;‘;°-°‘~ Science in Information Technology Letters

%25 Vol.3,No. 1, May 2022, pp. 31-44 .10 o ABBEE
985 ISSN 2722-4139 3 Sgg:'weptljl/TER
http://pubs2.ascee.org/index.php/sitech

—
Mapping crime determinants in Central Java: an ®CrossMar1<
in-depth exploration through local spatial

association and regression analysis

Nanda Lailatul Humairoh *', Tuti Purwaningsih “*', Shoffan Saifullah **, Felix Andika Dwiyanto ™,
Ilyos Rabbimov

2 Department of Statistics, Universitas Islam Indonesia, Indonesia

bInstitute of Computer Science, AGH University of Krakow, Poland

¢ Department of Informatics, Universitas Pembangunan Nasional Veteran Yogyakarta, Indonesia

d Center for Economic Research and Reform under Administration of the President of the Republic of

Uzbekistan, Uzbekistan
' 18611097@students.uii.ac.id; 2 tutipurwaningsih@uii.ac.id; * shoffans@upnyk.ac.id; * dwiyanto@agh.edu.pl; * ilyos.robbimove91@gmail.com

* Corresponding Author

ARTICLE INFO

Article history
Received 01 April, 2022
Revised 20 April, 2022
Accepted 02, May 2022

Keywords

Crime determinants
Central java

Spatial analysis
Regression analysis
Socio-economic factors

1. Introduction

ABSTRACT

Economic development often brings prosperity to communities, but it can
also be accompanied by growing disparities that, when unaddressed, lead to
increased crime rates. Central Java, an Indonesian province, has been
grappling with a persistent high crime rate, necessitating an in-depth
examination of the factors underlying this phenomenon. In this study, we
employ a rigorous research methodology, incorporating data sources from
the Central Java Central Statistics Agency (BPS) and utilizing key
independent variables, including population, unemployment, poverty, Age-
Dependency Ratio (APS), and Relative Location Quotient (RLS).
Through the application of advanced spatial analysis techniques such as the
Local Indicator of Spatial Association (LISA) and the Spatial
Autoregressive Model (SAR), this research offers a nuanced exploration of
the spatial relationships and regression analysis of these variables. Notably,
the study presents a tree map highlighting crime distribution in Central
Java's districts and cities. The findings reveal that these five variables exhibit
a 75.48% accuracy in predicting crime in Central Java. Through this
comprehensive analysis, our research aims to provide valuable insights for
policymakers, law enforcement, and the community at large, enabling
informed strategies for crime reduction and the promotion of a safer, more
prosperous Central Java.

This is an open access article under the CC-BY-SA license.

Crime is a multifaceted issue that affects societies worldwide, impacting not only individuals' well-
being but also the overall quality of life within a region [1], [2]. The quest for economic development,
while an essential goal for many communities, often accompanies the challenge of addressing socio-
economic disparities [3], [4], which, if left unaddressed, can contribute to an increase in crime rates.

Central Java, an Indonesian province, has grappled with a persistent high crime rate [5]. To effectively
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combat this issue, it is paramount to comprehend the intricate web of factors influencing criminal
activities [6]. This research endeavors to delve into the dynamics of crime within Central Java, focusing
on the influences of population [7], unemployment [8], [9], poverty [8], [10], Age-Dependency Ratio
(APS) [11], [12], and the Relative Location Quotient (RLS) [13], [14].

In recent years, there have been fluctuations in the number of reported crimes in Central Java [15],
but it consistently ranks among the top ten Indonesian provinces with the highest crime rates [16]. As
crime is defined as any conduct that breaches both the law and social norms [17], [18], the government
and law enforcement agencies must pay close attention to this issue [19]. To address crime effectively in

Central Java, it is crucial to understand the elements that contribute to its prevalence [20].

Spatial regression analysis [21], particularly the Spatial Autoregressive Model (SAR) [22], is
employed in this research to discern the intricate relationships between these factors and their spatial
implications [23]—[25]. Although much research has been conducted on the factors influencing crime
in Indonesia, the application of the SAR analysis in the context of Central Java remains a relatively rare
endeavor [26]. Thus, this study fills a crucial gap in understanding the local dynamics of crime within

the province.

The primary objective of this research is to provide a comprehensive picture of the crime situation in
Central Java and to uncover the factors and spatial effects that influence crime within the region. By
conducting an in-depth spatial analysis, we aim to shed light on the unique characteristics of Central
Java's crime landscape [27], [28]. The findings of this study are expected to serve as a valuable resource
for policymakers, law enforcement agencies, and researchers seeking to develop informed strategies for
crime reduction and the enhancement of public safety in Central Java. This investigation represents a
significant step in comprehending the root causes of crime within the region, aiming to inform evidence-

based strategies for reducing criminal activities and fostering a safer, more prosperous Central Java.

The structure of this article is as follows: Section 2 provides an in-depth elaboration of the research
methodology, detailing data sources, research phases, and the application of advanced statistical
techniques, including the Local Indicator of Spatial Association (LISA) and the Spatial Autoregressive
Model (SAR). In Section 3, we dive into the presentation and discussion of the research findings,
encompassing descriptive statistics, spatial autocorrelation, the LISA index, and a comprehensive
exploration of the advantages and limitations of SAR models. Lastly, Section 4 serves as the culmination
of our research, offering a succinct summary of the research findings, reiterating the influential factors
in Central Java's complex crime landscape, and emphasizing the spatial dependencies and predictive

capacity of our model.

2. Method

2.1. Data and Data Sources

The foundation of this research lies in the comprehensive dataset obtained from the Central Java
Central Statistics Agency (BPS). This dataset serves as the backbone of our analysis, providing the
necessary variables to understand the intricate web of factors that contribute to crime in Central Java.

