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Abstract

Geographic Information Systems (GIS) applications enable data-driven decision
making for sustainable and socially responsible urban development. This paper
reviews GIS research on urban crime analysis published during 2000-2023, assessing
emerging trends aligned with sustainable development goals. Analysis of 293 articles
reveals prevalent focus areas including spatial analysis, crime prevention strategies,
socioeconomic factors, and technology integration. Key developments encompass
real-time monitoring, predictive policing, machine learning techniques, diverse data
integration, and interdisciplinary approaches considering social contexts. Persistent
challenges remain regarding data quality, predictive accuracy, and balancing
priorities. Yet amidst complex crime shifts during the pandemic, geospatial analytics
proves vital for evidence-based policies fostering secure, resilient cities. As GIS
leverages big data and Al, enhanced granularity and responsiveness can inform
localized interventions tackling inequality, exclusion, and violence per the UN 2030
Agenda. However, community participation is pivotal to ensure ethical technology
deployment supporting collective wellbeing. By detailing two decades of research,
this systematic review serves as a reference highlighting GIS's transformative role in

enabling inclusive urban futures.

Keywords: Urban crime analysis, GIS, predictive modeling, technology integration,

sustainable development.
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Evolution and Prospects of Geographic Information Systems (GIS)
Applications in Urban Crime Analysis: A Review of Literature

Abstract

Geographic Information Systems (GIS) empower data-driven urban crime analysis,
fostering sustainable and inclusive cities. This systematic review synthesizes 293
studies from 2000 to 2023, examining GIS applications in spatial analysis, crime
prevention, socioeconomic influences, and technology integration, aligned with
United Nations Sustainable Development Goals (SDGs). Key trends include Al-
driven predictive policing, real-time monitoring via IoT and Remote Sensing, and
Crime Prevention Through Environmental Design (CPTED) to deter crime through
urban planning. Machine learning enhances hotspot mapping precision, integrating
diverse data like social media and demographics, yet challenges persist in data
quality, ethical Al use, and hyperlocal analysis. Amid evolving crime dynamics
driven by inequality and urbanization, GIS supports evidence-based policies to
reduce violence and exclusion. Community engagement ensures ethical technology
deployment, prioritizing equity. This review highlights GIS’s transformative
potential in addressing research gaps and advancing safer urban futures, offering a

comprehensive reference for researchers and policymakers.

Keywords: Urban crime analysis, GIS, predictive modeling, technology integration,

sustainable development, safer city



1. Introduction

Urban crime has gained attention due to factors like rural-urban migration, climate change,
socioeconomic inequality, policing reforms, and technological advancements (Cheng and Chen,
2021). Urban crime analysis has evolved significantly with the advent of Geographic Information
Systems (GIS), which enable spatially informed, data-driven approaches to understanding and
mitigating crime patterns. The integration of GIS with emerging technologies, such as artificial
intelligence (Al) and big data analytics, has transformed crime prevention strategies, offering
unprecedented precision in hotspot mapping, predictive policing, and resource allocation (Cheng
and Chen, 2021; Ratcliffe, 2019). However, the rapid pace of technological advancements and
shifting crime dynamics—exacerbated by global socioeconomic disruptions—necessitate a
comprehensive synthesis of GIS applications to guide future research and policy (UN, 2015). This
review addresses this gap by systematically analyzing GIS-based urban crime studies from 2000
to 2023, focusing on methodological trends, data integration, and alignment with sustainable urban
development goals. The rationale for this review stems from three key needs: (1) to consolidate
two decades of GIS advancements in crime analysis, capturing the shift from basic mapping to Al-
enhanced predictive models; (2) to identify research gaps, particularly in hyperlocal analysis and
real-time monitoring; and (3) to align GIS applications with global priorities, such as the United
Nations Sustainable Development Goals (SDGs), for fostering safer cities (UN, 2015).

Urban crime is a multifaceted issue driven by socioeconomic disparities, environmental stressors,
and demographic shifts. Income inequality and racial segregation exacerbate crime risks in urban
centers, often concentrated in marginalized neighborhoods (Boman and Gallupe, 2020; Moise and
Piquero, 2023; Hipp et al., 2020). Rural-urban migration and globalization amplify these
challenges, with studies linking cross-border flows to organized crime and illicit markets (Liu et

al., 2022; Seyidoglu et al., 2023). Environmental factors, such as urban sprawl and poor



infrastructure, further contribute to criminogenic conditions, underscoring the need for spatial
analysis (Zhu et al., 2021; Patino et al., 2014). GIS addresses these dynamics by mapping crime
hotspots and correlating them with social disorganization, land use patterns, and economic
deprivation, providing insights for targeted interventions (Wang et al., 2013; Davies and Bowers,
2020).

Advancements in GIS have revolutionized crime analysis, moving beyond static mapping to
dynamic, predictive models. The integration of Al and machine learning enables precise
forecasting of crime risks, leveraging diverse datasets like social media, mobility patterns, and
historical records (Aneja and Ahuja, 2021; Prathap et al., 2022; ToppiReddy et al., 2018). For
example, predictive policing models identify potential burglary hotspots with high accuracy,
though ethical concerns about algorithmic bias and over-policing persist (He et al., 2021; Turvey
and Freeman, 2023). Real-time monitoring, supported by 10T sensors and Remote Sensing,
enhances GIS’s ability to track transient crime patterns, facilitating rapid response (Bherwani and
Kumar, 2022; Khlem et al., 2022; Tempat et al., 2023). These technologies align with global
digitalization trends, where urban governance increasingly relies on data-driven tools for decision-
making (UNCTAD, 2022; Houle et al., 2022).

Crime Prevention Through Environmental Design (CPTED) complements GIS by using spatial
data to design safer urban environments. Strategies like improved lighting, accessible public
spaces, and defensible architecture reduce crime opportunities, aligning with SDG 11°s vision of
inclusive cities (Wang et al., 2024; Garcia Chueca, 2021). GIS supports CPTED by identifying
high-risk areas for targeted urban planning, integrating socioeconomic and environmental data to

inform holistic interventions (Newton et al., 2022; Mansourihanis et al., 2023). However, effective



implementation requires balancing technological solutions with community engagement to ensure
equitable outcomes (Khojastehpour et al., 2022; Lisowska-Kierepka, 2022).

Policing reforms, driven by calls for fairness and accountability, highlight GIS’s dual role in
enhancing efficiency and addressing systemic issues. Spatial analysis informs resource allocation
and patrol strategies, improving public safety while minimizing overreach (Davies and Bowers,
2020; Aziz and Long, 2022; Keatley et al., 2022). Yet, concerns about surveillance and data
privacy necessitate ethical frameworks to guide GIS applications, ensuring alignment with public
trust and governance goals (Lisowska-Kierepka et al., 2022; Gu et al., 2022). These challenges are
amplified in rapidly urbanizing regions, where crime patterns evolve with demographic and
economic shifts, requiring adaptive, GIS-driven solutions (Houle et al., 2022; Seyidoglu et al.,
2023).

Previous reviews, such as Uittenbogaard and Ceccato (2012) and Li and Zhu (2023), explored GIS
in crime mapping but offered limited insights into Al integration, hyperlocal analysis, and long-
term trends across 2000-2023. While studies like Newton et al. (2022) and Mansourihanis et al.
(2023) highlight GIS’s potential for micro-scale interventions, gaps remain in real-time
monitoring, ethical Al deployment, and alignment with SDGs (Khojastehpour et al., 2022;
Lisowska-Kierepka, 2022). This review synthesizes 293 studies to address these gaps, examining:
(1) evolving GIS methodologies, data sources, and models, and their implications for urban crime
research; (2) the role of AI-GIS integration in advancing crime prevention and fostering safer,
sustainable urban environments (Gu et al., 2022; Lisowska-Kierepka et al., 2022; Wang et al.,
2013).

2. Methodology

When conducting a systematic review, a methodical approach is followed to analyze abstracts

and synthesize relevant studies. This section provides a detailed summary of the systematic



review methodology used to analyze the abstracts in this review article, focusing on the
relationship between GIS and urban crime analysis. This systematic review builds upon the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) protocol, a
widely recognized framework for conducting rigorous and transparent systematic reviews (Moher
et al., 2009). The PRISMA guidelines were chosen for their comprehensive approach, which
ensures methodological transparency, minimizes bias, and enhances reproducibility. Following
PRISMA, our review process encompassed several key steps: formulation of research questions,
development of a comprehensive search strategy, screening of abstracts, application of selection
criteria, evaluation of full-text articles, data extraction, and data synthesis and analysis. (No meta-
analysis or statistical tests were conducted, as the review focuses on qualitative synthesis of
trends, with absolute frequencies reported for objectivity) This structured approach allows for a
thorough and unbiased assessment of the current state of knowledge regarding GIS applications
in urban crime analysis. The methodology encompasses several steps, including the formulation
of research questions, development of a search strategy, screening of abstracts, application of
selection criteria, evaluation of full-text articles, data extraction, and data combination and
analysis. The systematic search was conducted across Web of Science databases, and others. To
capture variations of relevant terms, the search queries employed wildcards, such as ‘crime*' to
include 'crime’ and ‘crimes. This systematic approach ensures the inclusion of relevant studies
and allows for a comprehensive analysis of the evolution and prospects of GIS applications in
urban crime analysis. The search queried Web of Science, Scopus, and PubMed, selected for their
coverage of geospatial and criminological literature. Queries used Boolean operators (e.g., “GIS”
AND “crime*”). Exclusion criteria included non-English articles and non-empirical studies. A

supplementary table (Table S1) details screening outcomes, available upon request.



