GPR model is insufficient because it assumes that the effects of explanatory variables are
constant across all locations. To accommodate both spatial heterogeneity and overdispersion in count
data, the Geographically Weighted Generalized Poisson Regression (GWGPR) model is employed.

The GWGPR modeling process begins by calculating the Euclidean distance between observation
locations using geographical coordinates (longitude and latitude). These distances are subsequently used
to construct a spatial weight matrix that reflects the influence of neighboring observations on local
parameter estimation. The weighting structure is determined through a kernel function and an associated
bandwidth parameter. The optimal bandwidth is selected using the Cross-Validation (CV) method. The
results of bandwidth selection for each kernel function are presented in Table 6.

Table 6. Optimum bandwidth selection

Kernel Function Cross Validation (CV) Bandwidth Base Bandwidth
Adaptive Gaussian 388,093,455 0.7272668 24 nearest neighbors
Fixed Gaussian 366,850,232 63.57038 63.57 km

Adaptive Bisquare 355,129,647 0.7272577 24 nearest neighbors
Fixed Bisquare 354,705,234 224.5921 224.59 km

Based on Table 6, the adaptive kernel functions (Adaptive Gaussian and Adaptive Bisquare)
produce optimal bandwidths corresponding to approximately 24 nearest neighbors. This represents
about 72.7% of the 33 districts/cities included in the analysis, indicating that each local model
incorporates information from a substantial proportion of the available observations. Consequently,
local parameter estimation is based on a relatively large number of neighboring observations. In contrast,
the fixed kernel functions (Fixed Gaussian and Fixed Bisquare) use constant bandwidths of 63.57 km
and 224.59 km, respectively, indicating that the weighting scheme is determined based on a fixed
geographical distance rather than a fixed number of neighboring observations. Among the four candidate
kernel functions, the Fixed Bisquare kernel produces the smallest Cross Validation (CV) value of
354,705,234. Since the CV criterion aims to minimize prediction error, the kernel function with the
lowest CV value is considered to provide the most appropriate spatial weighting structure for the data.
Therefore, the Fixed Bisquare kernel was selected for constructing the spatial weight matrix and
estimating the GWGPR model, with an optimal bandwidth of 224.59 km.

Using the Maximum Likelihood Estimation (MLE) method, local parameters are estimated for each
district/city. As an example, the GWGPR model for Langkat Regency is expressed as follows:

ALangkat = exp(12.9372 + 0.0004X; + 0.2387X, — 0.4173X; — 11.9047X,) (26)
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To validate the model, significance testing is conducted. The simultaneous test using the Maximum
Likelihood Ratio Test (MLRT) is defined with the following hypotheses:

Ho = B1(ui,vi) = Bo(us, vi) = B3(wi, vi) = Ba(uy, v;) =0
Hy : atleastone B;(u;,v;) # 0; j = 1,2,3,4

The test produced a deviance value of 203.5904, which exceeds the critical chi-square value of
X(20,05;4) = 9.4877. Therefore, the null hypothesis (H,) is rejected, indicating that at least one predictor

variable significantly affects the response variable. Furthermore, the significance of individual
predictors is evaluated using the Wald test. The hypotheses are defined as:

HO : ,Bj(ui,vi) = O, ] = 1,2,3,4-; i = 1,2, ,33
Hy: Bi(upv) #0, j=1234 i=12,..,33

The Wald test results for Langkat Regency are presented in Table 7.

Table 7. Wald Test results for the GWGPR in Langkat Regency model

Parameter Wald Value (W) )((20, 05:1) Conclusion
B 19.7110 3.841 Significant
B 6.5652 3.841 Significant
B3 4.5411 3.841 Significant
Ba 2.8829 3.841 Not Significant

As shown in Table 7, the Wald statistics for population density (X;), open unemployment rate (X,),
and mean years of schooling (X3) are greater than the critical value of 3.841. Therefore, the null
hypothesis (Hy) is rejected for these variables, indicating that they have a statistically significant effect
on the number of criminal cases. In contrast, the Gini ratio (X,) has a Wald statistic less than the critical
value. Thus, the null hypothesis fails to be rejected, implying that this variable does not have a
statistically significant effect in the model. Therefore, the local GWGPR model for Langkat Regency
can be expressed as follows:

Arangkat = exp(12.9372 + 0.0004X; + 0.2387X, — 0.4173X;) (27)

Based on the estimated model (27), population density (X;) has a positive effect on the number of
criminal cases, with a coefficient of 0.0004, corresponding to exp(0.0004) = 1.0004. This indicates
that a one-unit increase in population density (persons/km?), holding other variables constant, increases
the expected number of criminal cases by approximately 1.0004 times. Similarly, the open
unemployment rate (X,) shows a positive effect, with a coefficient of 0.2387 (exp(0.2387) = 1.2696),
implying that a 1% increase in unemployment increases the expected number of criminal cases by
approximately 1.2696 times. In contrast, mean years of schooling (X3) has a negative effect, with a
coefficient of —0.4173 (exp(—0.4173) = 0.6588), indicating that an increase of one year in schooling
reduces the expected number of criminal cases to approximately 0.6588 times. These findings are
consistent with previous studies, which suggest that higher population density and unemployment
increase crime due to intensified social interaction and economic pressure, while higher education
reduces crime through improved legal awareness and broader economic opportunities [4], [6], [8]. A
summary of significant variables across districts and cities in North Sumatra is presented in Table 8.

As shown in Table 8, the open unemployment rate (X3) is the most consistently significant variable
across regions, indicating that economic pressure plays an important role in driving criminal activity.
This finding is consistent with previous research [6], which reported that increases in unemployment
tend to be accompanied by increases in criminal activity due to the economic pressures faced by
individuals. In contrast, the Gini ratio (X4) is not significant in any district/city. One possible explanation
is that the variation in income inequality across districts/cities is relatively low, as indicated by the low
standard deviation reported in Table 2. Consequently, the observed differences in income inequality
may not be sufficiently large to explain spatial variations in crime rates.
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Table 8. Summary of significant predictors in 33 districts/cities

Significant Variable Districts/Cities

X1, X, Medan

X1, X5, X3 Langkat

X, Asahan, Batu Bara, Binjai, Dairi, Deli Serdang, Humbang Hasundutan,
Karo, Labuhan Batu Utara, Nias Selatan, Pakpak Bharat,
Pematangsiantar, Samosir, Serdang Bedagai, Simalungun, Tanjung
Balai, Tapanuli Utara, Tebing Tinggi, Toba

X3 Nias Barat, Nias Utara

No Significant Variables

Nias, Mandailing Natal, Tapanuli Selatan, Tapanuli Tengah,
Labuhanbatu, Padang Lawas Utara, Padang Lawas, Labuhan Batu
Selatan, Sibolga, Padangsidempuan, dan Gunungsitoli

However, this finding does not necessarily imply that income inequality has no relationship with
crime in North Sumatra. The insignificant effect may also reflect the presence of other socio-economic
factors, such as population density and unemployment, which exhibit stronger associations with criminal
activity in the study area. In addition, the Gini ratio is an aggregate indicator that may not fully capture
localized socio-economic disparities relevant to criminal behavior.

X2

.
[
==
=z

X3

No Significant Variables

I

Figure 2. Spatial distribution of significant predictor variables based on the GWGPR
model in North Sumatra

This result is consistent with previous findings reported in [25], which indicated that the relationship
between income inequality and crime was not always statistically significant. However, it differs from
the findings reported in [10], where income inequality was identified as a significant determinant of
crime in Indonesia. These differences may be attributable to variations in study area, period of
observation, data characteristics, and modeling approaches. Therefore, the relationship between income
inequality and crime may vary across regions and depend on local socio-economic conditions.
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Additionally, several districts/cities exhibit no significant predictors. This suggests that variations
in crime within these areas may be associated with other factors not included in the present model, such
as poverty, urbanization, law enforcement effectiveness, demographic structure, or other socio-
economic characteristics. However, the absence of significant predictors in some districts/cities does not
imply that the GWGPR model is invalid. Instead, it reflects the spatial heterogeneity of crime
determinants, indicating that the selected explanatory variables do not have statistically significant local
effects in every location. This finding highlights that crime patterns may be influenced by different
factors across regions and supports the use of GWGPR, which allows the relationships between crime
and explanatory variables to vary across locations. The spatial distribution of significant predictors is
illustrated in Figure 2.

4 Conclusion

The results of the GWGPR model indicate that the effects of predictor variables vary across
locations, confirming the presence of spatial heterogeneity. Among the predictors, the open
unemployment rate (X;) is the most dominant factor, being statistically significant in 22 districts/cities,
followed by mean years of schooling (X3) in 3 districts/cities and population density (X;) in 2
districts/cities. These findings demonstrate that the significant factors affecting crime vary across
districts and cities in North Sumatra.

The spatial variation identified by the GWGPR model has important policy implications. In
districts/cities where unemployment is the only significant factor, policies should focus on employment
creation, vocational training, and entrepreneurship programs. In Medan, where both population density
and unemployment are significant, crime prevention strategies should combine labor market
interventions with urban management and public security measures in densely populated areas. In
Langkat, where population density, unemployment, and education are all significant, integrated policies
addressing education, employment, and community-based crime prevention are required. Meanwhile,
in Nias Barat and Nias Utara, where education is the only significant predictor, efforts to improve
educational access and reduce school dropout rates may contribute to crime reduction.

Several districts/cities do not exhibit significant effects for any of the variables included in the
model. This suggests that crime in these areas may be influenced by other factors not considered in the
present study, such as poverty, urbanization, demographic characteristics, or law enforcement
effectiveness. Therefore, for future research, it is recommended to explore additional variables that may
influence crime patterns and consider models that integrate both global and local effects, such as Mixed
Geographically Weighted Generalized Poisson Regression (MGWGPR).
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rural development planning in Bekasi Regency.

1. Introduction

Villages represent the smallest administrative entities that maintain direct interaction with the
community. This position makes the village a strategic foundation for delivering public services and
facilitating the fulfillment of basic rights at the local level. As both a community and a government
institution, the village plays a vital role in the administrative structure of the Republic of Indonesia [1].
Historically, village communities existed long before the establishment of the modern Indonesian state,
and the formation of Indonesia itself emerged from these early rural communities that served as the
original basis of governance and social organization [2].

To assess the progress of village development, several measurement tools have been introduced,
including the Village Development Index (IDM). IDM categorizes villages into five levels: very
underdeveloped, underdeveloped, developing, advanced, and independent [3]. This classification is
based on three key dimensions (social resilience, economic resilience, and environmental resilience) [4].
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Over time, village development in Indonesia has shown a shift from dependency on central government
assistance toward increased capacity for self-governance and local resource management. This
transformation makes the study of village independence particularly relevant, especially in regions such
as Bekasi Regency. As one of Indonesia's major industrial regions and part of the rapidly expanding
Jakarta metropolitan area, Bekasi Regency exhibits substantial variation in village development
conditions. Based on the 2024 Village Development Index (IDM), the regency consists of 38 developing
villages, 59 advanced villages, and 82 independent villages. This heterogeneity reflects the coexistence
of industrial, peri-urban, and agricultural village characteristics, making Bekasi Regency an appropriate
empirical setting for examining village development status and evaluating the effectiveness of machine
learning approaches for village classification.

The classification of village status serves not only as a measure of development achievement but
also as a foundation for evidence-based policymaking. Through this classification, local governments
can assess the development level of each village, identify gaps, and set priorities for targeted
interventions [5]. For the central government, these results are essential for evaluating the effectiveness
of rural development policies, including the allocation of Village Funds. At the same time, local
governments benefit from more strategic planning, better budgeting decisions, and the identification of
model villages, while other stakeholders, such as NGOs, academic institutions, and private entities, gain
reliable information for contributing to rural development initiatives [6]. Therefore, the accuracy of the
classification method is critical, as it directly influences the quality of policy recommendations
produced.

The primary aim of classifying village development status is to provide a comprehensive overview
of village conditions based on social, economic, institutional, and environmental indicators. Beyond
current mapping, the classification can also be used to project development trends and support
monitoring and evaluation of rural development programs implemented by the government. In addition,
classification results can assist policymakers in identifying development disparities among villages and
prioritizing interventions based on local needs and characteristics.

In quantitative analysis, decision tree algorithms are among the most widely used classification
methods [7]. These models divide the dataset into nodes based on the most informative attributes,
producing classification rules that are easy to interpret [8]. Common algorithms include ID3, C4.5, and
CART (Classification and Regression Tree).

Tree-based models are highly valued because they can handle both numerical and categorical
variables, produce intuitive interpretations, and allow easy visualization of the decision-making process
[9]. This makes them well suited for analyzing social, economic, and health data, including studies
related to village development, as the resulting rules can be easily understood by policymakers at both
district and village levels.

However, decision trees also present limitations. They are prone to overfitting, especially when the
number of features is large or the data structure is complex. Additionally, decision trees are highly
sensitive to variations in the training data, meaning that small changes can result in significantly different
tree structures [10]. These limitations reduce the model’s stability and predictive performance when
applied to new data.

To address these challenges, ensemble learning methods have been developed. Ensemble learning
combines multiple models to produce predictions that are more accurate, stable, and robust than those
of a single classifier [11]. The most widely used examples include Random Forest, which combines
many decision trees using bagging, and Gradient Boosting, which improves model performance through
iterative learning,.

In this research, ensemble learning is expected to enhance the accuracy of classifying village
development status in Bekasi Regency. With more reliable classification results, the findings can serve
as a stronger foundation for designing targeted and data-driven rural development policies. Furthermore,
ensemble methods are expected to improve model stability and predictive performance by reducing the
limitations commonly associated with single decision-tree classifiers.

The core problem addressed in this study is how to produce an accurate and reliable classification
of village development status using multidimensional data that represent social, economic, institutional,
and environmental aspects. Although instruments such as IDM are widely available, traditional
analytical methods often struggle to capture the complexity of relationships among variables. Moreover,
commonly used tree-based models face risks of overfitting and instability, thereby reducing accuracy
when applied to new data. This calls for more adaptive and robust approaches, such as ensemble
learning, which is expected to provide better classification performance.
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Based on this problem, the study aims to identify factors that influence village development levels
in Bekasi Regency, develop classification models using tree-based approaches, and compare their
performance with ensemble learning methods. The analysis is limited to villages in Bekasi Regency
using 2024 PODES data, with predictor variables representing key social, economic, and institutional
indicators. The study evaluates model performance based on common classification metrics such as
accuracy, precision, recall, and F1-score.

The novelty of this study lies in the application of ensemble learning for classifying village
development levels, an approach that remains relatively limited in studies related to village
development. While previous studies have primarily focused on descriptive analyses of village
development indicators [12], [13], machine learning research has often relied on single-model classifiers
such as Decision Tree algorithms [7], [8], [10]. By combining multiple tree-based models within an
ensemble learning framework, this research aims to produce more accurate, stable, and reliable
predictive models.

2. Material and Methods
2.1.Village Development Index (IDM)

According to Law No. 6 of 2014, a village is a legal community unit with defined territorial
boundaries and the authority to manage governmental affairs and local interests based on ancestral rights
and customary practices. Both administrative villages and traditional villages possess the autonomy to
regulate and administer their development using local resources and values that exist within the
community [13].

To provide a more objective measure of village development performance, the Ministry of Villages,
Development of Disadvantaged Regions, and Transmigration introduced the Village Development
Index (IDM) in 2015. IDM evaluates villages across three core dimensions (social resilience, economic
resilience, and ecological or environmental resilience) which together reflect the village’s capacity to
manage local potential while responding to development challenges [4].

The indicators that form IDM are constructed based on the principles of sustainable development,
in which social, economic, and environmental aspects operate in an integrated manner to ensure long-
term continuity. Through this framework, village development is expected not only to support equality
and social justice but also to strengthen local values, cultural identity, and environmental stewardship
through responsible management of natural resources [14].