The variables within the dataset include.
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Population (X1): Population is a fundamental component of the analysis [29]. High population
areas might experience different crime dynamics compared to areas with lower populations.

Understanding how population relates to crime rates is crucial.

Unemployment (X2): The unemployment rate is another critical factor [30]. High unemployment

rates can lead to economic instability, potentially driving individuals towards criminal activities.

Poverty (X3): Poverty often correlates with higher crime rates [31]. The economic struggles faced

by impoverished communities can create an environment conducive to criminal behavior.

Age-Dependency Ratio (APS) (X4): The age-dependency ratio is an indicator of the proportion of
dependent individuals (such as children and the elderly) to the working-age population [32].

Variations in this ratio can shed light on societal vulnerabilities that may influence crime.

Relative Location Quotient (RLS) (X5): The RLS is a measure of the concentration of a particular
industry in Central Java compared to the national average [33], [34]. Variations in the RLS can

reveal economic disparities that might affect crime.

The data sources, primarily provided by the BPS, guarantee a robust and reliable foundation for this

research. The data collection process adheres to rigorous standards, ensuring accuracy and

representativeness. This rich dataset allows for a multi-dimensional analysis, uncovering the intricate

relationships between these variables and crime rates within Central Java.

2.2. Analytical Techniques

This section outlines the analytical strategies utilized to explore the intricate dynamics of crime in

Central Java, emphasizing the adoption of rigorous and advanced methodologies.

Descriptive Analysis: At the onset, the research conducts a comprehensive descriptive analysis,
aiming to illuminate the essential features and attributes of the dataset [35]. This foundational
exploration involves scrutinizing the central tendencies, dispersion, and distributions of critical
variables such as population, unemployment, poverty, age-dependency ratio, and relative location
quotient. By meticulously investigating these parameters, the research establishes an initial
understanding of the socio-economic landscape of Central Java, facilitating the formulation of
preliminary insights and hypotheses concerning the relationship between these factors and crime

rates.

Spatial Analysis: An integral component of the research, spatial analysis serves as a lens through
which the intricate relationships between variables and crime rates in Central Java are examined
[36], [37]. Global spatial autocorrelation is initially evaluated using the Moran Index, enabling the
identification of broad spatial patterns within the dataset [38]. This assessment aims to determine
whether specific regions in Central Java exhibit significant spatial clustering of high or low crime
rates. Subsequently, local spatial analysis, conducted through the Local Indicator of Spatial
Association (LISA) Index, uncovers localized crime hotspots and cold spots. This examination
provides valuable insights into specific districts or cities that display distinctive crime dynamics and

their spatial correlations with neighboring areas.

Spatial Regression Analysis: Central to the research's analytical framework is the utilization of
Spatial Autoregressive Model (SAR) for spatial regression analysis [39]-[41]. The SAR model
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facilitates the exploration of spatial dependencies, acknowledging the influence of both intrinsic
characteristics and those of neighboring regions on crime rates. Particularly suited for investigating
complex spatial patterns in crime, the SAR model enables an in-depth examination of how the
socio-economic variables of one area impact crime rates not only within that region but also in
adjacent areas. By leveraging the SAR model, the research aims to unravel the intricate interplay

between socio-economic factors and the spatial distribution of crime in Central Java.

The chosen analytical techniques, ranging from comprehensive descriptive analysis to advanced spatial

regression modeling, form a robust foundation for the subsequent presentation and discussion of

research findings in Section 3.

2.3. Analytical Techniques

This section elaborates on the array of statistical tools harnessed to unearth the underlying dynamics

of crime in Central Java. The research employs a suite of rigorous techniques to uncover the intricate

relationships between socio-economic factors and crime rates in the region [42].

Descriptive Statistics: The research embarks on its analytical journey by employing descriptive
statistics to gain insights into the fundamental characteristics of the dataset [43]. Through measures
of central tendency, variability, and distribution, this initial analysis delves into the properties of
critical variables, including population, unemployment, poverty, age-dependency ratio, and relative
location quotient. Descriptive statistics not only provide an overview of the dataset but also lay the
groundwork for formulating hypotheses regarding the potential influences of these variables on
crime rates.

Global Spatial Autocorrelation: The assessment of global spatial autocorrelation [44] is pivotal in
understanding the broader spatial patterns of crime in Central Java. The Moran Index, a widely
recognized metric, is utilized to gauge the extent of spatial clustering within the dataset. By
identifying areas with similar crime rates and those exhibiting high or low clustering, this analysis
unveils the overarching spatial dynamics of crime. This initial investigation is critical in recognizing

regions with distinct crime characteristics, which sets the stage for further exploration.

Local Spatial Autocorrelation: Delving deeper into spatial relationships, the research leverages the
Local Indicator of Spatial Association (LISA) Index [45]. This tool uncovers local crime hotspots
and cold spots, pinpointing specific districts or cities with remarkable spatial dependencies. By
identifying regions where crime rates are significantly correlated with those of neighboring areas,
the LISA Index (1) provides essential insights into localized crime dynamics. This in-depth
understanding of spatial correlations lays the foundation for unraveling the complex web of factors

influencing crime at the local level.

I = (=) Ljq Wi (xj—%) (1)

Ox

Where x; is the observation value at the I-th location, x; is the observation value at the j-th
location, X is the average value of the observation variable, w;; is the spatial weighting, and o, is
the standard deviation value of the variable x.

Spatial Regression Modeling: At the core of the research's analytical arsenal lies the Spatial
Autoregressive Model (SAR) [46], [47]. This sophisticated model is tailor-made for investigating

complex spatial patterns and dependencies. By considering the influence of not only local socio-
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economic variables but also those of neighboring regions, the SAR model uncovers the intricate
interplay between these factors and crime rates. It offers a comprehensive framework for exploring
how the characteristics of one area impact crime rates within that region and in adjacent areas. The
SAR model, renowned for its capacity to disentangle complex spatial relationships (2), is a powerful
tool for revealing the nuanced dynamics of crime in Central Java.

y=pWy+Xp+e @
with assumption e~N(0, a2]) from the (2) we get:

e=y—pWy—Xp=(U-pW)y—Xp 3)

In this context, "y" represents the response variable, "X" stands for the matrix of explanatory variables,
"W" denotes the matrix of spatial weights, and "p" signifies the coefficient of spatial lag within the
model's predictors. It's important to note that this model assumes an autoregressive process exclusively
on the response variable.