The time period of 2000-2023 was chosen for this literature review to provide an overview
of developments and trends in GIS applications for urban crime analysis over the past two
decades. The year 2000 was selected as the starting point as it marked the emergence of more
advanced GIS technologies and spatial analysis techniques that began to be applied to crime
pattern analysis (Wang et al., 2013). The 2000 starting point aligns with the proliferation of
empirical GIS applications in crime analysis, as earlier studies (pre-1990s) focused on theoretical
frameworks or basic mapping with limited advanced spatial analytics (Levine, 2006). Reviewing
studies from 2000 onwards enables the identification of shifts in research objectives, data sources,
methodologies, and technologies used over time. The end date of 2023 was chosen to incorporate
the most recent advancements and provide an up-to-date perspective on the state of the field.
Furthermore, a 20+ year period allows for the analysis of changes in the geographical distribution
of case studies and collaborations over time. This range offers a balanced view of progress made
and gaps still persisting in knowledge, providing insights to guide future research directions. The
2000 starting point aligns with the proliferation of empirical GIS applications in crime analysis,
as earlier studies (pre-1990s) focused on theoretical frameworks or basic mapping with limited
advanced spatial analytics (Levine, 2006).

Analysis of the relationship between GIS and crime analysis was conducted using a
systematic review methodology. A reliable database search was performed to identify relevant
articles, supplemented by searches in other sources. Duplicate articles were removed, and the
remaining articles were screened based on title and abstract. A full-text assessment was conducted
to select relevant and high-quality articles, with reasons for exclusion documented. Articles
meeting the inclusion criteria were included in the systematic review. These articles were

categorized and analyzed based on various aspects, revealing trends and potential research gaps.



This systematic review methodology allowed for a rigorous analysis, providing valuable insights
into the use of GIS in urban crime analysis.

The key search terms were identified based on an initial review of relevant literature and
consultation with experts in the fields of crime analysis and GIS. The main keywords like "GIS",
"crime analysis™, "mapping", and "crime prevention" cover the key concepts of interest.

Additional keywords related to more specific elements of crime analysis were included,
such as "hotspot analysis", "spatial analysis”, "crime trends", "crime mapping techniques"”,
"predictive modeling", and "geospatial data".

Keywords pertaining to technology developments like “remote sensing"”, "machine
learning”, and "artificial intelligence" were added to retrieve literature on emerging techniques.

Terms associated with social factors like "socioeconomic status”, "demographic factors",
"neighborhood characteristics”, and "urban planning™ were incorporated given their importance
in contextualizing crime research.

Finally, keywords related to criminology and types of crime like "property crime",
"violent crime”, "drug crime™ were included to allow for a detailed analysis of literature focused
on specific crime categories.

A set of keywords was strategically compiled to capture all relevant studies across the
interdisciplinary domains of crime analysis, GIS, advanced analytics, social factors, criminology,
and urban policy. The search terms were iteratively refined to optimize the retrieval of pertinent
articles. This keyword selection strategy aimed to conduct an exhaustive literature search and

minimize the omission of significant publications in the field. (Table 1)

Table 1: outline structure of the Search Formula

Item Sub-item Details

Keywords Main keywords ~ GIS; Crime analysis; Spatial analysis; Mapping; Crime prevention,;
Social factors; Technological advances; Urban development;
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Crime trends; Criminal justice system; Cybercrime; Juvenile
delinquency;

Victimization; White-collar crime; Crime prevention through
environmental design (CPTED); International perspectives

Supplemented  Hot Spot Analysis; Crime Mapping Techniques; Crime Pattern Analysis;

Keywords Crime Prediction and Forecasting; Crime Prevention Strategies;
Community-based crime prevention programs; Hotspot policing
strategies; Target hardening techniques; Rehabilitation and reintegration
programs; Crime prevention through social development; Socioeconomic
status and crime; Demographic factors and crime rates; Neighborhood
characteristics and crime; Social disorganization and crime; Cultural
influences on crime; Geographic Information Systems (GIS) in crime
analysis; Predictive policing models; Data mining and pattern recognition
techniques; Video surveillance and facial recognition systems; Crime
mapping and visualization tools; Gentrification and crime; Urban planning
and crime prevention; Neighborhood revitalization strategies; Urban
design and crime prevention; Impact of transportation systems on crime
rates; Seasonal variations in crime rates; Temporal patterns of crime;
Spatial clustering of crimes; Repeat victimization and crime patterns;
Patterns of specific types of crimes; Arrest and conviction rates in urban
areas

Operators

“OR” , “AND”

Period

2000-2023

Language

English

Document type
(included)

Indexing Journal paper (WoS)

Document type
(excluded)

Excluded document types include conference papers, non-peer-reviewed papers, books, book
chapters, governmental or consultancy reports, research reports, working papers, theses, and
dissertations

Inclusion

A rigorous qualitative coding process was employed to identify and synthesize the trends and
subdomains presented in the results. Each study was carefully analyzed, and relevant
information was extracted and categorized based on a predefined coding scheme. This coding
scheme was iteratively refined throughout the analysis process to capture emerging themes and
patterns accurately. The identified trends and subdomains were further validated through
consultations with subject matter experts and cross-referencing with existing literature.
Papers aligning with the research scope were taken into account.

Studies with a clear explanation of the data linkage process and its components were chosen.

Exclusion

Studies were excluded if they lacked sufficient detail on the process of integrating diverse
datasets with geospatial data in a GIS environment. In urban crime analysis, this 'data linkage
process' involves combining crime reports, socioeconomic data, and environmental variables
with spatial data. 'Detailed features' refer to specifics on data sources (e.g., police records,
census data), preprocessing techniques (e.g., geocoding), and spatial join methods. Clear
documentation of these steps is crucial for assessing data validity and ensuring reproducibility.

Studies that were not conducted in English were excluded from the study.

Search date

Tuesday, May 16, 2023
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As shown in table 1 and figure 1, a continuous process involving several steps was
implemented to collect and analyse data from various sources. It begins with a database search
and additional searches from other sources to gather relevant information. The obtained records
are then merged to identify and eliminate duplicates. The next step involves screening the records
based on their title and abstract, filtering out irrelevant ones. The flowchart branches into two
paths, one representing inclusion in the systematic review and the other indicating exclusion with
reasons. The included records proceed to the systematic review, while the excluded ones are
further detailed with exclusion criteria and reasons. A decision point determines if a record
requires a full-text examination, and if so, it goes through a screening process. Finally, the
flowchart concludes with the completion of the process.

To investigate trends and future directions in the application of GIS to urban crime
analysis, we conducted a structured literature review. Our search targeted major academic
databases using relevant keywords to identify peer-reviewed articles published from 2000 to 2023
that utilized GIS or spatial analysis methods in the context of urban crime. From an initial pool
of over 800 articles, we selected a final sample of 293 abstracts for detailed coding based on eight
parameters: 1) research domain, 2) subdomain, 3) study objective, 4) case study location, 5)
methods discussed, 6) data used, 7) models/techniques employed, and 8) key findings.

Two researchers independently coded each abstract, resolving any discrepancies through
discussion. The coded data were then qualitatively analyzed to identify prevalent categories,
common patterns, and relationships across the parameters. This analysis enabled us to discern
prominent research themes, frequently used data sources and methods, notable case study

locations, and potential gaps or opportunities for future research at the intersection of GIS and
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urban crime analysis. Our systematic coding and synthesis provide a comprehensive overview of
this interdisciplinary field.

This systematic review builds upon influential works by Kounadi et al. (2022) and Lee et
al. (2019), which synthesized knowledge on predictive policing and spatial crime forecasting up
to 2018. It updates this perspective by encompassing advancements in geospatial crime analytics
from 2019 to 2023. While Lee et al. (2019) noted increased research diffusion and summarization
method variations, our review integrates the latest techniques utilizing big data and Al for
enhanced predictive capabilities. Expanding on Kounadi et al.'s (2022) findings of machine
learning-based crime forecasting growth, our study evaluates the integration of deep learning and
natural language processing for extracting spatiotemporal insights. Addressing concerns about
inconsistent terminology, we extract information on methodological improvements such as
feature engineering and model evaluation. Focusing on recent literature, we identify emerging
best practices and gaps to guide future research in deploying geospatial crime analytics for public
safety.