Furthermore, IDM also captures progress in village independence following the implementation of
the Village Law, supported by Village Funds and the presence of village facilitators. By incorporating
local characteristics, village typologies, and community social capital, IDM enables government
interventions to become more targeted and impactful. Thus, IDM functions not only as a statistical
instrument but also as a strategic planning tool for improving village development effectiveness through
collaboration between government institutions and local communities [14].

2.2. Decision tree

Decision trees are a learning method that represent a mapping function from input x to output y in
the form of a tree structure. The model operates using a recursive partitioning process, which divides
the dataset into smaller subsets based on attribute tests (splits) that provide the highest information gain.
This process continues until terminal nodes (leaves) are formed, each representing a final decision or
prediction. Decision trees are widely used for both classification (categorical outcomes) and regression
(numerical outcomes), with their main advantage being high interpretability, as predictions are
generated through a sequence of simple and transparent rules [15].

During tree construction, the selection of the best attribute for splitting is typically based on the
information gain metric, which measures the reduction in impurity after the split is performed. The most
common impurity measure is entropy, calculated as:

C
Entropy(S) = — Z pi logz (py) M)
i=1
where S is the dataset, ¢ is the number of classes, and p; represents the proportion of instances
belonging to class i. Once the entropy values are determined, the information gain for each candidate
attribute can be computed as follows:
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Gain(S,A) = Entropy(S) — Z %Entropy(s,,) @)

where A is the candidate attribute, Values (A) is the set of possible values for attribute A, and Sv is
the subset of data in S for which attribute A takes the value v. The attribute with the highest information
gain is selected as the splitting node in the decision tree, as it is considered the most effective in
separating the data based on class distinction.

veValues(A)

2.3. Ensemble learning

Ensemble learning is a machine learning approach that combines multiple models (commonly
referred to as base learners or weak learners) to produce predictive performance that surpasses that of
any single model on its own. The core idea is that by integrating models with different strengths and
weaknesses, the system can form a composite model that is more accurate, robust, and stable overall.

2.3.1. Bagging (Bootstrap Aggregating)

Bagging predictors, or Bootstrap Aggregating, is an ensemble technique introduced by [16] to
improve the predictive accuracy of machine learning models. The method generates multiple replicated
training datasets using bootstrap sampling, in which data points are drawn randomly with replacement.
A separate model is then trained on each replicated dataset, and the final prediction is obtained through
aggregation, typically by averaging for regression tasks or majority voting for classification. This
approach has proven effective in reducing variance, especially for algorithms that tend to be sensitive
to small changes in the input data [16].
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s 000 OESED
| J
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20909 20999 CEX] 909G S (sampling)
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Figure 1. Illustration of the Bagging Process

According to [16], the strength of Bagging lies in its ability to exploit the natural variability in the
dataset to enhance model generalization. By training multiple independent models on slightly different
versions of the training data and combining their predictions, Bagging can transform an unstable (or
weak) predictor into one that is significantly more accurate and robust. This aggregation process
minimizes the effect of noise present in any single training sample, making the technique particularly
well suited for methods such as decision trees, which are known for their high variance. The illustration
of bagging can be seen in Figure 1.

2.3.2. Random Forest

Random Forest is an ensemble-based machine learning algorithm that combines predictions from
a large number of decision trees to produce more accurate and stable outputs. Unlike a single decision
tree, this algorithm employs the bootstrap aggregating (bagging) technique, in which each tree is trained

Page 79



Classification of Village...Mochamad Ridwan, et al.

on a randomly selected subset of samples and features. This mechanism is specifically designed to
reduce correlation among the individual models, thereby effectively minimizing the risk of overfitting
and improving predictive validity when applied to new data [17].

Training Dataset
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Figure 2. [llustration of the Random Forest Algorithm

In the field of data mining, Random Forest is widely regarded as a powerful predictive method due
to its ability to handle both classification and regression tasks using a collective or group-based learning
approach. The final prediction is generated by aggregating the outcomes of all decision trees, through
majority voting for classification problems or by averaging predictions in regression settings. The
illustration of Random Forest can be seen in Figure 2.

2.3.3. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is one of the most advanced ensemble machine learning
algorithms, developed as an enhanced implementation of the Gradient Boosting (GB) framework.
Functionally, XGBoost combines a series of simple predictive models—typically decision trees—to
form a strong learner capable of delivering highly effective performance in both regression and
classification tasks [18].

The major advancement of XGBoost compared to conventional Gradient Boosting lies in the
introduction of features designed to improve model performance and stability. Among the most notable
improvements are the inclusion of regularization and tree pruning mechanisms, which help mitigate the
risk of overfitting. In addition, XGBoost is well known for its ability to efficiently process large datasets
at high speed, supported by optimizations such as block-based structure and multithreaded CPU
execution for parallel computation. The illustration of XGBoost can be seen in Figure 3.

2.4.SMOTE

Synthetic Minority Over-sampling Technique (SMOTE) is a data resampling algorithm designed
to address bias in imbalanced datasets. SMOTE increases the number of samples in the minority class
by generating synthetic observations through linear interpolation between an existing minority sample
and its k-nearest neighbors. This process helps clarify the decision boundaries between classes and
reduces the dominance of the majority class in model training [19]. Technically, SMOTE computes the
difference between the feature vector of a minority instance and its nearest neighbor, multiplies this
difference by a random value between 0 and 1, and then adds the result to the original feature vector to
create a new synthetic sample. By doing so, SMOTE forces the decision region of the minority class to
become more generalized, unlike simple duplication methods that tend to create overly specific decision
boundaries and increase the risk of overfitting.
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Figure 3. Illustration of the XGBoost Algorithm
2.5. Performance Evaluation

To validate the effectiveness of the algorithms tested, a comprehensive performance evaluation was
conducted. The initial assessment is based on the confusion matrix, which maps prediction results into
four fundamental components (True Negatives (TN), False Positives (FP), False Negatives (FN), and
True Positives (TP)). These components are commonly used to compute standard predictive accuracy.
However, relying solely on accuracy as a single metric can be misleading, particularly when dealing
with imbalanced datasets or when the cost of misclassification is not uniform. In such situations, a model
may appear to perform well simply by prioritizing the majority class, resulting in high accuracy that
does not genuinely reflect its ability to detect minority class instances.

Predicted Predicted
Negative Positive
Actu‘a! TN FP
Negative
Aokl FN TP
Positive

Figure 1. Confussion Matrix

Therefore, following the recommendations of Wu T. et al. (2022), this study adopts the Receiver
Operating Characteristic (ROC) curve as a more robust primary performance metric. The ROC curve
illustrates the trade-off between the true positive rate (%TP) and the false positive rate (%FP), allowing
for an evaluation that is independent of decision thresholds and prior probabilities [20]. According to
Fitriani R. et al. (2021), the accuracy value is calculated as follows [21] :

Recall = — & % 100% (4)
A = TP Y FN 0
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Precision = i X 100% (5)
recision = TP T FP 0
F1 - score = __2TP 100%
2TP+FP+FN

As a quantitative indicator, model performance was evaluated using the Area Under the ROC Curve
(AUC). Unlike accuracy, AUC provides an unbiased assessment that is not affected by class distribution
[22]. An AUC value approaching 1 indicates an ideal classifier with strong ability to distinguish between
positive and negative classes, making it the most representative metric for this study. Furthermore, when
ROC curves of multiple models intersect, the ROC convex hull analysis can be employed to identify the
optimal classifier under specific error-cost constraints.

2.6.Data

This study utilizes the 2024 Village Potential Statistics (PODES) as the primary source of
predictor variables. PODES is a nationwide survey conducted periodically by Statistics Indonesia (BPS),
covering all villages and urban wards across the country. The dataset provides comprehensive
information on demographic, social, economic, infrastructural, institutional, and natural resource
conditions within each village. These characteristics make PODES a highly relevant and adequate data
source for analyzing variations in development conditions at the village level.

The target variable, on the other hand, is obtained from the 2024 Village Development Index
(IDM) published by the Ministry of Village, Development of Disadvantaged Regions, and
Transmigration. IDM classifies villages into five levels of development (Independent, Advanced,
Developing, Disadvantaged, and Highly Disadvantaged) [23]. However, in the context of Bekasi
Regency, none of the villages fall into the Disadvantaged or Highly Disadvantaged categories.
Therefore, this study focuses solely on the three relevant categories (Developing, Advanced, and
Independent) which serve as the target variable for the classification process. The distribution of IDM
categories in Bekasi Regency is illustrated in the figure provided.

Meanwhile, the predictor variables are derived from PODES 2024, as they contain quantitative
indicators that objectively describe village conditions and align with the multidimensional assessment
framework used in IDM. In addition to comprehensive coverage, PODES is an official dataset produced
by the national statistical authority, ensuring high levels of reliability and validity for academic research.

By employing IDM as the dependent variable and PODES as the set of independent variables,
this research design is methodologically robust and consistent with the principles of evidence-based
policy development. The resulting classification model is expected to support the formulation of more
data-driven village development strategies in Bekasi Regency. The complete list of variables used in the
analysis is presented in Table 1.

The selection of the 33 predictor variables was guided by theoretical and empirical considerations
related to the Village Development Index (IDM). Specifically, the variables were chosen because they
represent key aspects of social, economic, and environmental resilience, which constitute the three
principal dimensions used in IDM assessment. In addition, only variables that were consistently
available in the 2024 PODES dataset, measurable at the village level, and considered relevant to village
development conditions were included. Variables that were not directly related to the IDM dimensions
or provided redundant information were excluded from the analysis. This theory-driven selection
approach was adopted to ensure interpretability and policy relevance while avoiding the inclusion of
less informative variables.

Table 1. Research variables

Var Description Class Var Description Class
Village Independence 1. Developing Existence of Featured 1. Yes
Y 2. Advanced X17
Status Products 2. No
3. Independent
Tree Planting on Critical
X1 Land, Mangrove Planting, 1. Yes X138 Existence of Village 1. Yes
and Similar Activities by 2. No Cooperatives (KUD) 2. No

the Community
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Var Description Class Var Description Class

Waste/Material Existence of
. . KOPINKRA

X2 Processing or Recycling 1. Yes X19  (Village-level 1. Yes
(Reuse, Recycle) by the 2. No e 2. No
Village Community Cooperative

Network)
Promotion of Organic Existence of Savings

X3  Fertilizer Use in é IS\{IES X20 and Credit é IS\{IZS
Agricultural Land ’ Cooperatives (KSP) ’
Package A/B/C Education 1. Yes Avallab’l lity O.fKUR 1. Yes

X4 Activities 2 No X21 (People’s Business 2 No

v ' Credit) Facilities '
Availability of KUBE

X5 Existence of Community 1. Yes X922 (Group Business 1. Yes

Learning Centers (TBM) 2. No Empowerment) 2. No
Facilities
Number of Integrated . o 1. Yes

X6 Health Posts (Posyandu) Numeric X23 Awvailability of Banks 7 No
Number of Community . I 1. Yes

X7 Implementers/Leaders Numeric X24  Availability of BMT 2 No
Number of Poor Family 1 Yes

X8  Certificates (SKTM) Numeric X25 Availability of ATMs '

. 2.No
Issued by the Village
Number of Persons with . Availability of Bank 1. Yes

X9 Disabilities Numeric X26 Agents 2. No
Number of Family .

X10 Welfare Movement Numeric X27 g)r((l:ezce of Shop ; Ezs
(PKK) Members p ’
Number of Youth Existence of 1. Yes

X11 Organization (Karang Numeric X28 )

Permanent Markets 2. No
Taruna) Members
: Existence of Semi- 1. Yes

X12 Number of Farmer Groups Numeric X29 Permanent Markets 2 No
Number of Community . Number of 1. Yes

X13 Groups Numeric X30 Minimarkets 2. No

X14 Mam Economlg Sector of Polynomial X31 Number of Grocery Numeric
Village Population Stores
Number of Micro and : Number of Village- 1. Yes

X15 . Numeric X32 Owned Business
Small Industries . 2. No

Units (Bumdes)
Availability of
Number of Industrial . Village Original 1. Yes
X16  Centers Numeric X33 Revenue (PADes) 2. No
2.7. Workflow

The research process begins with the collection of Potensi Desa (PODES) 2024 data for Bekasi
Regency, which contains information on the social, economic, institutional, and environmental
characteristics of villages. The collected dataset then undergoes data cleaning and preprocessing
procedures, including handling missing values, transforming variables, and encoding categorical
attributes to ensure compatibility with machine learning algorithms. In addition, data consistency checks
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are performed to improve data quality and ensure the reliability of subsequent analyses.
( Start )
¥

1. Dataset Collection

!

2. Data Preprocessing
(Cleaning, handling missing values,
transforming variables, encoding)

'

3. Exploratory Data Analysis (EDA)

(Understand distributions, detect patterns,
select relevant predictors)

4. Train-Test Split
(70:30)

y v

Training Set (70%) Testing Set (30%)

Initial: 125 observations 54 observations

Unchanged and used
| only for evaluation

. .

Without SMOTE With SMOTE
(Original training data) (Applied only to

training set)
After SMOTE:
171 observations
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[ J
v

5. Model Development
{Decision Tree, Bagging,
Random Forest, XGBoost)

v

6. Model Evaluation
(Accuracy, Precision, Recall, <
F1-Score, Confusion Matrix,

ROC-AUC)

v

7. Best Model Selection
(Select the model with the
best overall performance)

¥

8. Feature Importance &
Result Interpretation
(Identify key factors affecting village
development status and interpret results)

Figure 5. Workflow diagram

The next stage involves Exploratory Data Analysis (EDA) to understand the distribution of
variables and identify preliminary patterns within the dataset. Descriptive statistics and visualization
techniques are employed to detect anomalies and examine class distribution patterns. The insights
obtained from this stage serve as the basis for selecting predictor variables that are conceptually relevant
to the Village Development Index (IDM) framework.

The dataset is subsequently divided into training and testing subsets using a 70:30 proportion,
where 70% of the observations are allocated for model training and 30% are reserved for model
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evaluation. This proportion follows the recommendation of Muraina [25], who emphasizes the
importance of an appropriate dataset splitting strategy to reduce modeling bias and improve model
generalization capability. Based on this partitioning scheme, the training dataset consisted of 125
observations, while the testing dataset contained 54 observations.

To address the class imbalance problem, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied exclusively to the training dataset after the train-test split procedure. This
approach was adopted to prevent data leakage and ensure that model evaluation remained unbiased.
After applying SMOTE, the number of training observations increased from 125 to 171, resulting in a
balanced class distribution of 57 observations for each village development category, while the testing
dataset remained unchanged.

Following the data preparation stage, four classification models were developed and compared,
namely Decision Tree, Bagging, Random Forest, and XGBoost. The Decision Tree model was used as
the baseline classifier, whereas Bagging, Random Forest, and XGBoost represented ensemble learning
approaches. All models were trained using the training dataset and subsequently evaluated using the
testing dataset. To ensure reproducibility and consistency across experiments, each classification model
was implemented using a predefined set of hyperparameters. The hyperparameter settings used in this
study are presented in Table 2.

Table 2. Hyperparameter Model

Model Main Hyperparameters

max_depth =10

Decision Tree random_state = 42

n_estimators = 200

base estimator = Decision Tree
max_depth =10

random_state = 42

Bagging

n_estimators = 200
Random Forest max_depth =10
random_state = 42

objective = multi:softprob
max_depth =10

XGBoost h=
eval metric = mlogloss
random_state = 42

SMOTE k neighbors =5

random_state = 42

The selected hyperparameter values were intended to provide a fair comparison among
classification methods while minimizing excessive model complexity. For ensemble-based methods,
200 estimators were employed to improve predictive stability and reduce variance. In addition, SMOTE
was implemented using the default value of k_neighbors = 5 to balance the minority classes within the
training dataset.

The classification performance of each model was assessed using multiple evaluation metrics,
including accuracy, precision, recall, Fl-score, confusion matrix, and Area Under the Receiver
Operating Characteristic Curve (AUC-ROC). These complementary metrics provide a comprehensive
assessment of classification performance across different village development categories. Comparative
evaluation results were subsequently used to identify the model that delivered the most reliable
classification performance.