These statistical tools collectively empower the research to explore the intricate dynamics of crime,
both at a global and local scale. The subsequent section, Section 3, will present the research findings,
offering a comprehensive analysis of the influences of population, unemployment, poverty, age-
dependency ratio, and relative location quotient on crime rates in Central Java.

3. Results and Discussion

3.1. Descriptive Statistics

In this section, we provide a comprehensive analysis of the descriptive statistics for key variables to
deepen our understanding of the socio-economic landscape and its relationship with crime rates in
Central Java (Fig. 1).

The cities/regencies in Central Java based on the number of criminal activities.

The number of crimes

Jepara Grobogan ~ Magelang 77 887

SRR Regency Regency Regency

Semarang City
Purbalingga
Boyolali Regency Regency City
Sukoharjo
R .
y - X St Salatiga o
Banyumas Regency Cilacap Regency Regency Yegul
Karanganyar City
Regency Purworejo
Regency
Klaten Regency Pekalongan
Regency RDcmak
e
Surakarta City B
Semarang Regency Tegal Regency Kudus
Regency

Fig. 1. A tree map illustrating the distribution of crime in Central Java, providing descriptive statistics for the

variables used in this research to assess the overall crime data and its independence

Population: The population data reveals significant variations across districts and cities within Central
Java (Table 1). Semarang City, the province's capital, has a high population of 1,653,524, which is
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considerably larger than many other areas. Understanding the distribution of population is crucial as it
can be closely associated with crime rates. High population density can lead to increased opportunities

for both criminal activity and victimization.

Table 1. Frequency of crimes in Central Java's cities/regencies, with a focus on areas with the highest number

of crimes

City/Regency  Semarang city  Banyumas Regency  Surakarta City  Pati Regency  Cilacap Regency

Qty Crime 887 727 650 511 394
Qty Population 1653524 1776918 522364 1324188 1944857
Unemployment 9.57 6 7.92 4.74 9.1

Poverty 79580 211650 47030 127370 198600
APS 74.66 62.38 76.25 72.51 68.67
RLS 10.53 7.52 10.69 7.44 6.97

Unemployment Rates: Examining the unemployment rates across the region, we find that Banyumas
Regency has the lowest rate at 6%, while Semarang City has an unemployment rate of 9.57%.
Unemployment can be a contributing factor to crime as individuals without employment opportunities

may resort to illegal activities.

Poverty Levels: Poverty is another significant variable. In Banyumas Regency, there are 211,650
individuals living below the poverty line, whereas in Surakarta City, this number is significantly lower at
47,030. High poverty levels often correlate with an increased propensity for crime, as individuals facing

economic hardships may resort to criminal activities as a means of survival.

Age-Dependency Ratio (APS): APS, representing the proportion of dependent individuals, varies
across districts. Surakarta City has the highest APS at 76.25, indicating a higher dependency ratio. A
high APS can exert pressure on the working-age population to support dependent individuals, which

can potentially contribute to socio-economic stress and, subsequently, crime rates.

Relative Location Quotient (RLS): RLS is another critical variable, and it ranges from 6.97 to 10.69
across districts. RLS measures the concentration of employment in a specific industry relative to the
national average. A higher RLS can signify economic specialization. This could mean an area's economy
is largely reliant on a specific industry, which, if disrupted, may lead to economic hardships and,

indirectly, higher crime rates.

Crime Rates: The number of crimes reported varies across districts, with Semarang City consistently
reporting the highest crime rate. This distribution raises important questions about the socio-economic
factors and spatial patterns influencing crime. The high crime rates in these districts demand in-depth
analysis to determine whether there are spatial dependencies and what factors contribute to these
patterns.

This detailed analysis of descriptive statistics forms the foundation for our spatial regression analysis,
enabling us to understand the complex interplay between population, unemployment, poverty,
dependency ratios, location quotients, and crime rates in Central Java. Further exploration and modeling
are needed to provide actionable insights for policymakers and law enforcement agencies to develop

strategies aimed at reducing crime and enhancing the well-being of Central Java's residents.
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Science in Information Technology Letters

ISSN 2722-4139 Vol. 3., No. 1, May 2022, pp. 31-44

37

3.2. Testing Spatial Autocorrelation

In this section, we delve into testing for spatial autocorrelation, which is a critical step in
understanding the underlying spatial patterns of crime in Central Java. We employ two key tests, the
Moran's Index and the Local Indicator of Spatial Association (LISA) Index, to explore spatial

dependencies in the crime data.

Moran's Index: The Moran's Index is employed to determine the presence of spatial autocorrelation,
which indicates whether crime rates in one region are influenced by those in neighboring regions. This
test allows us to identify the degree of spatial clustering or dispersion in Central Java. The Moran's Index
is calculated as -0.07008243. By rejecting the null hypothesis (HO: No spatial autocorrelation), we
establish that spatial autocorrelation indeed exists in the crime data. This result implies that crime rates
in one district are influenced by the rates in neighboring districts, suggesting the presence of spatial

patterns in criminal activities.

LISA Index: To gain a deeper understanding of the spatial patterns revealed by Moran's Index, we
employ the Local Indicator of Spatial Association (LISA) Index. The LISA Index is applied to specific
districts and cities (Table 2), providing us with insights into the local spatial clusters of high or low
crime rates. The LISA Index results highlight that Banyumas Regency, Wonosobo, and Tegal City
exhibit spatial dependencies in their crime rates. These areas are characterized by a strong local
association with neighboring districts, indicating that high or low crime rates in these regions are not

isolated incidents but rather part of larger spatial clusters.