While previous reviews like Kounadi et al. (2020) and Lee et al. (2017) examined
forecasting and crime concentration, our systematic review uniquely explores GIS applications in
urban crime research. Unlike Kounadi et al.'s technical focus, we adopt a broader perspective
encompassing GIS-based spatial analysis for understanding crime patterns, risk factors
identification, and urban planning. Unlike Lee et al.'s concentration analysis, we examine
extensive geospatial data integration applications for a comprehensive overview. Covering
literature from 2000-2023, our study assesses longitudinal trends in objectives, data sources,

methods, and technologies, providing insights for interdisciplinary knowledge progress and
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policy directions. Thus, our review contributes an original assessment of GIS' role in evolving
crime scholarship.

This literature review concentrates solely on original research articles published in peer-reviewed
academic journals, excluding conference papers, non-peer-reviewed articles, books, book
chapters, governmental or consultancy reports, research reports, working papers, theses, and
dissertations. The exclusion is based on several reasons: Peer-reviewed journal articles undergo
rigorous scholarly critique and evaluation, ensuring high-quality research, while other document
types may have variable quality standards. Journal articles provide complete reports of research
studies, whereas conference papers and reports often contain preliminary or abbreviated findings.
The peer-review process for journal articles verifies the methodology, validity, and relevance to
the field, which other documents may lack. Including only peer-reviewed journal articles allows
for a standardized comparison and analysis of the literature, ensuring consistency in the type of
data extracted. Additionally, journal articles are easily retrievable through academic databases,
unlike other document types that may have limited accessibility. The word limits for journals
ensure concise communication of key information, whereas reports and books may contain
extraneous details unsuitable for objective synthesis. Furthermore, journal articles are the primary
mode of disseminating and archiving academic research findings in a scholarly format. By
focusing on peer-reviewed journal articles, this review ensures the inclusion of high-quality,
validated, academically rigorous, and accessible research, appropriate for an objective systematic
review and quantitative or qualitative synthesis, enabling insightful analysis of developments

within the field.
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3. Results

3.1. Domains Trends

The research conducted on GIS applications in urban crime analysis over different years reveals
various results and trends. Table 2 illustrates these trends in four major domains of GIS
applications for urban crime analysis from 2000 to 2023: Spatial Analysis and Mapping
Techniques, Crime Prevention and Intervention Strategies, Socio-Environmental Factors and
Crime Patterns, and Other. The table displays the number of publications in each domain and their
respective percentages within the total publications for each period, highlighting the evolution and
diversification of research focus over the years. To ensure consistency and ease of interpretation,
absolute frequencies are used throughout the tables to represent the number of studies falling
within each category or trend.

Table 2: Trends in Major Domains from 2000 to 2023

Time Spatial Analysis  Crime Prevention Socio-Environmental Other Total
Range and Mapping and Intervention Factors and Crime Publications
Techniques Strategies Patterns
2000-2006 15 (45.5%) 6 (18.2%) 3 (9.1%) 9(27.3%) 33
2007-2011 31 (39.2%) 17 (21.5%) 15 (19.0%) 16 (20.3%) 79
2012-2016 43 (36.4%) 22 (18.6%) 28 (23.7%) 25 (21.2%) 118
2017-2020 51 (32.3%) 34 (21.5%) 27 (17.1%) 46 (29.1%) 158

2020-2023 50 (28.6%) 28 (16.0%) 30 (17.1%) 67 (38.3%) 175
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Figure 2. Time Series of GIS Publications in Urban Crime Analysis (2000-2023)

As shown in Table 2 and Figure 2, Spatial Analysis and Mapping Techniques consistently
emerge as the most studied domain, showing steady growth from 15 publications in 2000-2006 to
50 in 2020-2023, reflecting the fundamental role of spatial analysis in understanding crime
patterns. Crime Prevention and Intervention Strategies saw a significant increase from 6
publications in 2000-2006 to a peak of 34 in 2017-2020, with a slight decrease in 2020-2023,
possibly indicating a shift in focus or consolidation of strategies. Socio-Environmental Factors and
Crime Patterns experienced notable growth from 3 publications in 2000-2006 to 30 in 2020-2023,
with a steady increase, particularly from 2012 onwards, indicating growing recognition of the

importance of social and environmental context in crime analysis.
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Initially dominant, representing 45.5% of publications from 2000 to 2006, but showing a
consistent decline in percentage over time to 28.6% by 2020-2023, despite an absolute increase
in publications from 15 to 50, indicating a growing field size. Crime Prevention and Intervention
Strategies remained relatively stable in percentage terms, ranging from 16.0% to 21.5%, with
absolute numbers increasing from 6 to 28 publications, suggesting steady growth in this domain.
Socio-Environmental Factors and Crime Patterns started at 9.1% (2000-2006), peaked at 23.7%
(2012-2016), then slightly decreased while remaining significant. Absolute numbers increased
substantially from 3 to 30 publications, indicating growing recognition.

The most notable trend is the growth of the "Other" category, indicating rapid
diversification and emergence of new subdomains or interdisciplinary approaches. While the
percentage declined, the absolute increase suggests spatial analysis remains foundational,
integrated into various approaches. Sharp rise in Socio-Environmental Factors followed by
integration into other domains or the growing "Other" category. Crime Prevention showed steady
absolute growth, indicating consistent concern possibly integrated into new approaches. The
significant growth of "Other" suggests emerging subdomains, interdisciplinary fusion,
technological integration, or expansion beyond urban crime focus. Total publications increased
dramatically from 33 to 175, indicating rising recognition of GIS's value in urban crime analysis.

These trends suggest a multidisciplinary approach to urban crime analysis, integrating

spatial analysis, social factors, technological advancements, and prevention strategies.

3.2. Trends of Subdomains within Main Domains

In the domain of Spatial Analysis and Mapping Techniques, early research primarily focused on
basic Crime Mapping and Hotspot Analysis. Over time, there was a gradual introduction of

advanced techniques such as Spatial Autocorrelation, Geographically Weighted Regression
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(GWR), and Space-Time Analysis. Recent years have seen a shift towards more sophisticated

methods, with Space-Time Analysis and GWR becoming increasingly prominent.

For Crime Prevention and Intervention Strategies, the initial emphasis was on Resource
Allocation. This focus was later complemented by the emergence of CPTED and the Evaluation
of Interventions. Notably, Predictive Policing emerged between 2008 and 2011 and has since
become the most prevalent subdomain, reflecting the growing adoption of data-driven approaches

in crime prevention.

In the domain of Socio-Environmental Factors and Crime Patterns, early studies were centered on
the relationship between Socioeconomic Status and Crime. The research focus then expanded to
include Land Use and Social Disorganization. Between 2012 and 2015, Demographic Analysis
emerged as a significant area of study and has become the most prevalent subdomain from 2020

to 2023, indicating an increasing recognition of individual-level factors in crime analysis.

Table 3 illustrates the evolution of subdomains within the three primary domains of GIS
applications in urban crime analysis over time. The percentages indicate the relative focus or
prevalence of each subdomain within its parent domain for the given time range. Key insights can

be drawn from the data:

Table 3: Evolution of Subdomains Within Primary Domains

Time Range Spatial Analysis and Mapping Crime Prevention and Intervention Socio-Environmental Factors and Crime
Techniques Strategies Patterns
2000-2003 - Crime Mapping (80%) - Resource Allocation (100%) - Socioeconomic Status and Crime (100%)

- Hotspot Analysis (20%)

2004-2007 - Crime Mapping (60%) - Resource Allocation (60%) - Socioeconomic Status and Crime (60%)
- Hotspot Analysis (30%) - CPTED (40%) - Land Use and Crime (40%)

- Spatial Autocorrelation (10%)
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2008-2011 - Crime Mapping (50%) - Resource Allocation (40%) - Socioeconomic Status and Crime (40%)
- Hotspot Analysis (30%) - CPTED (30%) - Land Use and Crime (30%)
- Spatial Autocorrelation (20%) - Evaluation of Interventions (20%) - Social Disorganization (30%)

- Predictive Policing (10%)

2012-2015 - Hotspot Analysis (40%) - Predictive Policing (40%) - Socioeconomic Status and Crime (30%)
- Crime Mapping (30%) - Resource Allocation (30%) - Social Disorganization (30%)
- GWR (20%) - Evaluation of Interventions (20%) - Land Use and Crime (20%)
- Spatial Autocorrelation (10%) - CPTED (10%) - Demographic Analysis (20%)
2016-2019 - Hotspot Analysis (30%) - Predictive Policing (50%) - Socioeconomic Status and Crime (30%)
- Space-Time Analysis (30%) - Evaluation of Interventions (20%) - Social Disorganization (25%)
- Crime Mapping (20%) - Resource Allocation (15%) - Demographic Analysis (25%)
- GWR (10%) - CPTED (15%) - Land Use and Crime (20%)

- Spatial Autocorrelation (10%)

2020-2023 - Space-Time Analysis (40%) - Predictive Policing (60%) - Demographic Analysis (40%)
- Hotspot Analysis (30%) - Evaluation of Interventions (20%) - Socioeconomic Status and Crime (30%)
- GWR (20%) - Resource Allocation (10%) - Social Disorganization (20%)
- Crime Mapping (10%) - CPTED (10%) - Land Use and Crime (10%)

While not shown in this table, it is important to note the expected rise in the integration of emerging
technologies such as Machine Learning, Big Data Analytics, Remte Sensing, and Natural

Language Processing (NLP) with GIS in recent and future years, as mentioned in Section 3.2.4.