The final stage involves interpreting the classification results and deriving substantive conclusions
from the analysis. The best-performing model is further examined to identify the most influential
variables affecting village development status and to explain the observed classification patterns. The
findings are expected to provide evidence-based insights that can support village development planning
and policy formulation in Bekasi Regency. The complete research workflow is illustrated in Figure 5.
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3. Results and Discussion

3.1. Overview of Data and Class Distribution

This study utilizes the 2024 Potensi Desa (PODES) dataset for Bekasi Regency, comprising 179
villages. The variables used in the analysis include social, economic, institutional, and environmental
indicators, as listed in Table 1. These variables were selected to capture key dimensions of village
development and to support the classification of village development status based on the Village
Development Index (IDM).

The distribution of village development status in Bekasi Regency shows that the majority of
villages fall under the Independent category, with a total of 82 villages. This represents the largest
proportion among all categories and indicates that most villages in Bekasi Regency possess relatively
strong socio-economic and institutional capabilities. In addition, 59 villages are classified as Advanced,
reflecting that a considerable number still have potential for further development toward full
independence, particularly through the enhancement of basic services, economic opportunities, and
community empowerment. Meanwhile, the developing category includes 38 villages, indicating that a
smaller share of areas still require more intensive attention in terms of basic infrastructure, social
services, and institutional strengthening in order to catch up with the more advanced villages. IDM
Distribution in Bekasi Regency can be seen in Figure 6.
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Figure 6. IDM distribution in Bekasi Regency

Overall, this distribution pattern indicates that Bekasi Regency is in a relatively strong position in
terms of village development, with a predominance of independent villages reflecting progress across
key development sectors. Nevertheless, the presence of advanced and developing villages remains a
strategic policy concern to prevent widening disparities and to ensure that development progresses in an
equitable and inclusive manner throughout the region.

During the initial exploratory analysis, class distribution revealed an imbalance among the
categories (Developing, Advanced, and Independent). The Independent category accounted for the
largest proportion of observations, while the Developing category represented the smallest share.

The correlation heatmap further shows that most numerical variables in the PODES dataset exhibit
low to moderate correlations. This indicates that there are no overly strong relationships among
variables, suggesting a low risk of multicollinearity and implying that each variable contributes
relatively independent information to the village classification model. The highest correlation was
observed between X10 and X11 (r = 0.64), which reflects a natural association between indicators that
tend to develop simultaneously for example, improvements in basic services alongside supporting
institutional structures. Moderate correlations were also found between X6—X7 (r = 0.54) and X15-X31
(r=0.46), which may represent linkages between basic public service indicators and economic activity
within villages. These patterns are reasonable, as more developed villages typically possess more
complete public facilities and exhibit more dynamic economic conditions.
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Most other variables demonstrated weak correlations (r = 0.00—0.30), including X12, X13, X14,
and X16, showing that these indicators capture different dimensions of village conditions. This diversity
strengthens the predictive power of machine learning algorithms when the variables are used
collectively. Moreover, since no extremely high correlation (r > 0.80) was observed, all variables were
retained in the analysis. Overall, the correlation pattern indicates that the numerical variables
complement one another and do not exhibit redundancy. Heatmap variabel Numeric can be seen in
Figure 7.

3.2. Initial Model Evaluation

The initial evaluation conducted prior to handling class imbalance shows that the performance of
the four classification models was still limited due to the unequal distribution of the village development
categories. As presented in Table 3, the Decision Tree model achieved an accuracy of 0.6667, reflecting
the basic ability of a tree-based classifier to capture relationships among the PODES variables, although
it remains sensitive to variance and prone to overfitting. The Bagging model demonstrated an
improvement in accuracy to 0.7037, indicating that bootstrap aggregation helped reduce model variance
and produce more stable predictions when compared with a single decision tree.

Correlation Heatmap of Numerical Variables

10

X6 032 026 -0.19 004 008 0.05 | 037

X7 018 018 014
0.8

X8 029 -0.00 019

X9 - 002 -0.01 001
0.6

X10 - 016 0.06 014

X11 018 -0.03 019
L 04

X12 - - 007 -0.12 017

x13 - 003 010 -0.03
-0.2

X14 - 013 -0.03 014

x15 SRS 0.03 [EG
-0.0

X16 - 0.05 018 -0.00 -0.01 006 -003 -012 010 -003 003 0.00

x31 1087 014 019 001 014 019 -017 346 KON 1.00
: ‘ : : ; -0.2

X6 X1 X8 X9 X0 X1l X2 X16  X31

Figure 7. Heatmap of numerical variable

The Random Forest model demonstrated the best performance in the initial stage, achieving an
accuracy of 0.7407. This result is consistent with the characteristics of the Random Forest algorithm,
which combines hundreds of decision trees to provide more robust predictions, particularly for data with
complex and heterogeneous structures. This indicates that the combination of feature randomness and
bootstrap sampling is quite effective in enhancing the model’s ability to capture inter-variable patterns,
even when the data remain imbalanced.

In contrast, the XGBoost model yielded the lowest accuracy, 0.6296, in the initial evaluation. This
performance may be attributed to XGBoost’s sensitivity to learning rate, max depth parameters, and
class distribution imbalance. Since XGBoost optimizes errors iteratively through boosting, class
imbalance can cause the model to focus more on the majority class while neglecting minority classes,
thereby reducing overall accuracy.
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Tabel 3. Initial model accuracy

No Model Model Accuracy
1 Decision Tree 0.6667
2 Bagging 0.7037
3 Random Forest 0.7407
4 XGBoost 0.6296

Overall, the evaluation prior to applying SMOTE indicates that class imbalance has a significant
impact on model performance, as reflected by the relatively moderate accuracy achieved across all
models. These results underscore the importance of implementing imbalance-handling techniques to
improve classification accuracy and reduce bias toward the majority class. This finding is consistent
with previous studies showing that ensemble methods such as Random Forest generally provide more
robust and stable predictive performance than single Decision Tree models [17], [24]. However, even
ensemble models may experience performance degradation when trained on imbalanced datasets,
making class-balancing techniques such as SMOTE essential for achieving optimal classification
performance [19], [20], [25].

3.3. Improving Model Performance Using SMOTE

The application of class balancing techniques using SMOTE improved the performance of most
classification models, although the single Decision Tree model experienced a decline in accuracy after
oversampling. As shown in Table 4, Bagging, Random Forest, and XGBoost achieved higher accuracy
after class balancing, indicating that the initial class imbalance negatively affected predictive
performance. These findings suggest that ensemble-based models were better able to benefit from the
balanced class distribution generated by SMOTE.

Class Distribution Before SMOTE Class Distribution After SMOTE
57.0 ©

57.0 57.0

(=)

Developing Advanced Independent Developing Advanced Independent
Class Class

Figure 8. Class distribution of the target variable before and after handling class imbalance

The Decision Tree model experienced a decrease in accuracy from 0.6667 to 0.5741 after applying
SMOTE. This decline may be attributed to the sensitivity of single decision trees to changes in data
distribution introduced by synthetic samples. Since SMOTE generates new minority-class observations,
the resulting data distribution may alter tree-splitting structures and decision boundaries, which can
adversely affect the performance of individual tree-based classifiers [19]. In contrast, the Bagging model
showed an increase in accuracy from 0.7037 to 0.7407, indicating that ensemble-based approaches are
better able to leverage balanced class distributions. This finding is consistent with previous studies
suggesting that ensemble methods such as Bagging and Random Forest are generally more robust to
data variation and class imbalance because prediction errors are distributed across multiple trees rather
than relying on a single classifier [19], [20].
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Table 4. Comparison of model accuracy before and after SMOTE

No Model Accuracy Before SMOTE Accuracy After SMOTE
1 Decision Tree 0.6667 0.5741
2 Bagging 0.7037 0.7407
3 Random Forest 0.7407 0.7778
4 XGBoost 0.6296 0.6481

The Random Forest model remained the best-performing model, improving from an initial accuracy
0f 0.7407 to 0.7778 after applying SMOTE. This indicates that Random Forest is not only robust to data
variance but also capable of leveraging a more balanced class distribution to produce more accurate and
stable classifications. Improvements were also observed in the XGBoost model, whose accuracy
increased from 0.6296 to 0.6481. Although its initial performance was low due to boosting’s sensitivity
to the majority class, the results after SMOTE demonstrate that XGBoost can function more effectively
when class proportion differences are minimized.

Comparison of Accuracy Before and After SMOTE

B Before SMOTE
B After SMOTE

0.8 0.7778

Accuracy

Decision Tree Bagging Random Forest XGBoost
Model

Figure 9. Model accuracy plot

Overall, the application of SMOTE improved the performance of most classification models,
particularly Bagging, Random Forest, and XGBoost. Although the Decision Tree model experienced a
decline in accuracy, the overall results indicate that class-balancing techniques can substantially enhance
predictive performance in imbalanced datasets. These findings highlight that data balancing techniques
are a crucial step in classification modeling, particularly when class distributions are uneven [25]. The
use of SMOTE significantly contributes to improving classification model accuracy, especially in
datasets with imbalanced classes. As reported by Wu et al. (2022), integrating SMOTE into machine
learning architectures can achieve higher detection accuracy compared to conventional methods [20].
This improvement occurs because SMOTE enriches minority-class representations, enabling models to
learn decision boundaries more effectively [19]. Model Accuracy Plot can be seen in Figure 9.

3.4. Best Model Selection

As presented in Table 4, the classification report indicates that the Random Forest model, applied
after SMOTE, achieved good and balanced classification performance across all categories of village
independence status. It should be noted that the precision, recall, and F1-score values are identical for
each class because the confusion matrix exhibits a nearly symmetric misclassification pattern. Under
this condition, the numbers of false positives and false negatives become equal for each class, resulting
in identical precision and recall values and consequently identical F1-scores.
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Table 5. Random Forest model classification report

Class Precision Recall F1-Score Support
Developing 0.8182 0.8182 0.8182 11
Advanced 0.6667 0.6667 0.6667 18
Independent 0.8400 0.8400 0.8400 25
accuracy 0.7778 54
macro avg 0.7749 0.7749 0.7749 54
weighted avg 0.7778 0.7778 0.7778 54

In the Developing category, the model achieved precision, recall, and F1-score values of 0.8182,
indicating that it can accurately identify villages classified as Developing. In the Advanced category, all
three metrics reached 0.6667. Although most villages predicted as Advanced were correctly classified,
several Advanced villages were misclassified as either Developing or Independent. This outcome may
occur because Advanced villages represent a transitional development stage and therefore share
characteristics with both neighboring categories. The Independent category demonstrated the strongest
classification performance, with precision, recall, and F1-score values of 0.8400. The high recall
indicates that the model successfully identified most villages that truly belong to the Independent
category. Meanwhile, the less-than-perfect precision suggests that some villages from other classes,
particularly the Advanced category, were incorrectly classified as Independent. This finding reflects the
socio-economic similarity between Advanced and Independent villages, making the boundary between
these two categories less distinct.

Overall, the model achieved an accuracy of 0.7778, with macro-average and weighted-average F1-
scores of 0.7749 and 0.7778, respectively. The closeness of these values suggests that the model
provides relatively balanced classification performance across all classes without substantial bias toward
any particular category. These findings indicate that the integration of SMOTE-based class balancing
and the Random Forest ensemble algorithm is effective in improving predictive performance on datasets
with imbalanced class distributions, making it a suitable approach for modeling village independence
status classification in Bekasi Regency.

Confusion Matrix - Random Forest
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Advanced

Actual

Independent

Developing Advanced Independent
Pradicted

Figure 10. Confusion matrix of the Random Forest Model

The confusion matrix indicates that the Random Forest model (Figure 10), after applying SMOTE,
was able to classify the majority of villages into the correct categories. In the Developing category, the
model correctly identified 9 out of 11 villages, while 2 villages were misclassified as Advanced, and
none were predicted as Independent. For the Advanced category, the model correctly classified 12 out
of 18 villages, with 2 misclassified as Developing and 4 misclassified as Independent. This aligns with
the relatively lower recall for the Advanced category, reflecting overlapping characteristics with the
other two categories.

Meanwhile, in the Independent category, the model correctly identified 21 out of 25 villages, with
4 misclassified as Advanced and none classified as Developing. Overall, these results confirm that most
prediction errors occurred between the Advanced and Independent categories, which substantively share
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similar socio-economic characteristics, making the boundary between them not always distinct. The
multi-class ROC curve illustrates the performance of the Random Forest model in distinguishing among
the different village categories (Figure 11). Overall, all three ROC curves lie above the diagonal
baseline, indicating that the model has good classification capability across all classes.

In the Developing category, the AUC value is 0.9387, the highest among the three classes. This
demonstrates that the model is highly effective in differentiating Developing villages from the other two
categories, with a relatively low error rate. The Independent category also shows strong performance,
with an AUC of 0.9297. This success is consistent with the confusion matrix results, where most
Independent villages were correctly classified. The high AUC indicates that the model can consistently
and reliably recognize the characteristic patterns of Independent villages. Meanwhile, the Advanced
category has the lowest AUC at 0.8148, though it still falls within the good range. This value confirms
that the model’s ability to separate Advanced villages from the other two classes is lower compared to
the other categories. This aligns with the classification results, which show that some Advanced villages
tend to be misclassified as either Developing or Independent, reflecting overlapping characteristics
among the categories [26]. Overall, AUC values above 0.80 across all three classes confirm that the
Random Forest model exhibits strong and reliable classification performance in predicting village
independence levels based on the selected predictor variables.
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Figure 11. ROC Curve of the best model

3.5. Prediction on Test Data

To provide a clearer picture of model performance on previously unseen data, Table 5 presents a
comparison between the actual classification of village independence status and the predictions
generated by the selected model for 20 test observations. The table also includes the associated
prediction probabilities for each class (Developing, Advanced, and Independent) allowing a more
detailed interpretation of the model’s level of confidence in each decision.

Overall, the model demonstrates a strong ability to identify the correct class for most observations.
Several data points, such as those with indices 15, 117, and 104, were correctly classified as independent,
with the highest probability also assigned to that category. This pattern suggests that the model is capable
of distinguishing distinct class characteristics when the underlying feature patterns are well represented.

Nevertheless, some misclassifications remain, for example at indices 130 and 14, where the model
predicted a different class from the actual label. In many of these instances, the predicted probabilities
for the competing classes were relatively close, indicating that the observations may possess overlapping
characteristics or fall near the boundary between class definitions. This highlights the inherent
complexity of the classification problem and the possibility that some villages share transitional
attributes between development categories.

Despite these occasional errors, the predictions on the test dataset reaffirm the model’s overall
reliability and support the earlier evaluation metrics. The results demonstrate that, after applying
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SMOTE to address class imbalance, the model learns meaningful patterns and can generalize well when
applied to real or future data.

Table 6. Comparison of actual and predicted classifications on 20 test observations

Index Actual Class Predicted Class PDr:\?eil:)g;L}; irg\?;féleléy fég:;:;ggl i
130 Advanced Developing 0.7362 0.2403 0.0235
15 Independent Independent 0.0200 0.1850 0.7950
117  Independent Independent 0.0204 0.3521 0.6275
14 Advanced Independent 0.0717 0.3038 0.6246
152 Developing Developing 0.7025 0.2608 0.0367
165  Advanced Advanced 0.1610 0.6490 0.1900
169  Developing Developing 0.7035 0.2459 0.0506
104  Independent Independent 0.0870 0.3072 0.6058
167  Advanced Advanced 0.1938 0.6112 0.1950
13 Advanced Advanced 0.1550 0.4888 0.3563
53 Advanced Advanced 0.3716 0.5482 0.0802
144  Developing Developing 0.5041 0.4649 0.0310
79 Advanced Advanced 0.0920 0.7260 0.1820
175  Developing Developing 0.9000 0.0800 0.0200
115  Independent Independent 0.0589 0.3935 0.5476
106  Advanced Advanced 0.0666 0.4690 0.4644
2 Advanced Independent 0.3150 0.3200 0.3650
36 Developing Developing 0.6324 0.3674 0.0002
9 Advanced Independent 0.0354 0.4371 0.5275

3.6. Analysis of Dominant Factors (Feature Importance)

As can be seen in Figure 12, the feature importance analysis indicates that the most influential
variable in determining village independence levels is X14 (Main Economic Sector of Village
Population). The high importance of this variable suggests that the dominant economic structure of a
village community plays a central role in shaping whether a village is Developing, Advanced, or
Independent. Villages with productive economic bases, such as trade, industry, or services, tend to have
stronger economic capabilities compared to those still reliant on traditional sectors. The next significant
contributor is X12 (Number of Farmer Groups), highlighting that the presence of agricultural institutions
remains an important foundation for strengthening village economies. A higher number of farmer groups
suggests a more structured agricultural production system, better access to training, and stronger
networks for community-based development.