Table 2. LISA index results for crime in Central Java

No City/Regency LISA Index  p-value No  District /City LISA Index  p-value

1 Banjarnegara 0.158327517 0.167 19 Holy 0.153141759 0.298
2 Banyumas -0.192726636 0.002* 20 Magelang -0.083794175 0.303
3 Stem 0.057091046 0.429 21 Starch -0.115481331 0.077
4 Blora 0.156644583 0.415 22 Pekalongan 0.044879767 0.439
5 Boyolali 0.051611306 0.264 23 Pemalang 0.157749132 0.347
6 Brebes -0.019490692 0.434 24 Purbalingga 0.092003346 0.335
7 Cilacap 0.192830916 0.212 25 Purworejo 0.212735714 0.087
8 Demak 0.093145176 0.43 26 Rembang 0.098076614 0.494
9 Grobogan 0.112774275 0.253 27 Salatiga City -0.369955946 0.304
10 Jepara 0.099986618 0.359 28 Semarang -0.014240167 0.42
11 Karanganyar -0.154969955 0.149 29 Sragen 0.02983041 0.496
12 Kebumen 0.188191578 0.221 30 Sukoharjo -0.141616734 0.13
13 Kendal 0.084375055 0.381 31 Surakarta City -0.328511539 0.417
14 Klaten 0.011538854 0.494 32 Tegal 0.076503416 0.469
15 Magelang City -1.19881399 0.455 33 Temanggung 0.197219626 0.191
16 Pekalongan City -0.559126478 0.313 34 Wonogiri 0.181080503 0.494
17 Semarang city -0.339160255 0.277 35 Wonosobo 0.282672766 0.038*
18 Tegal City -0.756048718 0.001*

Cluster Map: The Cluster Map (Fig. 2) visually represents the findings from the LISA Index,
shedding light on the spatial relationships among districts. It identifies three significant areas: one cluster
with high crime rates (Banyumas Regency and Tegal City) and one with low crime rates (Wonosobo).
The presence of such clusters implies that there are localized hotspots of criminal activities within

Central Java, which may be influenced by shared socio-economic factors or community dynamics.
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Fig. 2. Cluster Map showing crime relevance levels in Central Java

By conducting these spatial autocorrelation tests, we have uncovered the existence of spatial patterns
in crime across Central Java. This knowledge allows us to move forward with a spatial regression analysis
using the Spatial Autoregressive Model (SAR). The identified spatial dependencies are essential for
constructing a robust model that can capture the influences of neighboring districts on crime rates. This,
in turn, contributes to a more accurate understanding of the socio-economic factors affecting crime in

the region.

3.3. LISA Index

In this section, we provide a more detailed analysis of the Local Indicator of Spatial Association
(LISA) Index results, which offer insights into the local spatial patterns of high or low crime rates in
Central Java. These findings are crucial for identifying specific regions with significant spatial

dependencies and understanding the factors that may contribute to these localized patterns.

The LISA Index analysis covers all districts and cities in Central Java, and it reveals the presence of
spatial autocorrelation and the degree of clustering in crime rates. This analysis helps us identify regions
with similar crime patterns that are influenced by neighboring areas. The index values are calculated for

each district or city and indicate whether it is part of a spatial cluster of high or low crime rates.
The LISA Index results show that several districts in Central Java exhibit local spatial associations :

e Banyumas Regency: The LISA Index value for Banyumas Regency is -0.1927 with a significant p-
value of 0.002. This indicates that Banyumas Regency is part of a spatial cluster with low crime
rates and is surrounded by neighboring districts with similarly low crime rates. The negative value
suggests that Banyumas Regency is in a cluster of districts with lower crime rates compared to the

surrounding areas.

e Wonosobo: Wonosobo also demonstrates a significant LISA Index value of 0.2827 with a p-value
of 0.038. This positive value signifies that Wonosobo is part of a spatial cluster with high crime
rates and is surrounded by districts with similarly high crime rates. In this case, the positive LISA
Index value indicates that Wonosobo is in a cluster of districts with higher crime rates compared

to its neighbors.

e Tegal City: Tegal City has a substantial LISA Index value of -0.7560 with a highly significant p-
value of 0.001. This negative value indicates that Tegal City is part of a spatial cluster with low

crime rates, surrounded by neighboring districts with similarly low crime rates. The strong negative
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value suggests that Tegal City is in a cluster of districts with significantly lower crime rates compared

to its surrounding areas.

These LISA Index findings are instrumental in understanding the local spatial dependencies of crime
rates within Central Java. It is clear that specific districts exhibit strong associations with their
neighboring regions, either in terms of high or low crime rates. These spatial dependencies can be
influenced by a variety of factors, such as shared socio-economic conditions, local law enforcement

efforts, or community dynamics.

The knowledge of these spatial clusters provides a foundation for the subsequent spatial regression
analysis using the Spatial Autoregressive Model (SAR). The SAR model will enable us to explore the
factors contributing to these localized patterns of crime and gain a deeper understanding of the socio-

economic dynamics affecting different districts and cities within Central Java.

3.4. Spatial Regression Modeling

This section delves into the spatial regression modeling, focusing on the Spatial Autoregressive
Model (SAR) to estimate the effects of various factors on crime rates in Central Java. The SAR model
takes into account the spatial dependencies identified in the previous sections and provides valuable
insights into the relationships between crime rates and independent variables, including population,
unemployment, poverty, Age-Dependency Ratio (APS), and Relative Location Quotient (RLS).