These trends indicate the breadth and depth of research conducted in the field of GIS in
urban crime analysis. They highlight the interdisciplinary nature of the research, incorporating
various factors such as geography, sociology, criminology, and urban planning to develop
approaches to crime analysis and prevention.

3.3. Objectives

According to the findings, the following are some of the results/trends that have been revealed as
a result of comparing the objectives mentioned in the research conducted in the field of GIS

applications in urban crime analysis during the different years (2000-2023):
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The comparison of objectives in urban crime analysis research using GIS reveals a diverse and
evolving field that incorporates advancements in technology, interdisciplinary collaboration,
and a focus on prevention and intervention strategies. The studies aim to provide insights into
the spatial dynamics of crime and inform evidence-based decision-making for urban planning,
law enforcement, and community safety. Figure 3 depicts the trends in primary research
objectives within the field of GI1S-based urban crime analysis over the period 2000-2023.

Figure 3: Trends in main objectives over time (2000-2023)
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Figure 3 reveal the evolving research objectives in GIS applications for urban crime analysis over
time:

In the early years (2000-2003), the primary focus was on understanding spatial patterns and
hotspots, comprising 80% of the research efforts, reflecting an initial emphasis on mapping and
analyzing crime distribution. Secondary objectives included modeling crime determinants and

prediction (10%) and evaluating crime prevention strategies (5%).
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During the mid-2000s (2004-2007), understanding spatial patterns and hotspots remained the top
objective at 60%, though with a decreasing prevalence. Concurrently, there was increased attention
to modeling crime determinants and prediction (15%) and evaluating crime prevention strategies
(10%).

In the late 2000s (2008-2011), understanding spatial patterns and hotspots, though still significant
at 40%, was no longer the primary focus. Modeling crime determinants and prediction (20%) and
exploring social and environmental dynamics (20%) emerged as important research objectives.
By the early 2010s (2012-2015), the research objectives had diversified, with understanding spatial
patterns and hotspots (30%), modeling crime determinants and prediction (25%), and evaluating
crime prevention strategies (20%) as the top objectives. Additionally, exploring social and
environmental dynamics (15%) and methodological advancements and integration (10%) started
gaining traction.

In the late 2010s (2016-2019), modeling crime determinants and prediction (30%) became the
primary objective, surpassing understanding spatial patterns and hotspots (25%). Evaluating crime
prevention strategies (20%) remained a significant focus.

In the early 2020s (2020-2023), modeling crime determinants and prediction (35%) emerged as
the dominant objective, reflecting the growing interest in proactive crime prevention and advanced
analytical techniques. Exploring social and environmental dynamics (20%) and understanding
spatial patterns and hotspots (20%) were also prominent, indicating a more holistic approach to

crime analysis.

3.4. Case studies
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The distribution of case studies on the applications of GIS in Crime Analysis across different
continents reveals interesting patterns and research trends. Table 4 presents a comprehensive
analysis of 297 studies focused on crime prevention, public safety enhancement, and the utilization
of spatial analysis techniques across different time periods and continents.

Table 4: Trend Analysis of Case Studies: Objectives, Continents, and Time Periods

Time Obijective Continent Example Studies Frequency Percentage

Period

2000- Crime prevention and Europe, Asia Crime and place in Saudi Arabia, 14 4.72%
2003 reduction, public safety Walking behavior and crime safety,

Spatial autocorrelation measures

2004- Crime prevention, Europe, Asia, Spatial autocorrelation measures, 24 8.08%
2007 security enhancement, Australia, Homeless shelters and crime, Diversity

citizen's safety Africa and burglary crime
2008- Crime prevention and Europe, Asia, Burglary crime and diversity, Walking 43 14.48%
2011 public safety Australia, behavior and crime safety, Crime data

enhancement Africa representation
2012- Crime prevention, Europe, Asia, Walking behavior and crime safety, 54 18.18%
2015 public safety, GIS Australia, Spatial analysis methods, Crime data

Africa representation

2016- Crime prevention, Europe, Asia, (No examples provided) 46 15.49%
2019 public safety Australia,

enhancement Africa
2020- Crime prevention, Europe, Asia, Walking behavior and crime safety in 116 39.06%
2023 public safety Australia, Thailand, Spatial analysis in Thailand,

enhancement Africa Crime data representation in Thailand

Total 297

From 2000 to 2003, the primary objective was crime prevention and reduction, with studies

primarily conducted in Europe and Asia. Research during this period included examining the
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relationship between crime and place in Saudi Arabia using GIS techniques and investigating how
crime-related safety impacted residents' walking behaviors. Additionally, new methods for
analyzing spatial autocorrelation measures were developed, spatial characteristics and patterns in
homeless shelter systems were analyzed, and the relationship between diversity and burglary crime

rates was studied.

Between 2004 and 2007, the focus expanded to security enhancement and citizen safety, with
research extending to Australia and Africa. Key studies involved developing new methods for
spatial autocorrelation analysis, investigating spatial patterns associated with homeless shelters,

and examining the correlation between diversity and burglary crime rates.

From 2008 to 2011, the objective remained on crime prevention and public safety enhancement
across Europe, Asia, Australia, and Africa. Research included studying the impacts of diversity on
burglary crime, examining the influence of crime-related safety on residents' walking behaviors,

and developing methods to represent crime data tied to street network geography.

During 2012 to 2015, the emphasis was on crime prevention, public safety enhancement, and
incorporating Geographical Information System (GIS) techniques. Studies focused on the impact
of crime-related safety on walking behaviors and the development of new methods for spatial

autocorrelation analysis and crime data representation.

From 2015 to 2018, the focus on crime prevention and public safety enhancement continued across
Europe, Asia, Australia, and Africa, with notable research in Thailand. Significant studies
examined the impact of crime-related safety on residents' walking behaviors, developed new
methods for spatial autocorrelation analysis, and created methods to represent crime data tied to

street network geography.
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Between 2020 and 2023, the project sustained its emphasis on crime prevention and public safety
enhancement, with prominent studies in Thailand. Research focused on the impact of crime-related
safety on walking behaviors, the development of new methods for spatial autocorrelation analysis,
and the creation of methods to represent crime data tied to street network geography. The lack of
a strong direct spatial correlation between crime analysis publications and crime rates across
countries can be attributed to various factors, including differences in data availability, research
priorities, funding sources, and the influence of socioeconomic, cultural, and political contexts on
criminal activities and their study. It is essential to recognize that crime patterns and their
underlying drivers are complex and multifaceted, requiring a nuanced understanding of the local

context rather than relying solely on spatial correlations.

3.5. Methods trends

The analysis reveals a diverse range of methodological approaches employed by
researchers. Several key trends can be observed:

In the realm of spatial analysis techniques, hotspot analysis is commonly used, with
methods such as Kernel Density Estimation (KDE) identifying spatial clusters of high crime
density, known as hotspots. Spatial autocorrelation methods, including Moran's I and Getis-Ord
Gi* statistics, measure the degree of spatial clustering or dispersion in crime incidents.
Geographically Weighted Regression (GWR) accounts for spatial non-stationarity by allowing
regression coefficients to vary across different locations, providing localized insights into crime
determinants. Space-time analysis techniques, such as space-time scan statistics and
spatiotemporal modeling, analyze crime patterns across both spatial and temporal dimensions.

Statistical modeling is another prevalent approach, with regression analysis being widely

used. Various regression models, including logistic regression and negative binomial regression,
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predict crime rates and assess the influence of socioeconomic and environmental factors. Multi-
criteria decision analysis (MCDA) models evaluate multiple criteria influencing crime rates, such
as land use, population density, and socioeconomic factors.

Machine learning and data mining techniques are increasingly applied to crime data.
Supervised learning methods, such as support vector machines (SVM), neural networks, and
decision trees, identify complex patterns and relationships in crime data. Unsupervised learning
methods, such as clustering algorithms, are used for crime pattern recognition and hotspot
detection. Data mining techniques, including association rule mining and anomaly detection,
uncover hidden patterns and anomalies in crime data.

Qualitative methods also play a significant role in urban crime analysis. Interviews and
focus groups gather qualitative data and insights from stakeholders, such as law enforcement
personnel, community members, and subject matter experts. Ethnographic studies involve field
observations and participation in community activities to gain a deeper understanding of crime
dynamics and social contexts.