Additionally, X6 (Number of Integrated Health Posts/Posyandu) also plays a major role in shaping
village independence status. This indicates that the availability of basic health services, particularly for
mothers and children, not only influences public health quality but also affects productivity and the
economic competitiveness of the village. Meanwhile, the high importance of X31 (Number of Grocery
Stores/Warung Kelontong) underscores that local economic circulation through small businesses is a
strong indicator of community economic activity. A large number of grocery stores reflects increased
purchasing power and dynamic trade activity.

Several other variables, such as X8 (Number of Poor Families/SKTM), X27 (Number of Shop
Groups), and X15 (Number of Micro and Small Industries), also contribute meaningfully to the model’s
decision-making. These variables essentially reflect the dynamics of social welfare and local economic
activity. In terms of social institutions, X7 (Number of Community Leaders/Executors) is significant in
representing the community’s capacity to manage village empowerment programs. Meanwhile,
variables such as X9 (Number of Persons with Disabilities) and X30 (Number of Minimarkets) provide
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supplementary information regarding social service challenges and the modernization of village
commerce.
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Figure 12. Feature importance best model

Overall, this pattern confirms that village independence is influenced not only by economic factors
but also by the presence of social infrastructure, institutions, and robust basic service support. The
stronger the local economic structure and community empowerment capacity, the higher the likelihood
that a village can sustainably progress toward Independent status.

3.7. Substantive Interpretation of Model Results

The study results indicate that the Random Forest model, after applying SMOTE, was able to
deliver strong classification performance in mapping village independence levels in Bekasi Regency.
The model achieved an accuracy of 0.7778 with a macro-average F1-score of 0.7749, suggesting that it
is not only accurate but also relatively balanced in recognizing all three class categories (Developing,
Advanced, and Independent). These findings indicate that the application of data balancing techniques
can enhance the algorithm’s effectiveness in handling imbalanced class distributions.

Substantively, the model’s performance reflects patterns consistent with the realities of village
development in Bekasi Regency. In the Independent category, the model achieved its best performance,
with precision, recall, and F1-score values of 0.8400. This suggests that Independent villages are easier
to distinguish and exhibit more consistent variable patterns compared to the other two categories.
Independent villages generally have strong local economic structures, well-developed institutional
capacity, and adequate public facilities, making their distinguishing patterns more easily captured by the
model.

In contrast, the Advanced category showed the lowest performance, with precision, recall, and F1-
score values of 0.6667. This aligns with the confusion matrix results, where some Advanced villages
were misclassified as Developing or Independent. This phenomenon reflects that Advanced villages are
in a transitional phase and share socio-economic characteristics with both other categories, making the
boundaries between classes less distinct. Developing villages exhibited better performance, with an F1-
score of 0.8182, indicating that their characteristics can still be consistently recognized by the model.

The findings of this study are consistent with previous research emphasizing the advantages of
ensemble learning over single-tree classification approaches. Studies by Joses et al. [11] and Breiman
[24] reported that ensemble-based methods generally provide higher predictive stability and better
generalization performance because prediction errors are distributed across multiple learners.
Furthermore, the observed improvement after applying SMOTE supports the findings of Wu et al. [20]
and Pulungan et al. [25], who demonstrated that class-balancing techniques can substantially improve
classification effectiveness on imbalanced datasets. The accuracy achieved in this study (0.7778)
therefore indicates that the proposed Random Forest-SMOTE framework provides competitive
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performance for village development status classification while maintaining balanced predictive
capability across all classes.

Further examination of the AUC values in the ROC curve reinforces these findings. The
Developing category achieved the highest AUC of 0.9387, followed by Independent at 0.9297, while
Advanced had the lowest AUC at 0.8148. Nevertheless, all three AUC values exceed 0.80, indicating
that the model possesses strong discriminative ability across all classes. Overall, the model is capable
of providing a substantive mapping of village independence status that is consistent with the
development patterns observed in Bekasi Regency.

3.8. Strengths & Limitations

This study has several methodological and empirical strengths worth noting. First, the use of an
ensemble learning approach, particularly Random Forest, has been shown to provide better classification
performance than a single Decision Tree model. This finding is consistent with previous studies
demonstrating that ensemble methods reduce model variance, improve predictive stability, and generally
achieve better generalization performance by aggregating multiple learners [11], [24]. Second, the
application of the SMOTE class-balancing technique effectively improved the model’s ability to
recognize minority classes, resulting in more equitable classification outcomes that are less biased
toward dominant classes. Similar findings have been reported by Chawla et al. [19], Wu et al. [20], and
Pulungan et al. [25], who showed that oversampling techniques can substantially improve classification
performance in imbalanced datasets. Third, the model leveraged official PODES and IDM data, which
are highly valid, comprehensive, and objectively reflect village-level empirical conditions. This
strengthens the relevance of the study findings in the context of evidence-based policy and development
planning.

However, several limitations should also be acknowledged. First, the model was evaluated using
data from a single year (cross-sectional), which limits its ability to capture the longitudinal dynamics of
village independence. Time-series analysis could provide deeper insights into village development
trajectories over time. Second, the predictor variables were primarily derived from PODES indicators,
which are largely quantitative and administrative in nature. Consequently, dimensions such as social
capital, community participation, and institutional quality that are not directly captured in numerical
form may not be fully represented in the model. Third, the classification results still reveal overlap
between the Advanced and Independent categories, primarily due to the similarity of characteristics
between villages in these two development stages. This suggests that additional discriminative variables
or alternative modeling approaches may be required to improve class separation.

Moreover, this study selected Random Forest as the best-performing model based on empirical
evaluation results. Nevertheless, future research could explore other boosting-based algorithms
optimized through hyperparameter tuning, which may yield higher predictive performance. The
implementation of Explainable Artificial Intelligence (XAI) approaches, such as SHAP or LIME, may
also provide deeper insights into the contribution of individual variables to model predictions. Overall,
this study provides a robust foundation for applying machine learning to village independence mapping
while highlighting opportunities for future methodological improvements, richer data integration, and
the incorporation of spatial and temporal dimensions into village development analysis.

4. Conclusion

This study demonstrates that the integration of Village Potential Statistics (PODES) 2024 and the
Village Development Index (IDM) through a Random Forest classification model combined with the
Synthetic Minority Over-sampling Technique (SMOTE) provides a reliable approach for mapping
village independence status in Bekasi Regency. The findings confirm that machine learning methods
can support a more objective, consistent, and data-driven assessment of village development by
effectively utilizing multidimensional village-level indicators.

he analysis reveals that village independence is closely associated with factors related to local
economic structure, agricultural institutions, access to basic health services, and community economic
activities. These findings suggest that village development is not determined solely by economic
performance, but also by the availability of supporting institutions and public services that strengthen
community capacity and resilience. Consequently, policies aimed at accelerating village development
should prioritize strengthening local economic sectors, expanding access to essential services, and
enhancing community-based institutions.
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From a practical perspective, the proposed classification framework can support the Bekasi
Regency Government in identifying villages that require targeted interventions, monitoring
development progress, and allocating resources more efficiently based on empirical evidence. In
particular, villages classified as Advanced may require focused policy attention because they represent
a transitional stage with characteristics overlapping those of Developing and Independent villages.
Targeted programs designed to strengthen economic opportunities, institutional capacity, and public
service provision may help accelerate their transition toward higher levels of village independence.

Furthermore, the study highlights the potential of predictive analytics as a complementary tool for
evidence-based rural development planning. Beyond describing current village conditions, machine
learning models can assist policymakers in identifying development patterns and anticipating future
needs, thereby improving the effectiveness of planning and evaluation processes.

Nevertheless, this study is limited by its reliance on cross-sectional data from a single year and by
the availability of predominantly quantitative indicators. Future research is therefore encouraged to
incorporate longitudinal datasets, additional social and institutional variables, and advanced analytical
approaches, including spatial analysis and explainable artificial intelligence (XAI). Such developments
would provide deeper insights into village development dynamics and further strengthen the
contribution of data-driven methods to rural policy formulation and decision-making.
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ARTICLE INFO Abstract

Article history: Introduction/Main Objectives: Tourism is a vital sector supporting
Received 2 Dec, 2025 Indonesia’s economic growth, making the effective utilization of public
Revised 20 Dec, 2025 feedback essential for improving service quality. Most feedback is collected
Accepted 2 June, 2026 through web-based forms in the form of open-text responses that provide rich
Published 30 June, 2026 insights but remain underutilized due to their unstructured nature. Background
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Feedback, Indonesian Tourism, in the comparative evaluation of classical topic modeling algorithms against
Natural Language Processing, modern embedding-based approaches combined with multiple Indonesian
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Modeling related datasets. Research Methods: The research compares LDA and NMF
with BERTopic, Top2Vec, kBERT, and kUSE using coherence scores, and
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architectures. Finding/Results: The results show that BERTopic performed
best for medium-length text, while NMF was optimal for long text, and a
RoBERTa-based model achieved the highest sentiment agreement. Positive
sentiment often appeared in feedback on facilities and fees, whereas negative
sentiment dominated topics on environmental and governance issues. These
findings offer valuable insights for tourism managers and policymakers in
prioritizing improvements and refining strategies.

1. Introduction

Tourism is a crucial sector for Indonesia's economic development. Therefore, improving and
strengthening this sector requires a data-driven approach. In recent years, web-based digital surveys
have successfully collected information on travel patterns and tourist experiences at specific
destinations. The information collected is generally structured quantitative data, typically multiple-
choice or rating scales.

Furthermore, surveys are often accompanied by feedback forms designed to capture respondents'
aspirations, complaints, or input regarding their experiences. Feedback can be about the survey process,
application usage, or general views on tourism in Indonesia. The data obtained from these forms is
generally unstructured and tends to be narrative, but it contains more in-depth and contextual
information. Unfortunately, this type of data is often underutilized in policy formulation and tourism

Copyright: © 2026 by the authors.
This an open access article distributed under the terms and conditions of the CC BY-NC 4.0.



https://doi.org/10.34123/jurnalasks.%20v18i1.895
https://jurnal.stis.ac.id/
mailto:sulisetyo.widodo@bps.go.id

Jurnal Aplikasi Statistika & Komputasi Statistik, Vol.18(1), pp 98-114, June 2026

service development. Yet, open-ended user feedback has strategic potential to uncover real-world issues
and capture community expectations that may not be reflected in quantitative survey results.

Processing feedback data can benefit various parties. For survey organizers, user feedback is useful
for evaluating and refining survey instrument design, improving questionnaire flow, and identifying
technical issues that may have gone undetected during the testing phase. Meanwhile, for governments
or authorities managing the tourism sector, feedback can provide a direct picture of public perceptions
of existing services, infrastructure, and tourist attractions. This information can be used as a basis for
developing more appropriate policies based on community needs. Therefore, utilizing feedback can
encourage more targeted and participatory interventions.

However, the narrative and unstructured nature of feedback data makes manual analysis inefficient,
especially when the volume of data collected is large. Variations in respondents' communication styles,
including language style, length of writing, and focus on specific issues, pose challenges in consistently
extracting relevant information. This situation demands an approach capable of classifying and
capturing public perceptions without losing context.

In this context, Natural Language Processing (NLP)-based approaches offer an effective solution
for analyzing large-scale textual feedback. Techniques such as topic modeling and sentiment analysis
are particularly useful for uncovering latent thematic structures and sentiment orientations in user-
generated content [1]-[11], [12]-[16], [20]. Topic modeling enables the extraction of hidden thematic
patterns from text, including issues related to cleanliness, accessibility, services, and environmental
sustainability at tourist destinations [1]-[11]. Meanwhile, sentiment analysis is employed to identify
users’ attitudes toward these themes, categorizing opinions as positive, negative, or neutral based on
contextual cues [12]-[16], [20]. To ensure robust evaluation, model predictions are assessed using
majority vote and agreement-based measures, allowing the selection of models that best align with
dominant labeling patterns [17]-[19]. The integration of topic modeling and sentiment analysis thus
provides a more comprehensive understanding of public perception and supports evidence-based
decision-making in the tourism sector.

This study aims to (1) explore the potential use of user feedback data in the context of tourism
surveys in Indonesia, focusing on identifying key topics emerging from feedback content and analyzing
the accompanying sentiment trends. Furthermore, (2) this study evaluates and selects the best models
for both topic modeling and sentiment analysis to recommend the most appropriate model for feedback
with medium to long text lengths. Furthermore, (3) by applying topic modeling and sentiment analysis
approaches, this study is expected to produce an analytical framework that helps map strategic issues of
public concern. Finally, (4) the results of this analysis are not only useful for survey managers in
improving the quality of instruments and services, but can also be used as considerations for
policymakers in developing more participatory, adaptive, and evidence-based tourism development
programs.

2. Material and Methods

The workflow in this study is illustrated in Figure 1, which consists of several main stages. (1)
Dataset Preparation, where feedback data collected in CSV format is preprocessed, and only medium-
length text (11-30 words) and long text (>30 words) are retained, while short text (<11 words) is
removed. (2) Topic Modelling, in which the prepared datasets are processed using various algorithms
such as GSDMM, BERTopic, Top2Vec, kBERT, kUSE, NMF, Agglomerative, and LDA. (3)
Coherence Score Evaluation, conducted to identify the best-performing topic model for each dataset
category. (4) Sentiment Analysis, where the best models are integrated with transformer-based
classifiers such as RoBERTa, DistilBERT, BERT, ALBERT, and XLM-RoBERTa. (5) Model
Agreement, which ensures consistency and reliability of the sentiment results across models. Finally,
the process produces the output in the form of sentiment per topic for both medium and long text
datasets.

2.1. Dataset

The data used in this study were obtained from feedback forms distributed concurrently with the
Nusantara Tourist Survey (Survei Wisatawan Nusantara) conducted by Badan Pusat Statistik (BPS —
Statistics Indonesia) throughout 2024. The Nusantara Tourist Survey focuses on domestic tourism
activities, namely Indonesian residents traveling within the country. The feedback forms were
administered separately from the main survey questionnaire and were intended to capture respondents’
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opinions, experiences, and aspirations regarding domestic tourism and the use of the survey application.
A summary of the collected feedback data is presented in Table 1.

a Dataset : Topic Modelling Coherence Score - Senfiment Analysis Model Apreement  © Result
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Figure 1. Research workflow

Preprocassing SLSE

The primary variable in the dataset is "feedback," which contains text entries in the form of open-
ended sentences or paragraphs with no length limit or specific structure. All entries were written in
Indonesian, reflecting the respondents' population of domestic tourists. Due to its free-form and non-
standardized nature, this data displays a variety of language usage, including non-standard words,
abbreviations, and informal expressions. Therefore, a preprocessing stage based on Natural Language
Processing (NLP) techniques is crucial for filtering, normalizing, and structuring the data before further
analysis, such as topic modeling and sentiment analysis.