LM Test for Spatial Lag Dependence: Before delving into the SAR model, a critical LM (Lagrange
Multiplier) test was conducted to ascertain the presence of spatial lag dependence. This test is vital in
establishing the necessity of using a spatial regression model. The hypothesis for this test was set as

follows :
e HO (Null Hypothesis): There is no spatial lag dependence (p = 0).
e HI (Alternative Hypothesis): There is spatial lag dependence (p # 0)

The significance level (o) was set at 0.05. The LM test results revealed a p-value of 0.03647, leading
to the rejection of the null hypothesis. This suggests the presence of spatial lag dependence in the data.
Consequently, the SAR model is a suitable choice for modeling crime rates in Central Java, as it takes

spatial dependencies into account.

Spatial Autoregressive (SAR) Model Estimation: The SAR model estimation is a critical step in
understanding the relationships between crime rates and independent variables. The results from the

SAR model estimation are presented in Table 3.

Table 3. LISA index results for crime in Central Java

No Coefficient Estimate p-value
1 p -0.58578 0.009827
2 Bo (intercept) -3.2995 x 10% 0.10221
3 Bl_ 3.8689 x 107 1.155 x 10°%
4 B2_ -2.2655x10% 0.02978
5 B3_ -1.0578 x 10 0.03697
6 B8_ -5.3914 0.03436
7 B9 _ 1.2737 x 10% 4,057 x 10
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e p (Spatial Lag Coefficient): The coefficient for spatial lag (p) is estimated as -0.58578 with a p-
value of 0.009827. This coefficient signifies the extent to which the crime rate in a given location
is influenced by the crime rates in neighboring areas. The negative value indicates that a higher

crime rate in the surrounding districts is associated with a lower crime rate in the focal district.

o Intercept (B0): The intercept term is estimated as -3.2995 x 102 with a p-value of 0.10221. It

represents the crime rate when all independent variables are set to zero.

e B1, B2, B3, B8, and B9: These coeflicients represent the impact of individual independent variables
(population, unemployment, poverty, APS, and RLS) on the crime rate. Each of these coefficients

has a unique p-value, indicating the significance of its effect.

Model Interpretation: With the SAR model estimated, we can interpret the relationships between

crime rates and the independent variables:

e A one-unit change in the population (X1) results in a change of 0.00038689 in the crime rate.

e A one-unit change in the unemployment rate (X2) leads to a change of 22.655 in the crime rate.
e A one-unit change in the poverty rate (X3) results in a change of 0.0010578 in the crime rate.

e A one-unit change in APS (X4) leads to a change of 5.3914 in the crime rate.

e A one-unit change in RLS (X5) results in a substantial change of 127.37 in the crime rate.

Additionally, the SAR model reveals that spatial lag dependence is indeed present, indicating that
neighboring regions have an influence on the crime rate. The spatial lag coefficient (p) at -0.58578
provides insights into this influence, where a higher crime rate in nearby districts is associated with a

lower crime rate in the focal district.

Overall Test of the SAR Model: An overall test was conducted to evaluate the simultaneous influence

of the independent variables on the crime rate. The hypotheses for this test were :

e HO (Null Hypothesis): The independent variables simultaneously have no effect on the dependent

variable.

e HI (Alternative Hypothesis): At least one independent variable simultaneously influences the

dependent variable.

The test results yielded a p-value of 0.0093744, leading to the rejection of the null hypothesis. This
indicates that the independent variables (population, unemployment, poverty, APS, and RLS)

collectively influence the crime rate in Central Java.

The SAR model, with an R-squared value of 0.7548 (75.48%), demonstrates its ability to explain
75.48% of the variation in the crime rate. This implies that the selected independent variables account
for a significant portion of the observed variations in crime rates across Central Java. The remaining

24.02% of the variance may be attributed to factors not included in the model.

In summary, the SAR model provides a comprehensive understanding of the relationships between
crime rates and various factors while considering spatial dependencies. The model's ability to explain a
substantial portion of the variance in crime rates in Central Java makes it a valuable tool for policymakers
and law enforcement agencies to develop informed strategies for crime reduction and public safety

enhancement in the region.
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4, Conclusion

In this study, we delved into the dynamics of crime in Central Java, Indonesia, focusing on socio-
economic factors and employing spatial regression techniques. Crime, a persistent issue in Central Java,
calls for a deeper understanding of its driving forces. Our analysis began with a detailed examination of
crime patterns across the region, revealing areas with higher crime rates. We identified five key variables,
including population, unemployment, poverty, Age-Dependency Ratio (APS), and Relative Location
Quotient (RLS), that significantly influence crime rates in Central Java. Rigorous spatial tests confirmed
the presence of spatial dependencies, leading to the adoption of a Spatial Autoregressive Model (SAR).
This model illuminated complex relationships between variables and crime rates, indicating the pivotal
role of spatial lag dependence. The model's strong explanatory power, with 75.48% of the variance
explained, offers valuable insights for policymakers and law enforcement in addressing crime in Central
Java. This research contributes to informed strategies for crime reduction and public safety enhancement

in the region, ultimately fostering a safer and more prosperous Central Java.

Future research should explore the region's unique cultural and sociological factors impacting crime.
Examining historical trends and temporal changes in crime rates is essential for effective policy
development. Integrating advanced technologies like predictive analytics, machine learning, and deep
learning can enhance predictive models and law enforcement strategies. Collaboration between
researchers, policymakers, and communities is key to addressing crime's underlying causes, aiming for

sustainable crime reduction and improved safety in Central Java.

Acknowledgment

The authors extend their sincere appreciation to the following universities for their support and
collaborative contributions: Universitas Islam Indonesia; AGH University of Krakow; Universitas
Pembangunan Nasional Veteran Yogyakarta; University of South Australia; and the Center for Economic
Research and Reform under Administration of the President of the Republic of Uzbekistan. These
academic institutions played a pivotal role in facilitating and advancing this research on crime dynamics

in Central Java.