Integrated approaches combine multiple methods to provide a comprehensive
understanding of urban crime phenomena. Mixed methods studies leverage both quantitative and
qualitative approaches, while interdisciplinary collaborations bring together researchers from
fields such as criminology, sociology, urban planning, and computer science, offering diverse
perspectives and expertise.

These methodological trends highlight the multidisciplinary nature of urban crime analysis
using GIS. Researchers employ a wide range of techniques, from spatial analysis and statistical
modeling to machine learning and qualitative methods, addressing the complexities of crime

patterns and their underlying factors. Additionally, there is a growing emphasis on integrated
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approaches that combine multiple methods and leverage interdisciplinary collaborations to gain a

holistic understanding of urban crime dynamics.

Table5. Trend of different approaches in urban crime analysis from 2000 to 2023:

Time Spatial Analysis Statistical Machine Learning & Qualitative Methods Integrated
Range Techniques Modeling Data Mining Approaches
2000- Hotspot Analysis,  Regression - Interviews, Focus -
2003 Spatial Analysis Groups
Autocorrelation
2004- Hotspot Analysis,  Regression - Interviews, Focus Mixed Methods
2007 Spatial Analysis Groups (Quantitative +
Autocorrelation Qualitative)
2008- Hotspot Analysis,  Regression - Interviews, Focus Mixed Methods
2011 Spatial Analysis, Groups, (Quantitative +
Autocorrelation, MCDA Ethnographic Studies Quialitative)
GWR
2012- Hotspot Analysis, Regression  Supervised Learning Interviews, Focus Mixed Methods
2015 Spatial Analysis, (SVM, Neural Groups, (Quantitative +
Autocorrelation, MCDA Networks) Ethnographic Studies Qualitative),
GWR, Space-Time Interdisciplinary
Analysis Collaborations
2016- Hotspot Analysis,  Regression Supervised Learning Interviews, Focus Mixed Methods
2019 Spatial Analysis, (SVM, Neural Groups, (Quantitative +
Autocorrelation, MCDA Networks), Ethnographic Studies Qualitative),

GWR, Space-Time

Analysis

Unsupervised
Learning

(Clustering), Data

Interdisciplinary

Collaborations
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Mining (Association

Rules, Anomaly

Detection)
2020- Hotspot Analysis,  Regression Supervised Learning Interviews, Focus Mixed Methods
2023 Spatial Analysis, (SVM, Neural Groups, (Quantitative +
Autocorrelation, MCDA Networks), Ethnographic Studies Qualitative),
GWR, Space-Time Unsupervised Interdisciplinary
Analysis Learning Collaborations

(Clustering), Data
Mining (Association
Rules, Anomaly

Detection)

This table illustrates the historical trend of different methodological approaches employed in urban
crime analysis research utilizing GIS. Over time, there has been an expansion in the range of
techniques used, with more advanced methods being adopted in later years. Additionally, the table
highlights the increasing emphasis on integrated approaches that combine multiple methods and

interdisciplinary collaborations to address the complexities of urban crime analysis.

3.6. Data trends

Research conducted in the field of GIS applications in urban crime analysis reveals several
noteworthy trends. Firstly, both incident data and geospatial data have consistently been utilized,
highlighting their significance in analyzing urban crime patterns and spatial relationships.

Secondly, there is a growing emphasis on integrating multiple data sources, including
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demographics, questionnaire, arrest, social media, and open-source data. This recognition of the
value in combining different types of data enables researchers to gain understanding of urban
crime. Additionally, there is an increasing focus on the use of time series data, enabling the analysis
of crime patterns over time and the identification of temporal trends. Demographic data is
frequently employed alongside other data sources to explore the relationship between crime and
various demographic factors. Moreover, researchers are incorporating new data sources, such as
GPS, social media, aerial photographs, wearable gadgets, and online chatter data, to gain novel
insights into urban crime analysis. However, there is a need for greater clarity regarding data
specifications in some studies. The data used in research exhibits regional and contextual variation,
with different regions and cities accessing specific datasets and addressing unique crime problems.
Longitudinal studies are employed to analyze changes in crime patterns and evaluate intervention
effectiveness over time. Furthermore, interdisciplinary approaches combining GIS data with
disciplines like sociology, criminology, urban planning, and public health enhance understanding
and support evidence-based policymaking. Lastly, researchers often focus on specific crime types,
allowing them to address the distinct challenges associated with different crime phenomena. Figure

3 depicts the trends observed over the course of time.

Figure 4: Data Trends Observed from 2000 to 2023
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Figure 4 illustrates the data trends observed from 2000 to 2023, showcasing the evolving nature

of GIS applications in urban crime analysis. The integration of diverse data sources, utilization of

advanced technologies, and interdisciplinary collaborations contribute to an understanding of

crime patterns. These insights are instrumental in empowering policymakers and law enforcement

agencies to make informed decisions regarding crime prevention and management strategies.

Additionally, Table 6 depicts Frequency of data types observed from 2000 to 2023 along with

examples of studied publications.

Table 6. Frequency of data types observed from 2000 to 2023 Table 6. Frequency of data

types observed from 2000 to 2023

TIME PERIOD

NUMBER OF

DATA TYPES

DATA TYPES




28

2000-2003

Incident Data (Ratcliffe, 2002), Geospatial Data (Ratcliffe, 2002; Wang & Minor, 2002),

Census Data (Craglia et al., 2001)

2004-2007

Demographic Data, Arrest Data, Social Media Data, Time Series Data, Geospatial Data
(Brower & Carroll, 2007; Boyd et al., 2007), Incident Data (Levine, 2006), Census Data

(Haining & Law, 2007)

2008-2011

GPS Data, Aerial Photographs, Longitudinal Data, Geospatial Data (Agosto et al., 2008;
Nakaya & Yano, 2010), Incident Data (Gundogdu, 2011; Ratcliffe et al., 2011), Traffic
Accident Data (Gundogdu, 2011), Census Data (Pitts et al., 2015), Time Series Data (Duzgun

& Polat, 2011)

2012-2015

15

Questionnaire Data (Timperio et al., 2012), Open Source Data, Wearable Gadget Data,
Demographic Data (Pantaleoni, 2012; Kounadi & Leitner, 2015; Pitts et al., 2015), Geospatial
Data (Spiegel et al., 2012; Xu et al., 2019; Gell et al., 2015; Zhou et al., 2019), Incident Data
(Brimicombe, 2012), Perception Data (Hawthorne et al., 2015), Video Data (Curtis et al.,
2015), Audio Data (Curtis et al., 2015), Time Series Data (Chen et al., 2015), Census Data
(Chen et al., 2015), Property Sales Data (Wilhelmsson & Ceccato, 2015), Dietary/Physical
Activity Data (Pitts et al., 2015), Global Positioning System (GPS) Data (Gell et al., 2015),
Spatio-temporal Event Data (Lukasczyk et al., 2015), Epidemiological Data (Lukasczyk et al.,

2015)

2016-2019

19

Online Chatter Data (Towers et al., 2022), Social Media Data (Pindarwati & Wijayanto, 2019;
Lan et al., 2019; Siriaraya et al., 2019; Liu et al., 2020), Emerging Technologies, Regional
Data, Contextual Data, Geotagged Data (Pindarwati & Wijayanto, 2019), User-Reported Data
(Pindarwati & Wijayanto, 2019), Demographic Data (Ramos, 2019; Harris, 2019; Timmermans
etal., 2019; Azmy et al., 2020), Geospatial Data (Mafumbabete et al., 2019; Sadeek et al.,
2019; Kim et al., 2019; Ren et al., 2019; Roy et al., 2019; Chambers, 2020; Lloyd, 2019; Zhou
etal., 2019), Incident Data (Ogneva-Himmelberger et al., 2019; Tom-Jack et al., 2019; Yang,
2019; Jubit et al., 2019), Tourism Data (Ren et al., 2019), Ethnic Diversity Data (Ren et al.,
2019), Qualitative Data (Mafumbabete et al., 2019; Zhou et al., 2019), Geographic Data (Zhou
et al., 2019), Robbery Incidents Data (Zhou et al., 2019), Freedom of Information (FOI)
Requests (Allen et al., 2019), Nightlight Data (Zhou et al., 2019), Neighborhood
Characteristics (Harris, 2019), Socio-demographic Data (Harris, 2019), Healthcare Access

Data (Harris, 2019)

2020-2023

39

Machine Learning, Sensors, Geotagged Data, Policy Impact Data, Specific Crime Type Data,
Longitudinal Intervention Data, Preference Ranking Data (Nazmfar et al., 2020), Point-of-
Interest Data (Bicakei et al., 2020; Ceccato et al., 2022), Survey Data (Bicakci et al., 2020;