Table 1. Details of Feedback data

Stage Feedbacks Max Words Avg Words
Data Collection 28.996 1.183 10-11
Preprocessing 21.171 851 9-10

2.2.  Preprocessing

Before further analysis, the text data from the feedback column underwent a pre-processing phase
to remove irrelevant elements and adjust the text formatting for uniformity. The first step was to reduce
all letters to lowercase to avoid differences in word representation caused solely by capitalization. Next,
the text was cleaned of non-linguistic elements such as emojis, symbols, numbers, and links—including
internal URLSs of the survey system—that were deemed not to contribute to the sentence's core semantic
meaning. Redundant characters, such as repeated vowels or consonants, were also removed to normalize
variations in informal expressions commonly found in open-ended input data.

Table 2. Details of Feedback data after data separation

Length Category Feedbacks Max Words Avg Words
Short 16.255 10 4
Medium 4.084 30 16
Long 832 851 70

After the structural cleaning phase was completed, the text was separated into word units and
filtered using a list of common stopwords that tend not to carry significant semantic weight in the
analysis. The remaining words were then stemmed, reducing words to their base or lexical form to unify
various morphological variations of the same word. The final results of the pre-processing process were
then counted and grouped based on the length of each feedback. Based on a literature review, this study
divides feedback into three categories: small (<10 words), medium (11-30 words), and long (>30
words). This categorization aims to facilitate comparative analyses, such as identifying topic patterns or
sentiment tendencies based on feedback length. Details of the dataset grouping are presented in Table
2. Furthermore, Chen et al. [6] highlighted that a large proportion of short texts with generic content
may introduce noise and obscure meaningful patterns found in more contextually rich feedback.
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Therefore, this study focuses only on the medium and long categories, as these are considered to contain
more comprehensive contextual information than short texts.

2.3.  Topic Modelling

This stage aims to obtain a thematic structure so that feedback can be grouped based on common
themes. In this study, various topic modeling approaches were compared to determine the most effective
method for extracting key topics from the text data in the feedback column. Classic statistical models
such as Latent Dirichlet Allocation (LDA) and Non-negative Matrix Factorization (NMF) were applied
with word frequency-based text representations or TF-IDF, each of which groups documents into topics
based on the distribution of dominant words. Meanwhile, more modern, semantic distribution-based
approaches, such as Gibbs Sampling Dirichlet Multinomial Mixture (GSDMM), are designed to handle
short and varied documents—such as open-ended feedback data—without requiring predefined topic
distributions.

This study also employed deep learning-based approaches (neural embedding), including
BERTopic, Top2Vec, kBERT, and kUSE, which utilize transformer models such as Sentence-BERT
and Universal Sentence Encoder to obtain vector representations of documents. These models enable
more contextual topic grouping based on semantic proximity and generate topics with higher meaning
cohesion through clustering algorithms such as K-Means and Agglomerative Clustering.

All models are then evaluated using a coherence score to assess the semantic consistency of the
resulting topics. In this study, the C_V metric was used to evaluate and identify the best-performing
models for both medium-length text (11-30 words) and long-length text (>30 words). C_V was chosen
because this metric has proven to be stable, interpretable, and capable of capturing semantic
relationships between topics across both text size categories. The use of a uniform metric across both
datasets also facilitates objective and consistent performance comparisons between models.

To improve the relevance and accuracy of topic extraction, the entire topic modeling process in
this study was applied separately to only two text length categories: medium (11-30 words) and long
(>30 words). This separation was made because the linguistic and semantic characteristics of short
feedback tend to differ significantly compared to longer text. By dividing the topic modeling process
into length categories, each model can be calibrated to suit the structure and density of information
within each data set. This strategy is expected to produce more precise and applicable topic mapping
and enable the identification of thematic differences or similarities between categories, which will be
useful for supporting decision-making in managing the national tourism sector.

2.4.  Sentiment Analysis

The sentiment analysis in this study was conducted using a transformer-based approach, a state-of-
the-art deep learning model that has proven effective in understanding semantic and syntactic context
in natural text. Five pre-trained Indonesian language models from the Huggingface website were
utilized. Each selected model had a different architecture, as shown in Table 3, to determine the best
model based on its architecture. At this stage, each entry in the feedback data was modeled separately
to identify sentiment polarity, such as positive, neutral, or negative for each model. This process was
automated using a sentiment classification pipeline, which generated labels and confidence scores for
each prediction, enabling the visualization of opinion trends and analysis of public opinion about the
tourism sector.
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Table 3. Overview of Indonesian Sentiment Analysis Models

Model Architectures Language
w1 1wo/indonesian-roberta-base- RoBERTa For Sequence Classification Indonesian
sentiment-classifier

afbudiman/distilled-optimized- DistilBert For Sequence Classification Indonesian
indobert-classification

ayameRushia/bert-base-indonesian-  Bert For Sequence Classification Indonesian
1.5G-sentiment-analysis-smsa

tyqiangz/indobert-lite-large-p2- Albert For Sequence Classification Indonesian
smsa

cardiffnlp/twitter-xlm-roberta-base- ~XLM-RoBERTa For Sequence Multilingual
sentiment-multilingual Classification

2.5. Model Agreement

This study used a dataset without ground truth labels, so model evaluation for sentiment analysis
was conducted using a model agreement approach to assess the level of prediction agreement between
models. This study used majority voting, a method that determines the final label based on the highest
consensus among models. The level of agreement between a model and the majority label indicates the
consistency of predictions on the same data. The model with the highest agreement with the majority
label is considered the most stable and representative of the data characteristics and is therefore selected
as the primary candidate for further sentiment analysis. This evaluation also considered variations in
text length (medium and long) to determine its effect on prediction consistency.

3. Results and Discussion
3.1. Medium dataset

3.1.1 Topic Modelling

At this stage, all feedback that falls into the medium text length category will be assigned topics
using each model (GSDMM, BERTopic, Top2Veck, BERT, kUSE, NMF, Agglomerative, and LDA).
Each model is tested with several topics and word count settings. Table 4 shows an example of feedback
with 5 topics and 10 words assigned topics.

Table 4. Example of Topic Modeling Results Using Various Models (Medium Dataset)

Model Topic Feedback

GSDMM 4 Prices for tourists are often excessively high and are

BERTopic 0 deliberately inflated for profit. In some tourist destinations
in Indonesia, visitors may also encounter coercive practices

Top2Vec 0 and irresponsible behavior from local service providers.

kBERT 0 (Harga untuk wisatawan yang sangat mahal dan di sengaja

kUSE 0 mengambil kesempatan untuk meraih keuntungan dan

NMF 4 terkadang tempat wisata di indonesia orang-orang di sana

Agglomerative 0 suka memaksa dan tidak bertanggung jawab)

LDA 3

3.1.2 Coherence Score
Evaluation results for the medium-length feedback data category show that BERTopic dominates
as the model with the best performance across most configurations, Table 5. This model recorded the

highest coherence scores for the configurations of 5 topics, 5 words (0.819), 5 topics, 10 words (0.808),
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10 topics, 5 words (0.819), and 10 topics, 10 words (0.761). This consistent score demonstrates that the
contextual embedding-based approach used by BERTopic is effective in capturing semantic
relationships between words, facilitating theme interpretation in medium-sized data.

On the other hand, Non-negative Matrix Factorization (NMF) demonstrated very competitive and
even superior performance for the configuration of 15 topics, 5 words (0.816), while maintaining a high
score for the configuration of 15 topics, 10 words (0.745). This confirms that NMF has an advantage
when the number of topics is expanded, although overall it remains slightly behind BERTopic in terms
of consistency across configurations.

Table 5. Coherence Scores of Topic Models (Medium Dataset)
Model 5 Topics, 5 Topics, 10 Topics, 10 Topics, 15 Topics, 15 Topics,
S Words 10 Words 5 Words 10 Words 5 Words 10 Words

GSDMM 0.597 0.464 0.563 0.470 0.576 0.489
BERTopic *0.819 0.808 0.819 0.761 0.762 0.760
Top2Vec 0.453 0.334 0.453 0.344 0.384 0.291
kBERT 0.574 0.405 0.608 0.467 0.604 0.468
kUSE 0.542 0.388 0.574 0.433 0.588 0.458
NMF 0.775 0.697 0.766 0.698 0.816 0.745
Agglomerative 0.560 0.392 0.497 0.417 0.511 0.402
LDA 0.511 0.414 0.531 0.416 0.574 0.463

Other models, such as GSDMM (maximum 0.576), kKBERT (0.608), and kUSE (0.588), produced
moderate performance—better than both LDA (0.574) and Agglomerative Clustering (0.560)—but still
lagged far behind BERTopic and NMF. Top2Vec, on the other hand, achieved the lowest score
(maximum 0.453), making it less reliable in this context.

Topic #1 Topic #2 Topic #3
tiket _ survei _ survei _
kunjung - bps - survei wisatawan -
nusantara _ sms - nusantara -
bersih - responden - wisatawan nusantara -
parkir - laku . laku .
0.00 0.02 0.04 0.0 0.1 0.0 0.1
Topic #4 Topic #5
depan _ kualitas sdm _
rumah - investasi _
lama _ aspek lingkung _
kasih - atur tumpang —
tahun - perhati aspek —
0.00 0.02 0.04 0.0 0.2

Figure 2. Top Terms per Topic (5 Topics x 5 Words) by BERTopic on Medium Dataset

Overall, these results confirm that BER Topic is recommended as the primary model due to its high
and consistent coherence across various configurations. However, NMF can be a strong alternative,
especially for scenarios with a larger number of topics, while the other models are more appropriate for
comparison or complementarity in exploratory analysis.
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Based on the evaluation in Table 5, BERTopic with a configuration of five topics and five keywords
successfully identified distinct themes. Figure 2 illustrates that Topic #1 includes terms such as ticket,
visit, and parking, which relate to tourist activities and destination facilities. Topic #2 emphasizes
survey, BPS, and SMS, reflecting methods of data collection and respondent outreach. Topic #3
highlights survey, tourist survey, and nusantara, indicating the participation of domestic tourists and
their travel behavior, and showing thematic connections with Topic #2.

Meanwhile, Topic #4 is less specific, containing terms such as front and house, making its
interpretation more abstract and requiring further contextual analysis. Topic #5 underscores governance
and development issues, represented by human resource quality, investment, and environmental aspects.
While these keywords are useful for distinguishing topics, thematic overlaps remain between some
categories, particularly between Topics #2 and #3, requiring manual interpretation. To clarify the
thematic context, Table 6 presents topic interpretations and descriptions, formulated with expert input
and intended as a reference for further analysis.

Table 6. Topic Interpretations and Top Keywords from BERTopic (Medium Dataset)

Topic Interpretation Description Keywords

1 Tourist Facilities  Tourist experiences related Ticket, Visit, Nusantara, Clean,

and Comfort to facilities, cleanliness, Parking
tickets, and parking at (Tiket, Kunjung, Nusantara, Bersih,
tourist destinations. Parkir)

2 Survey and Data  Survey data collection Survey, BPS, SMS, Respondent, Sold
Collection methods via BPS and SMS (Survei, BPS, SMS, Responden, Laku)
Methods to reach respondents.

3 Survei Participation of domestic Survey, Tourist Survey, Nusantara,
Wisatawan tourists in the survey to Domestic tourist, Sold
Nusantara understand travel behavior. (Survei, Survei Wisatawan, Nusantara,

Wisatawan Nusantara, Laku)

4 Respondents’ Respondents’ perceptions Front, House, Long, Give, Year
Perceptions and and preferences related to (Depan, Rumah, Lama, Kasih, Tahun)
Preferences daily experiences.

5 Investment and Management of human Human Resource Quality, Investment,
Environmental resources, investment, and Environmental Aspect, Overlap,
Management environmental aspects with ~ Attention aspect

potential overlaps. (Kualitas SDM, Investasi, Aspek
Lingkung, Tumpang Tindih, Perhati
Aspek)

After identifying the themes, the next step was to examine the distribution of feedback on each
topic. Figure 3 shows that the distribution of responses was uneven: Topic #1 (Tourist Facilities and
Convenience) was the top performer, followed by Topic #2 (Survey and Data Collection Methods).
Conversely, topics like Topic #4 (Respondent Perceptions and Preferences) and Topic #5 (Investment
and Environmental Management) received relatively few responses. This imbalance indicates that issues
related to tourist facilities and the survey process garnered more attention, while personal perceptions
and environmental governance received less attention. This could signal that low-intensity topics require
further review, especially if they are assumed to be hidden complaints.

3.1.3 Sentiment Analysis

In this stage, feedback belonging to the medium text length category is analyzed using several
sentiment analysis models (RoBERTa, DistilBert, Bert, Albert, XLM-RoBERTa). These models are
employed to classify the feedback into three categories: positive, negative, and neutral. Table 7 provides
an example of sentiment analysis results, showing how each model assigns different sentiment labels to
the same feedback text.

Page 104



Jurnal Aplikasi Statistika & Komputasi Statistik, Vol.18(1), pp 98-114, June 2026

2500 4

2000 -

1500 4

1000 4

Number of Feedback

500

~ v % L “
Topic Group

Figure 3. Number of Feedback Entries per Topic by BERTopic (Medium Dataset)

Table 7. Example of Sentiment Analysis Results Using Various Models (Medium Dataset)

Sentime
Model nt Feedback
RoBERTa (-) Prices for tourists e.lre very expensive a‘nd arF: dehb.erately ta.ken
advantage of to gain profits and sometimes in tourist attractions

DistilBert (+) in Indonesia the people there like to force and are irresponsible.
Bert (+) (Harga untuk wisatawan yang sangat mahal dan di sengaja

mengambil kesempatan untuk meraih keuntungan dan terkadang
Albert (-) tempat wisata di indonesia orang-orang di sana suka memaksa dan

tidak bertanggung jawab
XLM-RoBERTa (-) &N ] )

3.1.4 Model Agreement

The evaluation results in Table 8 show that the RoOBERTa model achieved the highest agreement
with the majority predictions at 82.32%, closely followed by ALBERT at 82.07%. BERT and XLM-
RoBERTa also performed competitively, with agreement scores of 79.43% and 78.26%, respectively,
while DistilBERT, as a more lightweight model, obtained the lowest agreement at 68.29%.

Table 8. Model Agreement Results for Sentiment Analysis on the Medium Dataset

Model Agreement with the majority %

RoBerta 3.362 82.32
DistilBert 2.789 68.29
Bert 3.244 79.43
Albert 3.352 82.07
XLM-RoBerta 3.196 78.26

These results suggest that architectures with enhanced contextual modeling capabilities, such as
RoBERTa and ALBERT, provide more consistent predictions than baseline or distilled models. While
BERT and XLM-RoBERTa remain reliable, architectural refinements appear to offer a clear advantage
in agreement stability. The lower performance of DistilBERT reflects the trade-off inherent in model
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distillation, where reduced complexity improves efficiency but limits the capacity to capture deeper
semantic nuances. Overall, model selection for sentiment analysis should balance computational
efficiency with the need for contextual depth and prediction stability.
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Figure 4. Sentiment Distribution Across Topics by BERTopic (Medium Dataset)

After identifying the most stable sentiment model, the next step was to analyze sentiment
distribution across topics using predictions from the RoBERTa model, which achieved the highest
agreement score of 82.32%. As shown in Figure 4, the results indicate that:

° Topic 1 (Tourist Facilities and Convenience) was the most frequently discussed topic by
respondents and a key focus of attention. This topic was characterized by keywords such as
"tickets," "visit," "Indonesian archipelago," "clean," and "parking," and was dominated by
positive sentiment, indicating satisfaction with the tourist facilities provided. However, a
significant amount of negative sentiment also indicated that there were still a number of
complaints regarding these facilities.

° Topic 2 (Survey and Data Collection Methods) and Topic 3 (Domestic Tourist Survey) were
dominated by neutral sentiment, with keywords such as "survey," "bps," "sms,"
"respondents,” and "domestic tourist survey." These topics were more informative because
many respondents referred to the survey process itself, rather than services or direct
experiences.