References

[1]  D.T. L. Shek, “Protests in Hong Kong (2019-2020): a Perspective Based on Quality of Life and Well-
Being,” Appl. Res. Qual. Life, vol. 15, no. 3, pp. 619-635, Jul. 2020, doi: 10.1007/s11482-020-09825-2.

[2] N. Hasan, Y. Bao, and S. J. Miah, “Exploring the impact of ICT usage among indigenous people and their
quality of life: operationalizing Sen’s capability approach,” Inf Technol. Dev., vol. 28, no. 2, pp. 230-250,
Apr. 2022, doi: 10.1080/02681102.2021.1951150.

[3] G. Di Baldassarre er al, “Sociohydrology: Scientific Challenges in Addressing the Sustainable
Development Goals,” Water Resour. Res., vol. 55, no. 8, pp. 6327-6355, Aug. 2019, doi:
10.1029/2018WR023901.

[4] K. Aruleba and N. Jere, “Exploring digital transforming challenges in rural areas of South Africa through
a systematic review of empirical studies,” Sci African, vol. 16, p. 01190, Jul. 2022, doi:
10.1016/j.sciaf.2022.e01190.

[5] M. Budianta, “Smart kampung: doing cultural studies in the Global South,” Commun. Crit. Stud., vol.
16, no. 3, pp. 241-256, Jul. 2019, doi: 10.1080/14791420.2019.1650194.

Purwaningsih et al. (Mapping crime determinants in Central Java: an in-depth exploration through local spatial association. . .)


https://doi.org/10.1007/s11482-020-09825-2
https://doi.org/10.1080/02681102.2021.1951150
https://doi.org/10.1029/2018WR023901
https://doi.org/10.1016/j.sciaf.2022.e01190
https://doi.org/10.1080/14791420.2019.1650194

(6]

Science in Information Technology Letters

Vol. 3., No. 1, May 2022, pp. 31-44 ISSN 2722-4139

H. Earwaker, S. Nakhaeizadeh, N. M. Smit, and R. M. Morgan, “A cultural change to enable improved
decision-making in forensic science: A six phased approach,” Sci. Justice, vol. 60, no. 1, pp. 9-19, Jan.
2020, doi: 10.1016/j.scijus.2019.08.006.

W. Ellis, W. H. Dietz, and K.-L. D. Chen, “Community Resilience: A Dynamic Model for Public Health
3.0, J. Public Heal. Manag. Pract., vol. 28, no. Supplement 1, pp. S18-S26, Jan. 2022, doi:
10.1097/PHH.0000000000001413.

M. K. Anser, Z. Yousaf, A. A. Nassani, S. M. Alotaibi, A. Kabbani, and K. Zaman, “Dynamic linkages
between poverty, inequality, crime, and social expenditures in a panel of 16 countries: two-step GMM
estimates,” J. Econ. Struct., vol. 9, no. 1, p. 43, Dec. 2020, doi: 10.1186/s40008-020-00220-6.

F. AYHAN and N. BURSA, “Unemployment and Crime Nexus in European Union Countries: A Panel
Data Analysis,” Yonetim Bilim. Derg., vol. 17, no. 34, pp. 465-484, Sep. 2019, doi:
10.35408/comuybd.574808.

P. F. Cabrera-Barona, G. Jimenez, and P. Melo, “Types of Crime, Poverty, Population Density and
Presence of Police in the Metropolitan District of Quito,” ISPRS Int. J. Geo-Information, vol. 8, no. 12,
p. 558, Dec. 2019, doi: 10.3390/ijgi8120558.

J.-J. Wang and N.-Y. Tsai, “Contemporary integrated community planning: mixed-age, sustainability and
disaster-resilient approaches,” Nat. Hazards, vol. 112, no. 3, pp. 2133-2166, Jul. 2022, doi:
10.1007/s11069-022-05259-1.

S. Bhatt, “The Mature Startups,” in Entrepreneurship Today, Cham: Springer International Publishing,
2022, pp. 87-119, doi: 10.1007/978-3-031-11495-3_5.

L. Li, J. Cheng, J. Bannister, and X. Mai, “Geographically and temporally weighted co-location quotient:
an analysis of spatiotemporal crime patterns in greater Manchester,” Int. J. Geogr. Inf Sci., vol. 36, no. 5,
pp- 918-942, May 2022, doi: 10.1080/13658816.2022.2029454.

G. Beconyt¢, M. Govorov, A. Bal¢iunas, and D. Vasiliauskas, “Spatial distribution of criminal events in
Lithuania in 2015-2019,” J Maps, vol. 17, no. 1, pp. 154-162, Jan. 2021, doi:
10.1080/17445647.2021.2004940.

S. Nurbayani, M. Dede, and M. A. Widiawaty, “Utilizing library repository for sexual harassment study in
Indonesia: A systematic literature review,” Heliyon, vol. 8, no. 8, p. e10194, Aug. 2022, doi:
10.1016/j.heliyon.2022.¢10194.

L. Sugiharti, M. A. Esquivias, M. S. Shaari, L. Agustin, and H. Rohmawati, “Criminality and Income
Inequality in Indonesia,” Soc. Sci., vol. 11, no. 3, p. 142, Mar. 2022, doi: 10.3390/socsci11030142.

P.-O. H. Wikstrém, “Situational Action Theory: A General, Dynamic and Mechanism-Based Theory of
Crime and Its Causes,” in [n: Krohn, M., Hendrix, N., Penly Hall, G., Lizotte, A. (eds) Handbook on
Crime and Deviance. Handbooks of Sociology and Social Research, 2019, pp. 259-281, doi: 10.1007/978-
3-030-20779-3_14.

A. Surmiak, “Should we Maintain or Break Confidentiality? The Choices Made by Social Researchers in
the Context of Law Violation and Harm,” /. Acad. Ethics, vol. 18, no. 3, pp. 229-247, Sep. 2020, doi:
10.1007/510805-019-09336-2.