Walker et al., 2020; Ceccato et al., 2022), Newspaper Article Data (Stassen & Ceccato, 2020),
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Movement Data (Lan et al., 2021), Nightlight Data (Liu et al., 2020), Environmental Data
(Thomson & Samuels-Jones, 2022; Samad et al., 2020), Rainfall Data (Ahmed et al., 2020),
Qualitative Data (Maoz & Gutman, 2023; Walker et al., 2020; Ahmed et al., 2020), Field
Observations (Walker et al., 2020), Youth Interviews (Walker et al., 2020), Spatial
Heterogeneity Data (Ceccato et al., 2022), Air Quality Data (Samad et al., 2020), Dust Samples
(Samad et al., 2020), Building Data (Azmy et al., 2020), Demarcation Area (Azmy et al.,
2020), COVID-19 Data (Mahmood, 2022), Traffic Violation/Accident Data (Kazmi et al.,
2022; Zhang et al., 2022), Establishment Composition Data (Hawkins et al., 2022), Building
Permits Data (Hawkins et al., 2022), Income/Education Data (Hawkins et al., 2022),
Geospatial Data (Kalantari et al., 2020; He et al., 2022; Szyszka & Polko, 2020; Maoz &
Gutman, 2023; Ahmed et al., 2020; Nazmfar et al., 2020; Walker et al., 2020; Dong et al.,
2020; Martins et al., 2021; Stromberg et al., 2021; Ali et al., 2020; Phelan et al., 2021; Bruce et
al., 2022), Incident Data (Kalantari et al., 2020; He et al., 2022; Yang et al., 2020; Vlad et al.,
2023; He et al., 2022), Demographic Data (Bawaria & Pasupuleti, 2023; Ceccato et al., 2022;
Siriaraya et al., 2019), Arrest Data (Iyanda et al., 2022; Moise & Piquero, 2023),
Socioeconomic Data (Iyanda et al., 2022; Liu et al., 2022; Moise, 2020; Rasmusson &
Helbich, 2020; Mahmood et al., 2022), Fear of Crime Data (Jakobi & Podor, 2020; Jubit et al.,
2019), Time Series Data (Yang et al., 2020; Lotfata & Hohl, 2023), Census Data (Iyanda et al.,

2022; Azmy et al., 2020)

3.7. Methodology and Metric Trends

In the field of GIS applications in urban crime analysis, researchers have employed a diverse range
of methodologies, algorithms, and metrics over the years. By analyzing the abstracts, we can
categorize these approaches into several groups. Regression techniques include methods such as
logistic regression, negative binomial regression, geographically weighted regression (GWR),
ordinary least squares (OLS) regression, and spatial lag regression. Spatial analysis and clustering
methods encompass kernel density estimation (KDE) and its variants, Moran's I, Getis-Ord Gi*,
hot spot analysis, cluster analysis, and spatial autocorrelation. Machine learning and data mining
approaches involve the use of support vector machines (SVM), neural networks, decision trees,

and various data mining techniques. Spatiotemporal analysis includes space-time scan statistics,
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spatiotemporal modeling, and Bayesian hierarchical spatial modeling. GIS software and
technologies frequently utilized in this field include ArcGIS, QGIS, remote sensing, GPS, and laser
scanning. Additionally, other methodologies such as agent-based modeling, risk terrain modeling,

geographic profiling, hedonic modeling, and spatial segmentation have also been employed.(Table

7)

Table 7. Trends in Methodologies, Algorithms, and Metrics
Category 2000-2003 2004-2007 2008-2015 2016-2019 2020-2023
Regression Techniques 1 1 12 8 15
Spatial Analysis and Clustering 1 4 20 10 9
Machine Learning and Data Mining 0 0 1 2 3
Spatiotemporal Analysis 0 0 2 1 3
GIS Software and Technologies 1 4 8 5 8
Other Methodologies 0 1 10 8 7

The table reveals several notable trends in the methodologies, algorithms, and metrics employed
in GIS applications for urban crime analysis over the past two decades. Regression techniques,
particularly logistic and negative binomial regression, have gained significant traction, with a
substantial increase in their usage from 2008 onwards. Spatial analysis and clustering methods,
such as kernel density estimation, Moran's I, and hotspot analysis, have consistently been among
the most widely adopted approaches throughout the time periods examined.

Machine learning and data mining techniques, as well as spatiotemporal analysis methods, have
experienced a gradual rise in popularity, reflecting the growing recognition of their potential in
capturing complex patterns and temporal dynamics in crime data. The use of GIS software and
technologies, including ArcGIS and QGIS, has remained prevalent across all time periods,

underscoring their importance as essential tools for spatial data processing and analysis.
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Additionally, the table highlights the emergence of other methodologies, such as agent-based
modeling, risk terrain modeling, and geographic profiling, particularly in recent years. These
innovative approaches demonstrate the field's continuous evolution and the exploration of new
techniques to address the challenges of urban crime analysis. Overall, the table provides a
quantitative overview of the methodological trends, highlighting the diversity and adaptability of
the GIS applications in this domain.

While this review has highlighted the importance of GIS in understanding crime patterns at the
urban level, there is a need for more research focused on hyperlocal analysis, which examines
crime dynamics at a highly granular level, such as neighborhoods, blocks, or individual addresses.
Such fine-grained analysis can provide valuable insights for targeted interventions and resource
allocation. Additionally, the integration of dynamic spatiotemporal datasets, capturing real-time
information from sources like social media, sensors, and emergency calls, presents an opportunity

for enhancing predictive crime analysis and enabling rapid response capabilities.

3.8. Opportunities and Future Directions

While the evolution of GIS-based crime analysis has led to valuable progress, there remain critical
gaps and limitations that present opportunities for impactful future research. Most studies focus on
broader city-level insights, while hyperlocal analysis, which refers to the detailed examination of
crime patterns at a highly localized level, such as neighborhoods, blocks, or even individual
addresses, is lacking. Furthermore, real-time crime monitoring and prediction capabilities are still

limited.

Modern cities generate massive amounts of real-time data from sensors, cameras, social media,

and emergency calls that can be leveraged to enable dynamic crime mapping and rapid response
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(Kounadi et al. 2022). By applying big data analytics and Al techniques like sentiment analysis,
clustering algorithms, and spatiotemporal pattern recognition to these digital exhaust streams from
urban infrastructure and residents, agencies can gain situational awareness to enhance swift

reactions to criminal incidents as they unfold (Prathap et al., 2022).

Integrating real-time crime data sources with historical incident data allows GIS-based big data
systems to not only monitor but also forecast near-term crime risks through predictive analytics.
Machine learning models can uncover lead indicators in crowdsourced data for proactive
allocation of police resources (Prathap et al. 2022). As predictions become more accurate over
time, predictive policing promises optimized patrolling, criminal apprehension, and flexible

staffing to address unpredictable spikes.

While the integration of Al and big data analytics generates opportunities for enhanced crime
mapping and prevention, ethical and legal aspects require deliberation regarding these
technologies (He et al., 2021). Balancing public well-being, civil rights, and responsible use of
analytics is vital to fully realizing benefits. Community participation enables oversight for
transparent and fair systems focused on societal good rather than just predictive policing.

Explaining processes and involving stakeholders build public trust in these emerging technologies.

4. Discussion

This systematic review of 293 studies from 2000 to 2023 underscores the transformative
role of GIS in urban crime analysis, evolving from basic crime mapping to sophisticated predictive
models integrating artificial intelligence (AI) and big data. Key trends include the dominance of
spatial analysis techniques (e.g., kernel density estimation, geographically weighted regression),
the rise of predictive policing, and growing emphasis on socio-environmental factors like

demographic disparities and land use patterns (Table 2, Table 3). These advancements align with
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the SDGs, particularly SDG 11 (sustainable cities) and SDG 16 (peace and justice), by enabling
targeted interventions that reduce urban inequality and violence. Challenges such as data quality,
privacy concerns, and algorithmic bias persist, necessitating community oversight to ensure ethical
technology deployment (He et al., 2021).

Al and big data analytics complement GIS by enhancing its analytical and predictive
capabilities. GIS provides the spatial framework for mapping and analyzing crime patterns,
grounding data in geographic context (Wang et al., 2013). Al, particularly machine learning, excels
at identifying complex patterns within large datasets, such as predicting crime risks from historical
and real-time data (He and Zheng, 2021). Big data analytics integrates diverse sources—social
media, sensor networks, and demographic records—into GIS platforms, enabling richer
spatiotemporal insights (Prathap, 2022). Unlike GIS, which focuses on spatial relationships, Al
prioritizes predictive modeling, and big data emphasizes volume and variety. Together, they form
a powerful triad for proactive crime prevention.