° Topic 4 (Respondent Perceptions and Preferences) showed a relatively balanced distribution
of sentiment. Keywords such as "front," "home," "long," "love," and "year" indicated a variety
of opinions regarding respondents' personal perceptions or preferences. This topic reflects a
mix of satisfaction and dissatisfaction.

° Topic 5 (Investment and Environmental Management) has the least amount of data, but almost
all of the sentiment is negative. Keywords such as human resource quality, investment,
environmental aspects, overlapping, and attention to aspects indicate that this topic relates to
criticism of environmental management or policy aspects that are not yet optimal. Therefore,
this topic needs to be prioritized for future improvement.

Overall, Topic 1 is an area that needs to be maintained and continuously improved because it

indicates satisfaction with the majority of respondents, while Topic 5 is the most critical area and
requires immediate follow-up improvements.
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3.2. Long dataset

3.2.1 Topic Modelling

In this stage, all long text category feedback is classified as assigned to topics using various models,
including GSDMM, BERTopic, Top2Vec, kBERT, kUSE, NMF, Agglomerative, and LDA. Each model
is evaluated with different configurations of topic number and word count. Table 9 presents an example
of feedback from the long data set that has been assigned to five topics with ten representative words.

Table 9. Example of Topic Modeling Results Using Various Models (Long Dataset)

Model Topic Feedback
This feedback is provided in response to the 2024 Digital
GSDMM 4 Nusantara Tourist Survey conducted by Badan Pusat Statistik
(BPS — Statistics Indonesia). The survey is planned to be
BERTopic 0 implemented by BPS in July 2024. The survey is expected to
generate comprehensive information related to tourism
Top2Vec 0 activities in Indonesia, including detailed tourist profiles,
travel motivations, purposes of travel, types of
KBERT 0 accommodation used during trips, ...
(Masukan terhadap Survei Digital Wisatawan Nusantara 2024
KUSE 0 oleh Badan Pusat Statistik (BPS), namun berikut adalah

beberapa informasi mengenai survei tersebut: Survei Digital
Wisatawan Nusantara 2024 akan dilakukan oleh BPS pada Juli
NMF 4 2024. Survei ini akan menghasilkan informasi terkait wisata,
seperti profil wisatawan, maksud perjalanan, akomodasi yang

Agelomerative 0 digunakan, dan rata-rata lama perjalanan.)

LDA 3

3.2.2 Coherence Score

Referring to Table 10, the topic modeling evaluation results for the long feedback data category
show that Non-negative Matrix Factorization (NMF) consistently performed best compared to the other
seven models. NMF recorded the highest coherence scores in almost all configurations: 0.680 for 5
topics of 5 words, 0.698 for 10 topics of 5 words, and 0.696 for 15 topics of 5 words. Even in other
configurations, NMF remained above 0.58, indicating consistent performance in maintaining semantic
relationships between words. These values strengthen evidence that NMF is effective in mapping
thematic structures in long texts, which generally have higher vocabulary variety and meaning
complexity.

Table 10. Coherence Scores of Topic Models (Medium Dataset)

Model 5 Topics, 5 Topics, 10 Topics, 10 Topics, 15 Topics, 15 Topics,
S Words 10 Words 5 Words 10 Words 5 Words 10 Words

GSDMM 0.522 0.441 0.519 0.453 0.529 0.481
BERTopic 0.602 0.473 0.576 0.473 0.602 0.473
Top2Vec 0.418 0.333 0.444 0.329 0.444 0.329
KBERT 0.569 0.435 0.561 0.446 0.563 0.450
KUSE 0.551 0.451 0.541 0.437 0.545 0.463
NMF 0.680 0.581 #(0.698 0.625 0.696 0.609
Agglomerative 0.476 0.385 0.538 0.453 0.534 0.419
LDA 0.563 0.450 0.528 0.391 0.541 0.419
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Under NMF, BERTopic and kBERT performed quite competitively. BERTopic achieved the
highest score of 0.602 for the 5 topics of 5 words and 15 topics of 5 words. Furthermore, kBERT
achieved a maximum score of 0.569 for the 5 topics of 5 words. Both models demonstrated the ability
to capture semantic representations, although their consistency was still not on par with NMF.
Meanwhile, GSDMM recorded the highest score of 0.529 on 15 5-word topics, but its performance
remained below the three main models. Models such as Top2Vec, kUSE, and Agglomerative Clustering
showed fluctuating results, with average scores below 0.55, indicating limitations in maintaining
coherence across configurations. LDA, while relatively stable, only achieved a maximum score of 0.563
on 5 5-word topics, making it less than ideal for analyzing long text data.

Overall, for the long feedback category, NMF is the most recommended choice because it
consistently provides the highest scores across almost all configurations. A configuration of 10 5-word
topics can be considered the most optimal representation, while 5 5-word topics and 15 5-word topics
remain strong options for maintaining a balance between topic number and semantic cohesion. Models
such as BERTopic and kBERT can be considered as secondary alternatives or comparisons in
exploratory analysis.

Topic modeling results on the long dataset yielded ten main topics with more targeted keywords
that illustrate diverse issues in tourism, as shown in Figure 5. Topic #6 highlights travel costs with the
terms "ticket prices," "airplane tickets," and "expensive flights," while Topic #2 focuses on destination
quality and accessibility with the terms "tourist attractions," "Indonesian tourism," and "access to
places." Topic #3 addresses environmental and governance issues, Topic #4 emphasizes the
digitalization of tourism, while Topic #5 addresses geographic aspects with the terms "Java island,"
"island country," and "sea route."

Topic #1 Topic #2 Topic #3 Topic #4

hasil survei - tempat wisata - tumpang tindih - digital wisatawan -
survei wisatawan - wisata indonesia I lingkung hidup - survei digital -
wisatawan nusantara - tempat tempat I aspek lingkung - kait wisata -
daerah pencil - akses tempat I atur tumpang - wisatawan maksud .
penting survei . buang sampah l kualitas sdm - hasil informasi .
0o 02

LT o2 0o 0% oo o5

Topic #5 Topic #6 Topic #7 Topic #8

pulau jawa - harga tiket - capai juta - wisatawan nusantara -
negara pulau . tiket pesawat - bulan tahun - badan pusat -
luar pulau . pesawat mahal I tahun yony - pusat statistik -
jawa laku . daya beli l indonesia capai . publikasi rutin -
jalur laut . tiket mahal I nusantara wisnus . statistik publikasi -
o0

0s oo o5 o 02 o0 a2

Topic #9 Topic #10

sektor pariwisata - destinasi wisata -
pariwisata indonesia - objek wisata -
industri pariwisata - lokasi wisata .
kembang pariwisata . wisatawan lokal .

pariwisata ekonomi . wisatawan nusantara .

Figure 5. Top Terms per Topic (10 Topics x 5 Words) by NMF on Long Dataset

In contrast, Topics #9 and #10 reflect a macro perspective on tourism development. The first
emphasizes industry aspects with the terms "tourism sector," "tourism industry,” and "economic
tourism," while the second highlights destination issues and the role of domestic tourists with the terms
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"tourist destinations," "tourist attractions," and "local tourists." This separation of themes is quite clear,
although there is potential for overlap, for example, between Topics #2 and #10, which both discuss
destinations. These findings indicate that the model successfully maps major issues into more specific
topics, which is further strengthened by expert interpretations in Table 11 to provide a more
comprehensive context for subsequent analysis.

Table 11. Topic Interpretations and Top Keywords from NMF (Long Dataset)

Topic  Interpretation Description Keywords
1 Tourist Survey Highlights the implementation  survey results, tourist survey, domestic
and Data of the domestic tourist survey,  tourists, remote areas, survey importance
Collection including the importance of (hasil survei, survei wisatawan, wisatawan

2 Quality and
Accessibility of
Tourist
Destinations

3 Environment and
Governance

4 Digitalization in
Tourist Surveys

5 Geographical
Dimension
(Islands &
Transportation
Routes)

6 Travel Costs &
Transportation

7 Tourist Visit
Statistics

8 Data Publication
& Official
Statistics

9 Tourism Industry

& Economy

10 Destinations &
Local Tourists

reaching remote areas for data
completeness.

Discusses access to
destinations, cleanliness of
tourist environments, and
waste issues affecting tourist
experiences.

Raises issues of tourism
governance related to human
resource quality,
environmental sustainability,
and regulatory overlap.
Focuses on the use of digital
technology to facilitate tourist
surveys and information
processing.

Emphasizes the importance of
geographical factors such as
Java island, outer islands, and
sea routes in tourist mobility.

Highlights the high price of
airline tickets and their
relation to tourists’ purchasing
power.

Presents tourist visit data
based on numbers, time
periods, and annual
achievement trends.
Emphasizes the role of BPS in
providing and publishing
tourism statistics regularly.

Describes tourism’s
contribution as a growing
industry sector supporting the
national economy.

Discusses visits by local
tourists to various objects and
tourist locations in the
archipelago.

nusantara, daerah terpencil, penting survei)

tourist sites, Indonesian tourism, places,
access to places, throw garbage.

(tempat wisata, wisata Indonesia, tempat
tempat, akses tempat, buang sampah)

overlap, environment, environmental
aspects, overlap regulation, human resource
quality

(tumpang tindih, lingkungan hidup, aspek
lingkungan, atur tumpang, kualitas SDM)
digital tourists, digital survey, related
tourism, tourist intention, survey results
(digital wisatawan, survei digital, kait
wisata, wisatawan maksud, hasil informasi)
Java Island, island nation, outside islands,
Java trend, sea routes

(pulau Jawa, negara pulau, luar pulau,
Jawa laku, jalur laut)

ticket price, plane ticket, expensive plane,
purchasing power, expensive ticket

(harga tiket, tiket pesawat, pesawat mahal,
daya beli, tiket mahal)

reach millions, month year, year on year,
Indonesia reached, domestic tourists
(capai juta, bulan tahun, tahun yoy,
Indonesia capai, nusantara wisnus)
domestic tourists, central agency, statistics
center, regular publication, statistics
publication

(wisatawan nusantara, badan pusat, pusat
statistik, publikasi rutin, publikasi statistik)
tourism sector, Indonesian tourism, tourism
industry, tourism development, tourism
economy

(sektor pariwisata, pariwisata Indonesia,
industri pariwisata, kembang pariwisata,
pariwisata ekonomi)

tourist destinations, tourist attractions,
tourist locations, local tourists, domestic
tourists

(destinasi wisata, objek wisata, lokasi
wisata, wisatawan lokal, wisatawan
nusantara)

Once the main topics were identified, the next step was to analyze the feedback on each topic group.
Figure 6 shows an uneven distribution of respondents' responses. Topic #10 (Destinations & Local
Tourists) topped the list with the highest number of feedbacks, followed by Topic #1 (Tourist Surveys
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and Data Collection) and Topic #2 (Destination Quality and Accessibility). In contrast, several other
topics such as Topic #4 (Digitalization of Tourist Surveys), Topic #5 (Geographic Dimension), and
Topic #7 (Tourist Visit Statistics) received only a few responses, each below 50. This imbalance
indicates that issues related to tourist destinations, service quality, and tourist surveys received more
frequent attention in the feedback, thus requiring more attention as they likely represent some of the
most relevant to respondents.

Number of Feedback per Topic Group

250

200 4

150 +

100 A

Number of Feedback

50

Y s % & -] © A ® @
Topic Group

]

Figure 6. Number of Feedback Entries per Topic by NMF (Long Dataset)

3.2.3 Sentiment Analysis

Similarly to the medium dataset, feedback classified within the long text length category is
analyzed using a range of sentiment analysis models, namely RoBerta, DistilBert, Bert, Albert, XLM-
RoBERTa. The purpose of employing these models is to systematically categorize the feedback into
three sentiment classes: positive, negative, and neutral. Table 12 provides an illustrative example of the
analysis results, highlighting how each model may produce different sentiment labels when applied to
the same feedback text.

Table 12. Example of Sentiment Analysis Results Using Various Models (Long Dataset)

Model Senti Feedback
ment

MasyaAllah, since 2024, the results of the BPS tourism to Madiun have
RoBERTa (-)  been satisfactory. We took our family on a trip to Madiun. Enjoying the
beauty of Madiun. The food and recreation areas are really economical and
pocket-friendly. We are truly satisfied. Every trip in the city center of
DistilBert (+) Madiun, we are treated to several beautiful statues that are truly similar to
the original. The government is truly top notch. Vacations now don't have
to go far anymore.

Bert +
) (MasyaAllah dari tahun 2024 hasil BPS wisata ke Madiun hasilnya
memuaskan. Kami mengajak keluarga jalan jalan ke madiun.. Menikmati
Albert (-) indahnya kota madiun. Makanan dan tempat rekreasinya bener bener hemat
dan ramah dikantong. Kami bener bener puas.setiap perjalanan dikota pusat
madiunnya disuguhi beberapa patung patung yg bagus dan bener bener
XLM.RoBERTa ) mirip banget dengan aslinya. Benerbener pemerintahanya Top markotop

dah. Liburan sekarang gak perlu jauh jauh lagi)
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3.2.4 Model Agreement

In the sentiment analysis of the long-category dataset, the results presented in Table 13 demonstrate
clear performance differences among the evaluated models. ROBERTa achieved the highest agreement
with the majority vote at 84.38%, indicating its strong capability in capturing sentiment nuances in long
Indonesian texts. BERT followed with an agreement score of 82.09%, showing that it remains effective
in modeling contextual information, although its performance is slightly lower than that of RoOBERTa.
ALBERT and XLM-RoBERTa exhibited moderate performance, with agreement levels of 75.96% and
75.24%, respectively, reflecting a balance between model efficiency and, in the case of XLM-RoBERTa,
multilingual generalization. DistilBERT, as a lightweight distilled model, recorded the lowest agreement
at 65.75%, suggesting that while computationally efficient, model distillation reduces sentiment
classification accuracy for longer texts.

Table 13. Model Agreement Results for Sentiment Analysis on Long Dataset

Model Agreement with the majority %

RoBERTa 702 84.38
DistilBert 547 65.75
Bert 683 82.09
Albert 632 75.96
XLM- RoBERTa 626 75.24

Sentiment Distribution per Topic
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Figure 7. Number of Feedback Entries per Topic by NMF (Long Dataset)

After identifying the most consistent sentiment model, the next step was to examine the distribution
of sentiment within each topic based on the predictions of the ROBERTa model. The analysis revealed
the following results:

e Topic 10 (Destinations and Local Tourists) generated the most positive sentiment, reflecting
respondents’ appreciation for domestic tourist destinations. This topic was characterized by
keywords such as tourist destinations, tourist attractions, and local tourists, confirming
enthusiasm for the domestic tourism sector.

e Topic 2 (Quality and Accessibility of Tourist Destinations) and Topic 6 (Travel &
Transportation Costs) also showed predominantly positive sentiment. However, in Topic 6,
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complaints persisted regarding high travel costs or ticket prices, which impact respondents'
purchasing power.

e Topic 3 (Environment and Governance) and Topic 5 (Geographic Dimension/Islands &
Transportation Routes) displayed largely negative sentiment, indicating concerns regarding
environmental issues, unequal access between regions, and limited infrastructure.

e Topic 1 (Tourist Survey & Data Collection) and statistical topics such as Topic 7 (Tourist Visit
Statistics) and Topic 8 (Official Data & Statistics Publication) tended to be neutral, with
respondent feedback being more informative regarding the survey mechanism and tourism data.

Overall, Topics 10, 2, and 6 were perceived positively and should be maintained, while Topics 3 and
5 should be prioritized for improvement due to numerous complaints regarding governance and limited
access to the tourism sector.

Limitations

However, this study has several limitations that should be acknowledged. First, the dataset used in this
research exhibited an imbalance across both sentiment categories and topic groups, which may have
influenced the representativeness and stability of the sentiment distribution. Second, short texts were
deliberately excluded from the analysis due to their sparse linguistic features and limited contextual
information. Although this decision helped improve topic coherence and sentiment consistency, it may
limit the generalization of findings to shorter forms of feedback. Third, the sentiment evaluation relied
solely on the model agreement approach since no human-annotated ground truth was available for
validation. While this approach provides a reliable estimation of model consistency, it cannot fully
replace human judgment in assessing nuanced emotional expressions. Lastly, all models were trained
and tested using domain-specific data related to the tourism sector, which may constrain the
transferability of the results to other domains or datasets.