L. Tacconi, R. J. Rodrigues, and A. Maryudi, “Law enforcement and deforestation: Lessons for Indonesia
from Brazil,” For. Policy Econ., vol. 108, p. 101943, Nov. 2019, doi: 10.1016/j.forpol.2019.05.029.

L. Bowes et al, “The development and pilot testing of an adolescent bullying intervention in Indonesia —
the ROOTS Indonesia program,” Glob. Health Action, vol. 12, no. 1, p. 1656905, Jan. 2019, doi:
10.1080/16549716.2019.1656905.

A. P. Wheeler and W. Steenbeek, “Mapping the Risk Terrain for Crime Using Machine Learning,” J.
Quant. Criminol., vol. 37, no. 2, pp. 445-480, Jun. 2021, doi: 10.1007/510940-020-09457-7.

M. Tomal, “Modelling Housing Rents Using Spatial Autoregressive Geographically Weighted Regression:
A Case Study in Cracow, Poland,” ISPRS Int. J. Geo-Information, vol. 9, no. 6, p. 346, May 2020, doi:
10.3390/ijgi9060346.

Purwaningsih et al. (Mapping crime determinants in Central Java: an in-depth exploration through local spatial association. . .)


https://doi.org/10.1016/j.scijus.2019.08.006
https://doi.org/10.1097/PHH.0000000000001413
https://doi.org/10.1186/s40008-020-00220-6
https://doi.org/10.35408/comuybd.574808
https://doi.org/10.3390/ijgi8120558
https://doi.org/10.1007/s11069-022-05259-1
https://doi.org/10.1007/978-3-031-11495-3_5
https://doi.org/10.1080/13658816.2022.2029454
https://doi.org/10.1080/17445647.2021.2004940
https://doi.org/10.1016/j.heliyon.2022.e10194
https://doi.org/10.3390/socsci11030142
https://doi.org/10.1007/978-3-030-20779-3_14
https://doi.org/10.1007/978-3-030-20779-3_14
https://doi.org/10.1007/s10805-019-09336-2
https://doi.org/10.1016/j.forpol.2019.05.029
https://doi.org/10.1080/16549716.2019.1656905
https://doi.org/10.1007/s10940-020-09457-7
https://doi.org/10.3390/ijgi9060346

ISSN 2722-4139

Science in Information Technology Letters

Vol. 3., No. 1, May 2022, pp. 31-44 43

H.-W. Kang and H.-B. Kang, “Prediction of crime occurrence from multi-modal data using deep
learning,” PLoS One, vol. 12, no. 4, p. €0176244, Apr. 2017, doi: 10.1371/journal.pone.0176244.

W. Bernasco and H. Elffers, “Statistical Analysis of Spatial Crime Data,” in Handbook of Quantitative
Criminology, New York, NY: Springer New York, 2010, pp. 699-724, doi: 10.1007/978-0-387-77650-
7_33.

U. M. Butt, S. Letchmunan, F. H. Hassan, M. Ali, A. Baqir, and H. H. R. Sherazi, “Spatio-Temporal
Crime HotSpot Detection and Prediction: A Systematic Literature Review,” IEEE Access, vol. 8, pp.
166553-166574, 2020, doi: 10.1109/ACCESS.2020.3022808.

Jumadi, A. Heppenstall, N. Malleson, S. Carver, D. Quincey, and V. Manville, “Modelling Individual
Evacuation Decisions during Natural Disasters: A Case Study of Volcanic Crisis in Merapi, Indonesia,”
Geosciences, vol. 8, no. 6, p. 196, May 2018, doi: 10.3390/geosciences8060196.

E.R. Groft, S. D. Johnson, and A. Thornton, “State of the Art in Agent-Based Modeling of Urban Crime:
An Overview,” J. Quant. Criminol, vol. 35, no. 1, pp. 155-193, Mar. 2019, doi: 10.1007/s10940-018-
9376-y.

F. Rifaie, E. Sulistyadi, and Y. S. Fitriana, “A review of patterns and geographical distribution of human-
wildlife conflicts in Indonesia,” Berk. Penelit. Hayati, vol. 27, no. 1, pp. 41-50, Dec. 2021, doi:
10.23869/bphjbr.27.1.20217.

D. Maulud and A. M. Abdulazeez, “A Review on Linear Regression Comprehensive in Machine
Learning,” J. Appl. Sci. Technol. Trends, vol. 1, no. 4, pp. 140-147, 2020, doi: 10.38094/jastt1457.

S. Sharma, G. Singh, and M. Sharma, “A comprehensive review and analysis of supervised-learning and
soft computing techniques for stress diagnosis in humans,” Comput. Biol. Med., vol. 134, p. 104450, Jul.
2021, doi: 10.1016/j.compbiomed.2021.104450.

K. Makhlouf, S. Zhioua, and C. Palamidessi, “Survey on Causal-based Machine Learning Fairness
Notions,” Oct. 2020. [Online]. Available at: https://arxiv.org/abs/2010.09553.

R. Ofori-Asenso, E. Zomer, A. J. Curtis, S. Zoungas, and M. Gambhir, “Measures of Population Ageing
in Australia from 1950 to 2050,” J. Popul. Ageing, vol. 11, no. 4, pp. 367-385, Dec. 2018, doi:
10.1007/s12062-017-9203-5.

M. Hijek, M. Holecovd, H. Smolovi, L. Jefdbek, and I. Frébort, “Current state and future directions of
bioeconomy in the Czech Republic,” N. Biotechnol, vol. 61, pp. 1-8, Mar. 2021, doi:
10.1016/j.nbt.2020.09.006.