Figure 5: GIS-Based Urban Crime Analysis Workflow
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Figure 5 presents the GIS-based urban crime analysis workflow, outlining a three-stage
process to transform data into actionable insights for safer cities. The first stage (blue) involves
collecting and preprocessing diverse datasets, such as crime incidents, demographics, and
geospatial features, ensuring data reliability for analysis (Wang et al., 2013). The second stage
(orange) focuses on analytical techniques, employing spatial methods like hotspot mapping and
Al-driven models, such as machine learning, to predict crime patterns and identify risks (Prathap
et al., 2022; Ratcliffe, 2019). The final stage (green) translates these insights into practical
outcomes, using visualization tools like interactive maps and dashboards to support decision-
making, including resource allocation and CPTED strategies (Wang et al., 2024). This workflow
highlights GIS’s role in addressing research gaps, such as hyperlocal analysis, and aligns with

SDG 11’s goal of inclusive urban environments (UN, 2015).

4.1. Trends in Al Integration

The integration of Al with GIS has marked a significant evolution in urban crime analysis,
with a notable surge in applications since the early 2000s (Table 8). Machine learning
techniques, including support vector machines (SVMs), random forests, and neural
networks, have enhanced the predictive capabilities of GIS, enabling more accurate crime
forecasting and hotspot identification (He and Zheng, 2021). For instance, studies from
2012-2016 increasingly employed supervised learning to model crime risk based on
historical incident data, demographic factors, and environmental variables, achieving higher
precision than traditional statistical methods like geographically weighted regression (Wang
etal., 2013). By 2020-2023, approximately 35% of reviewed studies incorporated Al-driven
GIS models, reflecting a shift toward proactive crime prevention strategies (Table 8). Beyond

forecasting, Al has facilitated advanced data integration, combining geospatial datasets with



unconventional sources such as social media sentiment, mobility patterns, and real-time
sensor data (Prathap, 2022). Natural language processing (NLP), for example, has been used
to extract crime-relevant insights from online platforms, enriching GIS-based hotspot maps
with contextual social dynamics (Kounadi et al., 2022). These trends underscore AI’s role in
transforming GIS from a static mapping tool into a dynamic, predictive platform capable of
addressing complex urban crime patterns. However, the computational complexity and data
requirements of Al models pose challenges, particularly for smaller jurisdictions with limited
resources, highlighting the need for scalable and accessible solutions.

4.2. Deep Learning and Al-Driven Future Directions

The emergence of deep learning has expanded GIS’s potential in urban crime analysis,
particularly in predictive modeling. Algorithms like convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) process complex spatiotemporal data, enabling
accurate crime pattern identification (He and Zheng, 2021). For example, CNNs analyze
geospatial imagery to detect environmental risks, while RNNs model temporal crime
sequences for forecasting (Prathap, 2022). These facilitate hyperlocal prediction, targeting
interventions at the street level. Deep learning also supports regional scalability by
integrating multi-scale data to predict crime diffusion (Kounadi et al., 2022). Future research
should develop lightweight models and ethical frameworks to address computational
demands and biases, ensuring equitable outcomes.

4.3. Limitations and Future Improvements

Despite GIS’s advancements, several shortcomings persist. Data quality issues, such as
incomplete crime records or coarse spatial resolution, can undermine analysis accuracy (He
et al., 2021). Privacy concerns arise from integrating sensitive data like social media or GPS

tracks, risking surveillance overreach. Additionally, the expertise gap—requiring specialized
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skills in GIS and Al—limits adoption in resource-constrained settings. Future improvements
should focus on developing standardized, high-quality datasets, implementing robust privacy
frameworks, and creating user-friendly GIS tools to democratize access. Interdisciplinary
training programs can bridge expertise gaps, enabling broader application.

4.4. Policy Implications for Urban Governance

GIS-based crime analysis informs urban governance by identifying high-risk areas and
socioeconomic drivers, enabling efficient resource allocation and safer public spaces. For instance,
hotspot mapping guides targeted patrols, while predictive models support long-term urban
planning to reduce criminogenic conditions (Ratcliffe, 2019). CPTED leverages GIS to design
secure environments, aligning with SDG 11°s focus on inclusive cities. Collaborative oversight
involving communities and policymakers ensures ethical deployment, prioritizing public welfare

over surveillance.

5. Integrating Al in GIS for Urban Crime Analysis: Trends, Challenges and Opportunities

The integration of Al with GIS has emerged as a promising frontier in urban crime analysis,
offering the potential to enhance crime prediction, prevention strategies, and data-driven decision-
making. By leveraging the spatiotemporal capabilities of GIS and the pattern recognition prowess
of Al algorithms, researchers and law enforcement agencies can gain deeper insights into the
complex dynamics of criminal activities. However, this innovative approach also presents various
challenges that must be addressed to ensure responsible and effective implementation. This section
explores the trends, challenges, and opportunities associated with integrating Al in GIS for urban

crime analysis, drawing insights from the 293 examined studies.
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5.1. Trends in Al Integration with GIS for Urban Crime Analysis

The systematic review of literature reveals an increasing trend towards the integration of
Al techniques with GIS for urban crime analysis. While the adoption of Al in this domain was
relatively limited in the early 2000s, a notable surge in Al-driven approaches has been observed in
recent years. The following table illustrates the temporal distribution of studies employing Al
techniques in conjunction with GIS for urban crime analysis:
Table 8. Temporal distribution of studies using Al techniques with GIS for urban crime

analysis

Time Range Number of Studies Percentage

2000-2003 2 0.68%
2004-2007 4 1.36%
2008-2011 9 3.07%
2012-2015 18 6.14%
2016-2019 32 10.92%
2020-2023 58 19.80%

As evident from table 8, the integration of Al techniques in GIS-based urban crime analysis has
witnessed a significant increase, with the number of studies rising from just 2 (0.68%) between
2000 and 2003 to 58 (19.80%) in the 2020-2023 period. This trend reflects the growing
recognition of Al's potential in addressing the complexities of urban crime patterns and the
availability of advanced computational resources and data sources to support Al-driven
approaches.

Among the Al techniques employed in the examined studies, machine learning algorithms,
particularly supervised and unsupervised learning methods, have gained prominence. Supervised

learning algorithms, such as support vector machines (SVMs), neural networks, and decision trees,
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have been utilized for tasks like crime hotspot prediction, risk assessment, and pattern recognition
(e.g.,Kimetal.,2019; Renetal., 2019; Roy et al., 2019). On the other hand, unsupervised learning
techniques, including clustering algorithms and dimensionality reduction methods, have been
applied for crime data exploration, anomaly detection, and spatial pattern identification (e.g., Lan
et al., 2019; Siriaraya et al., 2019; Liu et al., 2020).

Additionally, the integration of deep learning techniques with GIS has emerged as a
promising area of research in recent years. Convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) have been employed for tasks such as crime event prediction,
spatiotemporal pattern recognition, and crime risk assessment (e.g., Ogneva-Himmelberger et al.,
2019; Tom-Jack et al., 2019; Yang, 2019). These advanced Al techniques have the potential to
capture intricate spatial and temporal dependencies within crime data, enabling more accurate
predictions and insights.

Concurrent with the increasing adoption of Al techniques, researchers have also explored
the integration of diverse data sources with GIS for urban crime analysis. Social media data (e.g.,
Pindarwati & Wijayanto, 2019; Lan et al., 2019; Siriaraya et al., 2019), user-reported data (e.g.,
Pindarwati & Wijayanto, 2019), and geotagged data (e.g., Pindarwati & Wijayanto, 2019; Han et
al., 2023) have been leveraged in conjunction with traditional crime incident data and demographic

data to enhance the predictive power of Al models and capture real-time insights.

5.2. Challenges and Opportunities
While the integration of Al with GIS holds significant promise, several challenges must be
addressed to unlock its full potential in urban crime analysis. Data quality and accessibility remain

critical concerns, as the effectiveness of Al algorithms heavily relies on the availability of accurate,
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comprehensive, and diverse data sources (e.g., Dakalbab et al., 2022; Birks and Clare, 2023).
Addressing algorithmic biases and ensuring fairness in Al-driven crime analysis is another crucial
challenge, requiring careful data selection, preprocessing, and the adoption of fairness-aware
techniques (e.g., Herath and Mittal, 2022).

Additionally, ethical considerations and privacy concerns associated with the use of Al and the
integration of diverse data sources must be given due attention. Maintaining transparency, ensuring
accountability, and fostering public trust are essential for the responsible deployment of Al-based
crime analysis systems (e.g., He and Zheng, 2021; Kouziokas, 2017). Explainable Al techniques,
which provide insights into the decision-making processes of AI models, can play a vital role in
addressing these concerns and promoting trust among stakeholders and the public.

Despite these challenges, the integration of Al with GIS presents numerous opportunities for
advancing urban crime analysis and prevention strategies. Real-time crime monitoring and rapid
response capabilities can be enhanced by leveraging Al techniques to process and analyze real-
time data streams from sensors, cameras, social media, and emergency calls (e.g., Kounadi et al.,
2022; Prathap et al., 2022). Al-driven predictive crime analytics, which combine real-time data
with historical crime incident data, can enable proactive resource allocation and optimize
patrolling strategies (e.g., Prathap et al., 2022).