4. Conclusion

On the medium-sized dataset, the evaluation results showed that BERTopic was the superior model
with the highest coherence score. This model was able to group respondent feedback into more
structured topics, such as tourist facilities, surveys, domestic tourists, and tourism governance. The
distribution of feedback revealed that the topic of tourist facilities received the most attention and was
largely positive, indicating respondents' appreciation for the well-established destination management.

Furthermore, on the long-sized dataset, NMF performed more consistently than the other models.
NMF was more effective at capturing a more complex vocabulary, resulting in a wider variety of topics,
including travel costs, destination quality and accessibility, environmental issues, and tourism
digitalization. Among these topics, tourist destinations were the most frequently discussed theme and
were generally viewed positively, although some complaints about travel costs and access were still
found.

It is also noteworthy that several topics within the medium and long text datasets contained only a
small number of feedback entries because the phenomena they represented naturally occurred less
frequently in the survey. Removing these topics could risk eliminating minor issues that are
substantively significant, such as specific complaints or technical suggestions from respondents.
Therefore, these topics were retained as part of the thematic diversity in the medium and long text
datasets.

In terms of sentiment analysis, ROBERTa proved the most stable across both datasets, followed
closely by ALBERT and BERT, while DistilBERT was the least consistent. The combination of topic
models (BERTopic for medium-length text and NMF for long-form text) with RoBERTa as the
sentiment model represents the most optimal configuration.

In conclusion, this study (1) demonstrates the usefulness of user feedback data in the context of
Nusantara Tourist Survey, showing its potential to capture valuable insights for evaluation and
development. Furthermore, (2) the analysis successfully identified key topics emerging from feedback
content along with their sentiment trends, where tourist destinations and facilities were generally
assessed positively, while travel costs, environmental concerns, and governance issues generated
recurring negative sentiments. In addition, (3) the evaluation of several models showed that ROBERTa
was the most consistent sentiment model, and when combined with BERTopic for medium-length texts
and NMF for long-form texts, it provided the most optimal configuration. Finally, (4) these findings
establish an analytical framework that can guide survey managers in improving instruments and
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services, while also supporting policymakers in prioritizing actions such as enhancing accessibility,
controlling costs, and strengthening tourism governance to ensure more participatory, adaptive, and
evidence-based tourism development.
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Article history: Introduction/Main Objectives: Rice is a key staple commodity influencing
Received 6 May, 2026 food security and inflation in Indonesia, making accurate price forecasting
Revised 15 June, 2026 essential. In this study, we aim to compare ensemble boosting models and
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Keywords: a lag-based approach that uses lag variables as the only predictors, arranged
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GBM,; LightGBM,; Forecasting  external variables. Research Methods: Daily national medium rice price data
(Jan 2021-Jan 2026) from the National Food Agency are modeled using
Gradient Boosting Machine (GBM) and LightGBM, with hyperparameter
tuning via Optuna. The forecasting framework relies exclusively on significant
lag variables without incorporating exogenous factors. Model performance is
evaluated using RMSE, MAE, and MAPE. Findings/Results: LightGBM with
optimized hyperparameters achieves the best performance (RMSE = 66.389;
MAE =50.213; MAPE = 0.362%). Furthermore, forecasts for the next 89 days
indicate stable prices around Rpl3,360-Rp13,395/kg, with no significant
fluctuations.

1. Introduction

Rice is a fundamental food source for a majority of global population. Its consumption are found
is concentrated in Asia, Sub-Saharan Africa, and South America, where it plays a crucial role in meeting
dietary energy and carbohydrate requirements. Indonesia ranks fourth globally among rice-consuming
countries, with consumption reaching 35.367 million tons in 2020 [1]. Moreover, data from the National
Socioeconomic Survey (Susenas) conducted in March 2025 indicate that rice, including local rice,
premium-quality rice, and imported rice, has the highest consumption participation rate in Indonesia at
99.07%, highlighting the strong reliance of Indonesian society on rice as a daily staple food [2].

Rice is a strategic food commodity whose prices are classified within the volatile food group and
are highly sensitive to supply disruption and market dynamics, thereby directly influencing year-on-year
inflation in Indonesia [3]. This relationship is illustrated in Figure 1, where rice consistently appears as
one of the main contributors to inflation, although its impact may fluctuate overtime. Typically,
increases in rice prices are driven by imbalances between supply and demand, which are caused by
factors such as El Nifio, rising non-subsidized fertilizer prices, limited availability of subsidized
fertilizers, and irrigation damage [4]. In response to these challenges and to maintain price stability and
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food security, the government implements the second mission of Asta Cita through strategies such as
agrarian reform, fertilizer assurance, irrigation improvement, distribution efficiency, import policies,
and food reserve management [5].
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Figure 1. Contribution of rice commodity to year-on-year inflation

Government efforts to maintain long-term price stability can be supported by rice price forecasting,
which enables the anticipation of future trends and the formulation of more effective policy responses
[6]. Previous studies on rice price forecasting have employed various traditional statistical models,
including Double Exponential Smoothing [7], Linear Regression [8], ARIMA [9], and SARIMA [10].
However, advancements in science and technology have led to the increasing adoption of modern
statistical approaches, particularly machine learning, due to their ability to capture non-linear
relationships and complex interactions among variables that are often difficult to handle using traditional
methods [11]. Several machine learning models applied in forecasting studies include Random Forest,
Support Vector Machine (SVM) [12], Decision Tree (DT), Gradient Boosting Machine (GBM) [13],
and Extreme Gradient Boosting (XGBoost) [14].

One of the most widely developed machine learning approaches is ensemble boosting, a sequential
learning technique that combines multiple weak learners to construct a strong predictive model, where
each successive model focuses on correcting the errors of its predecessor [15]. Common
implementations of this method include Gradient Boosting Machine (GBM) and Light Gradient
Boosting Machine (LightGBM). GBM builds decision trees iteratively to improve accuracy [16], but its
performance becomes less efficient when applied to large datasets due to the need to processes the entire
dataset at each iteration. As an advancement of GBM, LightGBM enhances computational efficiency
by focusing only on important data and combining certain features without sacrificing accuracy [17].

Various studies have explored the capability of ensemble boosting models across different fields.
For instance, GBM has been shown to produce wind power generation predictions with the lowest
nRMSE among boosting models [18]. Similarly, in the agricultural commodity sector, LightGBM has
consistently outperformed six other models, namely ARIMA, Decision Tree (DT), Random Forest (RF),
Support Vector Machine (SVM), XGBoost, and Artificial Neural Network (ANN), in predicting
agricultural product prices [19]. Taken together, these findings justify the selection of GBM and
LightGBM as a suitable methods for forecasting rice prices, which exhibit substantial volatility.

This study adopts a distinct approach by utilizing lag variables as the sole predictors, which are
combined into multiple input schemes to represent historical information. Each scheme is evaluated to
examine its effect on model performance in capturing rice price movement patterns. To further enhance
model performance, hyperparameter tuning is performed using Optuna. This framework allow for
flexible exploration of temporal relationships without relying on a single variable combination. This
study intends to support the government in formulating food self-sufficiency policies through more
accurate rice price forecasting.
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2. Material and Methods

2.1. Data Source

The data used in this study are secondary data obtained from the official website of the National
Food Agency. The dataset is a daily time series covering the period from January 2021 to January 2026,
with a total of 1,857 observations. The variable used is the national medium rice price at the consumer
level, measured in Indonesian Rupiah per kilogram (IDR/kg), which is subsequently modeled and
forecasted. Medium rice refers to rice with a moderate quality level that meets the standards set by the
National Food Agency Regulation No. 2 of 2023. Its main characteristics include a minimum milling
degree of 95%, a maximum moisture content of 14%, a maximum of 2% broken fragments (menir), a
maximum of 25% broken grains, a maximum of 4% other rice grains, a maximum of 1 unhusked grain
per 100 grams, and a maximum of 0.05% foreign matter [20] The selection of medium rice is based on
its role as the most widely consumed type of rice among low- to middle-income populations, particularly
households slightly above the poverty line [21]. Therefore, fluctuations in medium rice prices can reflect
changes in society’s purchasing power and are directly linked with economic stability and food policy.

2.2. Research Framework

This study aims to develop a rice price forecasting model to understand price movement patterns
and support food policy decision-making. The research stages include data collection, data
preprocessing, construction of input variable, variable selection, model development, and evaluation
and interpretation of results. Visualization, analysis, and modeling were conducted using Python 3.12.13
in the Google Colab environment, utilizing libraries such as NumPy, pandas, scikit-learn, LightGBM,
statsmodels, Optuna, and Matplotlib. The expected outcome is the best-performing model for rice price
forecasting, along with prediction results that illustrate future price trends, as presented in the research
framework in Figure 2.
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Figure 2. The research framework

2.3.  Linear Interpolation

Linear interpolation is a commonly used method for handling missing data, with its primary
advantage being its ability to preserve the underlying trend without introducing unnecessary fluctuations
[22]. By applying this approach, data consistency can be maintained while reducing potential bias that
may affect subsequent analysis, particularly in time series contexts where continuity between
observations is essential. The method operates by constructing a straight line connecting two known
data points surrounding the missing value [23], allowing the unknown value to be estimated as a
proportion between them. Despite its simplicity, this approach is effective because it assumes a linear
relationship between the observations before and after the missing interval.

Yt+1 — Ve—1

=Yg (X — X 1
Ve = V-1 xt+1_xt—1(Xt Xt-1) (D
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In Equation (1), y,represents the estimated value at time t, y;_;and y;,; denote the observed values
at the previous and subsequent time points, respectively, while x;, x;_4, and x;,;correspond to the time
indices of the missing, previous, and subsequent observations.

2.4. Partial Autocorrelation Function

The Partial Autocorrelation Function (PACF) measures the correlation between observations Y;and
Y; 4 rafter removing the linear influence of all intermediate observations, namely Y, 1, Yi12, -, Yeqr—1-
In other words, PACF captures the direct correlation between two data points separated by lag k, while
controlling for the linear dependencies of the intervening variables [24]. Mathematically, this function
is expressed as the following conditional correlation:

Gir = corr(Ye, Yoy | Yeyr, o) Yern—1) (2)

Here, ¢y denotes the PACF coefficient at lag k, Y; represents the time series value at time ¢, and
Y,y is the value at time t + k, while k indicates the lag and t represents time. The sample PACF can
be mathematically defined as:

k-1 _
ﬁk—z, Pk-1,jPk-j
j=1

i = =) 3)
1—Zj=1 br-1,jPj

with the recursive relation:

brj = Pr—1,j = PrrPr-1k—jrj = 1.2, k = 1. (4)

In these expressions, @ represents the estimated PACF value at lag k, while qgk_l, jdenotes the
estimated PACF at lag j from lag k — 1. Furthermore, py is the estimated ACF at lag k, py_; is the
estimated ACF at lag k — j, and p; is the estimated ACF at lag j. Here, k indicates the lag, and j is the
lag index.

The selection of input variables is crucial for forecasting model performance. Before training, an
initial set of input must be determined. The PACF is used to identify these initial inputs, where variables
at specific lags are considered potential predictors if their PACF values fall outside the confidence
interval bounds, indicating statistical significance. The corresponding lags highlight significant
autocorrelation, which can be visualized with the PACF plot [25]. By leveraging PACF and considering
other relevant information, an initial set of input variables for different subseries can be approximated
[26].

2.5. Gradient Boosting Machine

Gradient Boosting Machine (GBM) is a supervised learning algorithm based on ensemble boosting
that builds models sequentially to optimize a specific objective function. At each iteration, the model
improves previous prediction errors by fitting weak learners, typically decision trees, to the residual
errors. A weak learner is a simple model with predictive performance slightly better than random
guessing, but through sequential boosting its performance can be significantly improved [27]. The main
objective of GBM is to minimize the loss function by combining weak learners in an additive manner
[28].

Figure 3 illustrates that GBM constructs a new weak learner by following the gradient direction to
reduce residuals. This process uses multiple regression trees as weak learners and applies a forward
stagewise learning approach to iteratively minimize residuals from the previous iteration. At the same
time, the algorithm adjusts sample weights across iterations to generate subsequent weak learners,
allowing the model to better capture patterns in the data and improve prediction accuracy at each step.
To obtain more accurate predictions, all weak learners produced in each iteration are then combined
linearly through an additive model [29].
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The process begins with the initialization of a base model that minimizes error on the training data
[30], followed by the computation of pseudo-residuals to construct weak learners at each iteration. The
model is updated iteratively by adding the contribution of each new weak learner until a stable final
model is obtained in the form of an additive regression function:

M
Pe=Foi) + ) v h(x) (5)
m=1
In equation (5), y; represents the predicted value for the t-th observation, Fy(x) is the initial
prediction before boosting begins, v is the learning rate that controls the contribution of each weak
learner, h,, (x;) denotes represents the weak learner at iteration m evaluated using the input features at
time t, and M is total number of boosting iterations used to construct the model.

2.6. Light Gradient Boosting Machine

Light Gradient Boosting Machine (LightGBM) is a decision tree-based model that extends the
ensemble boosting approach with high computational efficiency. Its main advantage lies in the use of a
leaf-wise tree growth strategy, which expands the node that yields the largest error reduction in a greedy
manner, allowing faster training compared to conventional methods [31]. In contrast to level-wise tree
growth, which grows the tree layer by layer where the number of nodes at depth D reaches 27 the leaf-
wise approach focuses on error optimization, leading to improved speed and model performance [32].

During the learning process, each tree is constructed to minimize the loss function while controlling
model complexity through regularization, ensuring a balance between accuracy and model stability. This
approach also utilizes gradient and Hessian information to improve the quality of model updates at each
iteration. In addition, LightGBM incorporates several acceleration techniques such as histogram-based
algorithms, Gradient-Based One-Side Sampling (GOSS), and Exclusive Feature Bundling (EFB), which
enable efficient processing of large-scale data without degrading model performance [33].

In general, the final prediction of LightGBM is obtained by summing the contributions of all
decision trees built sequentially, as follows:

1
y= zi=1Ti (X,6;) (6)

In this equation, y represents the final predicted value, T; denotes the i-th decision tree, X is the set
of input variables, 8; represents the parameters learned by the i-th tree, and I is the total number of trees
in the model.
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2.7. Optuna Search

Optuna is an automated framework for optimization hyperparameters in machine learning models.
This library enables a flexible hyperparameter search process through a define-by-run approach,
allowing the search space to be dynamically defined within the code according to the desired conditions.
Hyperparameters themselves are parameters that are set prior to the model training process and remain
constant throughout training. These parameters play a crucial role in determining the model’s learning
capacity, generalization ability, and computational cost. Compared to traditional optimization methods
such as grid search and random search, Optuna offers a more flexible and efficient approach to exploring
complex search spaces [34].

In its optimization process, Optuna commonly employs the Tree-structured Parzen Estimator (TPE)
algorithm, a Bayesian optimization method operating within the Sequential Model-Based Optimization
(SMBO) framework. This algorithm divides the parameter space into two probability distributions: one
representing trials with good performance and another representing the remaining trials. Candidate
parameters are then selected by maximizing the ratio between these two distributions, guiding the search
toward more promising regions of the parameter space. This approach enables more efficient
exploration, particularly in high-dimensional optimization problems [35]. Furthermore, Optuna provides
several advantages that enhance optimization efficiency. The Bayesian optimization algorithm leverages
results from previous trials to guide the search process, allowing optimal solutions to be identified with
fewer trials compared to conventional methods. Optuna also incorporates a pruning mechanism that
monitors the performance of each trial in real time and terminates underperforming trials at an early
stage. As a result, computational resources can be focused on the most promising hyperparameter
combinations, making the optimization process more efficient [36].