C. P. Chain, A. C. dos Santos, L. G. de Castro, and J. W. do Prado, “Bibliometric analysis of the
quantitative methods applied to the measurement of industrial clusters,” J. Econ. Surv., vol. 33, no. 1, pp.
60-84, Feb. 2019, doi: 10.1111/joes.12267.

N. Shah, N. Bhagat, and M. Shah, “Crime forecasting: a machine learning and computer vision approach
to crime prediction and prevention,” Vis. Comput. Ind. Biomed. Art, vol. 4, no. 1, p. 9, Apr. 2021, doi:
10.1186/542492-021-00075-z.

A. Wang, A. Zhang, E. H. W. Chan, W. Shi, X. Zhou, and Z. Liu, “A Review of Human Mobility
Research Based on Big Data and Its Implication for Smart City Development,” ISPRS Int. J. Geo-
Information, vol. 10, no. 1, p. 13, Dec. 2020, doi: 10.3390/ijgi10010013.

G. Wallentin, “Spatial simulation: A spatial perspective on individual-based ecology—a review,” Ecol.
Modell, vol. 350, pp. 30-41, Apr. 2017, doi: 10.1016/j.ecolmodel.2017.01.017.

P. Nayak, J. Pai, N. Singla, K. Somayaji, and D. Kalra, “Geographic information systems in spatial
epidemiology: Unveiling new horizons in dental public health,” /. Int. Soc. Prev. Community Dent., vol.
11, no. 2, p. 125, 2021, doi: 10.4103/jispcd.JISPCD_413_20.

Y. Yang, “Spatial Analytics and Data Visualization,” in Handbook of e-Tourism, Cham: Springer
International Publishing, 2022, pp. 1-22, doi: 10.1007/978-3-030-05324-6_34-1.

A. Ziakopoulos and G. Yannis, “A review of spatial approaches in road safety,” Accid. Anal. Prev., vol. 135,
p. 105323, Feb. 2020, doi: 10.1016/j.aap.2019.105323.

Purwaningsih et al. (Mapping crime determinants in Central Java: an in-depth exploration through local spatial association. . .)


https://doi.org/10.1371/journal.pone.0176244
https://doi.org/10.1007/978-0-387-77650-7_33
https://doi.org/10.1007/978-0-387-77650-7_33
https://doi.org/10.1109/ACCESS.2020.3022808
https://doi.org/10.3390/geosciences8060196
https://doi.org/10.1007/s10940-018-9376-y
https://doi.org/10.1007/s10940-018-9376-y
https://doi.org/10.23869/bphjbr.27.1.20217
https://doi.org/10.38094/jastt1457
https://doi.org/10.1016/j.compbiomed.2021.104450
https://arxiv.org/abs/2010.09553
https://doi.org/10.1007/s12062-017-9203-5
https://doi.org/10.1016/j.nbt.2020.09.006
https://doi.org/10.1111/joes.12267
https://doi.org/10.1186/s42492-021-00075-z
https://doi.org/10.3390/ijgi10010013
https://doi.org/10.1016/j.ecolmodel.2017.01.017
https://doi.org/10.4103/jispcd.JISPCD_413_20
https://doi.org/10.1007/978-3-030-05324-6_34-1
https://doi.org/10.1016/j.aap.2019.105323

[41]

[42]

Science in Information Technology Letters

Vol. 3., No. 1, May 2022, pp. 31-44 ISSN 2722-4139

F. Louzada, D. C. do Nascimento, and O. A. Egbon, “Spatial Statistical Models: An Overview under the
Bayesian Approach,” Axioms, vol. 10, no. 4, p. 307, Nov. 2021, doi: 10.3390/axioms10040307.

A. Rastogi, S. Sridhar, and R. Gupta, “Comparison of Different Spatial Interpolation Techniques to
Thematic Mapping of Socio-Economic Causes of Crime Against Women,” in 2020 Systems and
Information  Engineering  Design  Symposium  (SIEDS), Apr. 2020, pp. 1-6, doi:
10.1109/SIEDS49339.2020.9106690.

I. Lee and G. Mangalaraj, “Big Data Analytics in Supply Chain Management: A Systematic Literature
Review and Research Directions,” Big Data Cogn. Comput., vol. 6, no. 1, p. 17, Feb. 2022, doi:
10.3390/bdcc6010017.

J. R. Hipp and S. A. Williams, “Advances in Spatial Criminology: The Spatial Scale of Crime,” Annu.
Rev. Criminol, vol. 3, no. 1, pp. 75-95, Jan. 2020, doi: 10.1146/annurev-criminol-011419-041423.

J. M. Eberth, M. R. Kramer, E. M. Delmelle, and R. S. Kirby, “What is the place for space in
epidemiology?,” Ann. Epidemiol., vol. 64, pp. 41—46, Dec. 2021, doi: 10.1016/j.annepidem.2021.08.022.

O. Kounadi, A. Ristea, A. Araujo, and M. Leitner, “A systematic review on spatial crime forecasting,”
Crime Sci., vol. 9, no. 1, p- 7, Dec. 2020, doi: 10.1186/s40163-020-00116-7.

H. Gu, X. Lao, and T. Shen, “Research Progress on Spatial Demography,” in In: Ye, X., Lin, H. (eds)
Spatial Synthesis. Human Dynamics in Smart Cities, 2020, pp. 125-145, doi: 10.1007/978-3-030-52734-
1_10.

Purwaningsih et al. (Mapping crime determinants in Central Java: an in-depth exploration through local spatial association. . .)


https://doi.org/10.3390/axioms10040307
https://doi.org/10.1109/SIEDS49339.2020.9106690
https://doi.org/10.3390/bdcc6010017
https://doi.org/10.1146/annurev-criminol-011419-041423
https://doi.org/10.1016/j.annepidem.2021.08.022
https://doi.org/10.1186/s40163-020-00116-7
https://doi.org/10.1007/978-3-030-52734-1_10
https://doi.org/10.1007/978-3-030-52734-1_10