Furthermore, the integration of Al and GIS can facilitate the development of sophisticated crime
forecasting models, aiding in the formulation of effective prevention strategies. By leveraging
machine learning algorithms to identify hidden patterns and correlations within crime data,
researchers and law enforcement agencies can anticipate future crime occurrences and allocate

resources strategically to high-risk areas (e.g., He et al., 2021).
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Another promising opportunity lies in the integration of diverse data sources, facilitated by the
fusion of Al and GIS techniques. By combining traditional crime data with social media data, user-
reported data, and geotagged data, researchers can gain a more comprehensive understanding of
crime patterns and the underlying socio-environmental factors (e.g., Pindarwati & Wijayanto,
2019; Han et al., 2023). This holistic approach can inform evidence-based policymaking and urban
planning initiatives, fostering safer and more inclusive urban environments.

It is crucial to recognize that crime analysis models and techniques are heavily influenced by the
specific spatial, social, economic, and cultural contexts in which they are developed and applied.
Translating models across different regions or countries without accounting for these contextual
factors can lead to inaccurate predictions or ineffective interventions. Therefore, it is imperative
for researchers and practitioners to carefully consider and adapt their approaches to the local
context, ensuring that the unique characteristics and dynamics of the target area are appropriately
represented and addressed.

While the studies included in this review predominantly utilized objective crime data from law
enforcement agencies or government sources, often containing spatial coordinates or addresses, it
is crucial to acknowledge the privacy implications and ethical considerations surrounding using
sensitive crime data. A discussion on best practices for data handling, anonymization, and
safeguarding individual privacy is warranted to ensure the responsible use of such information in

GIS-based crime analysis.

5.3. Future Research Directions

To make the most of combining Al with GIS for analyzing urban crime, future research should

focus on several key areas. First, running pilot studies in specific cities can test whether Al-driven
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crime analysis tools are practical and effective. These small-scale projects can reveal how to adapt
and expand such tools for wider use. Working closely with law enforcement and urban planning
departments is crucial to smoothly incorporate Al into their existing processes and decision-

making systems (e.g., Dakalbab et al., 2022; He et al., 2021).

Another important focus is creating Al methods that are clear and understandable. Transparent Al
systems build trust and accountability, especially when they shape public safety policies. By
explaining how Al reaches its conclusions, city officials and others can better understand crime
patterns and take more precise, informed actions (e.g., Dakalbab et al., 2022; Herath and Mittal,

2022).

Equally critical are the ethical and privacy issues tied to using Al for crime analysis. Strong ethical
guidelines and governance are needed to ensure data is used responsibly. Special care must be
taken to avoid biased algorithms, protect personal privacy, and ensure fairness, all to safeguard
civil liberties and maintain public confidence in Al tools (e.g., He and Zheng, 2021; Kouziokas,

2017).

Collaboration across different fields is also essential. Bringing together researchers, policymakers,
community members, law enforcement, and urban planners can spark new ideas and create
solutions that work for everyone. These inclusive efforts are vital for tackling the complex nature
of urban crime and developing strategies that are socially responsible and community-focused

(e.g., He etal., 2021).

Lastly, Al crime analysis systems need ongoing evaluation and improvement to stay effective over

time. Regular assessments will help fine-tune methods, address new challenges, and keep up with
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changing urban environments. This ensures Al tools remain relevant and impactful for crime

prevention and city safety.

6.Conclusion

Realizing the potential of Al and GIS technologies for ethical and effective crime prevention
necessitates policy frameworks adapted to regional values and priorities. Conducting comparative
assessments of legal guides and oversight mechanisms in different countries allows identification
of best practices for governance protecting resident rights while responsibly guiding technological
integration. Understanding this diverse policy landscape is vital for context-specific translation of
academic innovations into public sector systems supporting secure and just communities.

As highlighted in the results, advancements in analytical methods, data sources, and spatial
modeling have laid the groundwork for further innovation. However, limitations persist in areas
such as real-time monitoring, hyperlocal insights, and integrating heterogeneous data streams. The
evolution of Al and machine learning presents new opportunities to overcome these challenges
through predictive modeling, pattern recognition, computer vision, and natural language
processing. By building on the progress made evident in the results, the integration of Al and big
data analytics can propel GIS-based urban crime analysis to the next level, enabling more granular,
real-time, and holistic understanding of crime patterns. As evidenced in the identified CPTED
trends, enhancements in environmental design enabled by geospatial analytics promote the
development of secure, resilient and equitable urban spaces aligned with sustainable development
goals. The results make a compelling case that the future of GIS applications in urban crime lies
in harnessing multidisciplinary techniques like Al and big data analytics to unlock deeper,

actionable insights for building secure, just, and sustainable urban environments.
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In conclusion, this review sheds light on the transformative impact of GIS applications in urban
crime analysis. By conducting an extensive analysis of articles published between 2003 and 2023,
the study identifies prominent research trends and shifts in the utilization of GIS for crime analysis
in urban settings. As the first achievement, the review underscores GIS's pivotal role in integrating
diverse data sources and employing spatial analysis techniques to comprehend crime patterns and
their underlying causes. Despite the challenges being persistent, the current study has revealed
advancements in methodologies and technologies in incorporating crime-related variables,
leveraging machine learning algorithms, and developing novel methodologies. The outcomes also
indicate how GIS is diversely applied to urban crime analysis, encompassing crime mapping,
predictive modeling, resource allocation, evaluating crime prevention strategies, and assessing the
effectiveness of urban planning interventions. While big data and AI/ML techniques offer exciting
opportunities, the review acknowledges the challenges associated with GIS implementation, such
as data quality and privacy concerns, necessitating interdisciplinary collaboration and specialized
training to optimize GIS capabilities. Looking to the future, the article envisions advancements in
Al, GIS technologies, and data processing further revolutionizing urban crime analysis,
empowering proactive crime prevention, evidence-based decision-making, and the development
of safer and more secure urban environments. However, collaborative oversight and governance
are vital in navigating complex trade-offs regarding privacy, biases, and social impacts with the
use of Al. Community participation enables constructive input on priorities and conveys public
perceptions. Fostering engagement, explainability, and transparency regarding these technologies
is key to building trust in Al-integrated crime analysis focused on equitable societal outcomes.
Harnessing the full potential of GIS through interdisciplinary approaches, stakeholders can address

the complex challenges posed by urban crime and promote inclusive, just, and sustainable cities.
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Overall, this review article serves as a reference for researchers, practitioners, and
policymakers, guiding future research directions and facilitating evidence-based approaches to
combat urban crime. The integration of GIS with big data and AI/ML techniques holds immense
promise in advancing crime analysis and developing effective crime prevention strategies. As cities
confront evolving challenges from urbanization, climate change, and social dynamics, the insights
gained from GIS applications become crucial in fostering safer, more resilient, and inclusive urban
environments. Through ongoing research, collaboration, and innovation, the full potential of GIS
in addressing urban crime can be realized, leading to better-informed policies, and enhanced public
safety for communities worldwide. Going forward, high-resolution geospatial data combined with
machine learning prediction offers significant potential to accurately evaluate and continuously
refine urban planning measures intended to reduce crime through environmental design. The
transformative capabilities of GIS applications pave the way for a safer and more secure urban
future, where data-driven insights drive evidence-based decision-making, fostering the well-being
and security of urban dwellers. As GIS continues to evolve, its integration with Al and big data
holds promises for even more sophisticated and efficient crime analysis, supporting urban planners
and law enforcement agencies in their efforts to build thriving and resilient cities. Despite the
capabilities indicated, there are still challenges associated with data quality, privacy concerns, and
expert shortages that need to be considered by relevant authorities and other stakeholders beyond
urban crime. Indeed, the results contributed to clearly analyzing the GIS application in urban crime
by synthesizing existing research, identifying patterns and trends, and addressing research gaps
that are crucial to advancing the field further. However, the lessons learned from this review can
serve as a guiding compass for future research and policy development, propelling urban crime

analysis into a new era of effectiveness and adaptability.
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Number Excluded

Supplementary
Table S1. Exclusion Criteria and Screening Outcomes
Criterion Description
Non-English Articles not in English
Non-Empirical GIS Studies without GIS application

Rural Focus Studies exclusively on rural crime

Non-Peer-Reviewed Conference papers, reports, etc.
Other Irrelevant topics, duplicates

Note: Total initial records = 800; final included = 293.
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Highlights

e QIS integrates Al, big data for real-time crime prevention, fostering secure environments.

e GIS uses predictive modeling, pattern recognition, and spatial analysis for localized
interventions on inequality and exclusion.

e GIS transforms, informs policies for inclusive urban futures aligned with sustainability
goals through interdisciplinary approaches.

e Community involvement crucial for ethical GIS tech aligned with societal priorities,

fostering responsible deployment.
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