2.8. Model Evaluation

The evaluation methods used in this study include Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), and Mean Absolute Percentage Error (MAPE). MAE measures the average magnitude
of errors between predicted and actual values without considering their direction, making it easy to
interpret since it has the same unit as the original data [37]. RMSE is the square root of the average
squared differences between predicted and observed values, making it more sensitive to large errors and
useful for detecting high deviations. Meanwhile, MAPE expresses the error in percentage terms, which
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facilitates interpretation as it reflects the average relative error compared to actual values [38]. The
smaller the values of these three metrics, the better the model performance.

MAE = ~31,19, = vl 7)
1 n

RMSE= |=3"" (9= )2 ®
n t=1

n
1
MAPE = —
n
t=1

In these equations, y; represents the actual value at time t, J, is the predicted value at time t, and n
denotes the total number of observations. Lewis's benchmark is commonly used to interpret MAPE
values, where values below 10% indicate highly accurate forecasts, values between 10% and 20%
indicate good forecasting performance, and values between 20% and 50% suggest reasonable predictive
accuracy [39].

It should be noted that the forecasting models developed in this study rely exclusively on significant
lag variables derived from historical rice price data. Consequently, the models do not account for
exogenous factors that may influence price movements. While this univariate approach enables a
focused assessment of the predictive capability of lag-based information, it may limit the models' ability
to capture influences beyond the observed historical patterns.

Ve — Ve

Yt

x 100% )

3. Results and Discussion
3.1. Data Exploration

After data pre-processing, including the handling of missing values using linear interpolation, an
exploratory data analysis was conducted to examine the characteristics of rice prices in Indonesia,
including trends, variability, and price dynamics overtime.

Table 1. Descriptive statistics of rice prices (IDR/kg)
Mean Median Standard Deviation Minimum Maximum

12,308.71 11,985 1,383.67 7,850 14,595

Table 1 shows that the average rice price is IDR 12,308.71/kg, while the median value is IDR
11,985/kg. The relatively small difference between meand and media suggest that the price distribution
is approximately symmetric. The standard deviation of IDR 1,383.67 indicates a moderate level of
variability around the mean, reflecting price fluctuations over time. The minimum rice value of IDR
7,850/kg was recorded on March 12, 2021, which is associated with incomplete interprovincial data
reporting during that period. In contrast, the maximum price of IDR 14,595/kg occurred on April 11,
2024, two days after Eid al-Fitr 1445 H, likely driven by increased demand around religious holiday.
These statistics highlight the sensitivity of rice price to both data condition and seasonal demand factors.

Figure 5 illustrates the movement of rice prices in Indonesia over the study period. The prices series
exhibits distinct phases, beginning with pronounced short-term fluctuation in early 2021, which are
likely associated with incomplete regional data reporting during that period. From mid-2021 to mid-
2022, rice prices display a relatively stable pattern, indicating balanced market conditions with limited
votality. However, starting in late 2022, a persistent upward trend becomes evident, reflecting increasing
price pressure over time. A notable price peak is observed in early 2024, influenced by production
disruptions caused by extreme weather conditions and the El Nifio phenomenon, which suppressed
supply amid high demand. This increase was also driven by rising non-subsidized fertilizer prices,
reduced subsidies, land conversion, and global factors such as increased rice imports by Indonesia and
export restrictions by India [40]. After a temporary decline, prices rose again and reached another peak
in mid-2025, before correcting in September 2025, which coincided with government intervention
aimed at stabilizing rice prices [41].
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Figure 5. Daily rice price movement
3.2. Input Variable Selection

Variable selection in this study was conducted using Partial Autocorrelation Function (PACF)
analysis to identify lags that have a direct influence on rice price movements. The analysis was carried
out up to lag 30, corresponding to a monthly cycle, to capture short-term temporal relationships without
being affected by indirect dependencies across lags. Significant lags are those whose PACF values fall
outside the confidence interval, indicating a meaningful contribution in explaining rice price variation.

As illustrated in Figure 6, the presence of significant positive autocorrelation at early lags,
particularly lags 1 to 4, indicates that current prices are strongly influenced by prices from recent periods.
Autocorrelation values tend to decrease with increasing lag, indicating a weakening temporal
dependence. At higher lags, the pattern becomes unstable, alternating between positive and negative
values. Although some lags up to lag 30 remain significant, their influence is relatively small compared
to early lags, thus contributing less to the model.
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Figure 6. PACF plot of rice price data
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Based on PACF analysis, 18 significant lags were identified. However, to maintain modeling
efficiency, further selection was performed by choosing the 10 lags with the highest PACF values,
namely lags 1, 2, 3, 4, 7, 13, 14, 17, 18, and 20. This selection aims to retain important information
while reducing model complexity.

Table 2. Input variable schemes based on lag combinations

Scheme Lag Variables

Scheme 1 1

Scheme 2 2

Scheme 3 3

Scheme 1021 1,3,4,7,13,14,17,18, 20
Scheme 1022 2,3,4,7,13,14,17, 18,20
Scheme 1023 1,2,3,4,7,13, 14,17, 18, 20

The selected lag variables were then used to form various combinations of input variables in the
modeling process. With 10 lag variables, the total number of possible combinations is 1,023 schemes,
derived from all possible subsets excluding the empty set (21° — 1). Each scheme represents a different
combination of lag variables used as model input. This approach aims to evaluate various input
structures to obtain the most optimal variable combination without assuming specific relationships
between lags.

3.3. Model Development

Model development was carried out using two ensemble boosting approaches, namely Gradient
Boosting Machine (GBM) and Light Gradient Boosting Machine (LightGBM), by utilizing
combinations of selected lag variables. Model performance was evaluated using Expanding Window
Cross-Validation with five folds and the Root Mean Square Error (RMSE) metric to maintain the
temporal structure of the data. The evaluation results indicate that both models achieve their best
performance with lag combinations dominated by short-term lags. A summary of the ten best schemes
for each model is presented in Table 3.

Table 3. Top ten schemes based on RMSE CV for GBM and LightGBM

GBM LightGBM

Scheme Lag Variables RMSE CV Scheme Lag Variables RMSE CV
392 1,2,3,7,13 291.7 177 1,2,3,7 333.619
183 1,2,4,7 293.379 386 1,2,3,4,7 333.74
638 1,2,3,4,7,13 293.676 204 1,3,4,7 334.214
58 1,2,7 293.775 58 1,2,7 334.368
393 1,2,3,7,14 294.092 183 1,2,4,7 334.449
407 1,2,4,7,13 294.162 71 1,4,7 334.656
215 1,3,13,14 294.169 393 1,2,3,7,14 334.689
60 1,2,14 294.214 65 1,3,7 334.971
397 1,2,3,13,14 294.499 179 1,2,3,14 335.286
653 1,2,3,7,13,14 294.517 176 1,2,3,4 335.725

Table 3 shows that the GBM model produces lower RMSE CV values compared to LightGBM.
The best-performing GBM scheme is obtained using a combination of lags 1, 2, 3, 7, and 13, achieving
an RMSE CV of 291.70, while the optimal LightGBM scheme uses lags 1, 2, 3, and 7 with an RMSE
CV of 333.62. The dominance of lags 1 and 2 in both models indicates that the most recent historical
information plays a key role in modeling rice prices. In addition, the inclusion of lag 7 suggests the
presence of a weekly periodic pattern in rice price movement.
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Table 4. Hyperparameter search space for GBM and LightGBM

Model Hyperparameter Default Value Candidate Range

n estimators 100 100-500 (step of 50)
GBM learning rate 0.1 0.005-0.2

max depth 3 3-10

n estimators 100 100-500 (step of 50)
LightGBM learning rate 0.1 0.005-0.2

max depth -1 3-10

To improve model accuracy, hyperparameter optimization was performed using Optuna with the
search space presented in Table 4. The parameter n_estimators controls the number of trees in the
boosting process, learning_rate controls the contribution of each tree to the final model, and max_depth
controls model complexity. The optimization process was conducted over 100 trials to obtain the
parameter combination with the lowest RMSE CV.

Table 5. Optimal hyperparameter configuration and RMSE CV Results for GBM and LightGBM

Model n estimators learning rate max depth RMSE CV
GBM 350 0.1351 4 285.73
LightGBM 100 0.0953 10 334.05

These results show that hyperparameter optimization in GBM significantly improves model
performance by reducing the RMSE CV compared to the initial configuration. On the other hand,
optimization in LightGBM does not lead to performance improvement, indicating that its default
configuration is already sufficient in capturing the main data patterns. Results presented in Table 5
indicated that the GBM model outperforms LightGBM in modeling rice prices.

3.4. Evaluation and Forecasting
Model performance evaluation was conducted to compare the performance of GBM and LightGBM
under both default settings and optimized hyperparameter. The evaluation employed RMSE, MAE, and

MAPE metrics on training and testing datasets, while also accounting for computational time efficiency.

Table 6. Model performance evaluation on training and testing data

Model Training Data Testing Data Runtime
RMSE MAE MAPE RMSE MAE  MAPE  (sec)

GBM Default 42.750  22.004 0.190%  70.404 51276 0.369%  0.393

GBM Optuna 12.460  9.136 0.077%  73.651 53.870 0.388% 1.751

LightGBM Default 83.524 25845 0.233% 67.161 50.774 0.366%  0.056
LightGBM Optuna 83.978 26.492  0.239%  66.389 50.213  0.362%  0.045

As demonstrated in Table 6, the GBM Optuna model achieves the best performance on the training
data, with substantially lower RMSE, MAE, and MAPE values than all other models. This significant
reduction in error demonstrates that hyperparameter optimization effectively enhances the model’s
ability to learn and fit the underlying patterns in the training data. The improvement is particularly
notable compared to the GBM default configuration, suggesting that parameter tuning plays a crucial
role in maximizing the potential of the GBM algorithm. On the other hand, LightGBM shows relatively
stable performance before and after optimization, with only marginal changes in evaluation metrics.
This suggests that the default configuration of LightGBM is already well-suited to the data structure and
does not benefit significantly from further tuning in this case. Based on Lewis's benchmark, all models
can be categorized as having highly accurate forecasting performance, as all testing MAPE values are
below the 10% threshold. From a computational efficiency perspective, LightGBM clearly outperforms
GBM. The training time required by LightGBM is considerably shorter, even after optimization,
highlighting its advantage for efficiently handling large-scale data. In contrast, optimized GBM model
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exhibits longer training time, reflecting the computational cost of their iterative parameter refinement
and exhaustive learning strategy.

However, a different pattern emerges when evaluating the models on the test data. The LightGBM
model, especially with Optuna optimization, produces the lowest RMSE, MAE, and MAPE, indicating
superior generalization performance. This means that LightGBM is better at capturing the true
underlying patterns in the data and applying them effectively to unseen observations. In contrast, the
GBM model experiences a noticeable decline in performance when moving from training to testing data.
Despite achieving very low errors during training, its higher error values on the test data suggest that
the model may have overfitted the training data, learned noise or overly specific patterns that do not
generalize well. This interpretation is further supported by the Time Series Cross-Validation results,
which show that validation RMSE values are higher than those in training. This discrepancy highlights
the importance of generalization in a univariate forecasting framework based solely on significant lag
variables. Models that perform exceptionally well during training may not necessarily maintain the same
level of accuracy on unseen data. The stronger performance of LightGBM with Optuna optimization on
the test data suggests that it was better able to produce consistent predictions beyond the training period.
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Figure 7. Comparison of GBM and LightGBM performance on testing data

The visualization in Figure 7 provides a clearer picture representation of how each model follows
the movement of rice prices over time. Overall, both models are able to capture the general direction of
price changes, particularly during periods characterized by gradual trend. However, differences between
models become apparent during episodes of sharper price movements, such as sudden increase
decreases. LightGBM tends to generate smoother and more stable over time. Its estimated values remain
close to the actual data not only under normal conditions but also around turning points, including
periods when prices peak and subsequently decline. This shows that LightGBM is able to adjust its
predictions more consistently when the underlying price of the data shifts. Conversely, GBM shows
larger gaps between predicted and actual values during certain periods. This is most visible after the
price reaches a peak, where the model reacts more slowly to the downward trend. As a result, the
predictions tend to lag behind actual price movements, creating wider prediction errors. This indicates
that GBM faces greater difficulty in adapting to rapid changes in trend direction.

Based on the overall evaluation results, the LightGBM model with Optuna optimization is selected
as the best-performing model. While GBM achieves very low error values on the training data, the
decline in its performance on the testing data highlights the importance of generalization when
evaluating forecasting models. LightGBM, in contrast, maintains more consistent performance between
training and testing data. Moreover, it requires less computation time, making it more efficient. These
factors indicate that LightGBM is more reliable for practical forecasting of rice prices.

Page 125



Ensemble Boosting...[Muhammad Jimmy Saputra, et al.

14600
— Qbserved Values

- Fitted Model
~—— Forecasted Values

14400

14200

14000

price (IDR/Kg)

13800

l/‘{ivﬁ‘uf U\NUJ JM« \I |

13400 - “‘w \

2025-01 2025-03 2025-05 202507 2025-09 202‘5 11 2026-01 2026-03 2026-05
Figure 8. Model fitting and rice price forecasting results

Figure 8 illustrates the comparison between actual values, fitted values, and forecast results. The
model demonstrates a strong ability to replicate historical patterns, as indicated by the close alignment
between fitted values and actual observations. In the forecasting period, the predicted values show a
relatively stable trend without extreme fluctuations. This suggests that, in the short term, rice prices are
expected to remain relatively stable with only minor variations. The absence of sharp increases or
decreases indicates that no strong signals of significant market disruption are detected based on historical
patterns learned by the model.

4. Conclusion

The evaluation results show that the Gradient Boosting Machine (GBM) model achieves very low
error values on the training data, particularly after hyperparameter optimization using Optuna. However,
this strong in sample performance does not translate well to the testing data, indicating a tendency
toward overfitting. In contrast, the Light Gradient Boosting Machine (LightGBM) model demonstrates
more stable and consistent performance on out-of-sample data, reflecting superior generalization
capability.

Based on the evaluation results on the testing data, the LightGBM model with hyperparameter
optimization achieves the best performance, with an RMSE of 66.389, MAE of 50.213, and MAPE of
0.362%. In addition to higher accuracy, LightGBM also exhibits greater computational efficiency, with
a significantly faster training time compared to the GBM model. Therefore, the LightGBM Optuna
model is selected as the best model for forecasting rice commodity prices in Indonesia. Rice price
forecasting using the LightGBM Optuna model for the 89-day period (February to April 2026) indicates
that prices are expected to remain relatively stable in the short term, ranging from IDR 13,360/kg to IDR
13,395/kg. This suggests that over the next three months, rice prices are predicted to move within a
narrow and controlled range, with no indication of extreme price changes based on the historical patterns
learned by the model.
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caption. All photographs, schemas, graphs and diagrams are to be referred to as figures. Line drawings
should be good quality scans or true electronic output. Low-quality scans are not acceptable. Figures
must be embedded into the text and not supplied separately. In MS word input the figures must be
properly coded. Preferred format of figures are PNG, JPEG, GIF etc. Lettering and symbols should be
clearly defined either in the caption or in a legend provided as part of the figure. Figures should be
placed at the top or bottom of a page wherever possible, as close as possible to the first reference to
them in the paper. Please ensure that all the figures are of 300 DPI resolutions as this will facilitate good
output. Figures should be embedded and not supplied separately.

The figure number and caption should be typed below the illustration in 11 pt and left justified
[Note: one-line captions of length less than column width (or full typesetting width or oblong) centered].

I

Rt

B Ty

Figure 1. (a) first picture; (b) second picture

3. Equations
Equations and formulae should be typed in MathType or Microsoft Equation, and numbered

consecutively with Arabic numerals in parentheses on the right hand side of the page (if referred to
explicitly in the text). They should also be separated from the surrounding text by one space.

E

J (T = const.){P-[fc]m +(1—P)]

p= (M
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