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INTRODUCTION

The previous studies had shown that the information extracted from social
media can be utilised in locating offenders, establishing probable cause for
warrants, and identifying potential witnesses. By integrating social media
data mining with Geographic Information System (GIS) techniques, it is
possible to map property crime hotspots based on user-generated content.
This approach can provide valuable insights to complement officially
reported crime data. Through GIS-based spatial analysis, patterns and
distributions of crime can be identified, enabling the detection of high-
crime areas or hotspots. The ability of hotspot analysis to present crime
concentration across a geographical landscape makes it a powerful and
practical tool for law enforcement and urban planning. From this study, the
total property crime geocoded data that managed to collect is 488 cases
consisting of the snatch, burglary, theft, and car theft crime in Selangor.
Each crime case has been analysed for its spatial pattern and distribution
where for both snatch and burglary crime exhibits clustering while theft
crime gives pattern and distribution of random across the study area. The
spatial pattern of each crime show that the southern part of Selangor has
more crime cases as compared to northern part of Selangor. The red zones
show the areas with a very high value of z score indicate significant spatial
clustering The findings would be beneficial to the relevant authorities
regarding the underreporting of crime cases.

Crime is a global issue that affects both developing and developed nations. Urbanisation, often
accompanied by population growth, contributes to the complexity of this problem. As a developing country,
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Malaysia is experiencing rapid urban development, which has led to the expansion of urban communities.
According to the Department of Statistics Malaysia (DOSM) 2018, the total population grew by 1.1% in
the first quarter of 2019, reaching 32.66 million, comprising 29.31 million citizens and 3.35 million non-
citizens, an increase from 32.29 million the previous year. This rising trend continued with the population
increasing to 32.75 million in 2020, 32.78 million in 2021, and reaching 32.82 million in 2022.

The population growth, particularly in urban areas, often has been linked to rising crime rates due to
increased population density and socio-economic disproportions (Castell-Britton, Sigifredo. (2024). A
crime must be prevented as it presents a significant challenge for the social, economic, and development of
urbanisation all over the world (Canter & Youngs, 2016; Kusuma, Hariyani, & Hidayat, 2019).

Index crimes are defined as crimes that occur frequently and have significant impact, making them
reliable indicators for assessing the overall crime situation. Index crimes can be categorised into two (2)
types, which are violent crimes and property crimes. Violent crimes include murder, rape, robbery with or
without a firearm, gang robbery with or without a firearm, and causing intentional harm or assault. While
property crime constitutes house break-in and theft, snatch theft, vehicle theft, and other theft (Ghani, 2017;
Sugiharti et al., 2023).

Based on the Department of Statistics Malaysia (DOSM) (2024), the crime index increased 3.2 per cent
in 2023 to 52,444 cases as compared to 50,813 cases in 2022. Violent and property crimes recorded an
increase of 1.0% and 3.8% respectively in 2023. Property crime has more recorded cases as compared to
violent crime, with 40,465 cases in 2022 and 41,991 cases in 2023. The reported cases in 2023 show the
decreasing trend as compared to the cases reported in 2019 to 2021.

Accurate crime cases reporting, and management poses a significant challenge for the relevant
authorities. Analysing crime data across various geographic locations and crime types is essential for
identifying effective, long-term solutions. Nowadays, social media has gained considerable attention due
to its real-time and interactive nature. Recent studies have highlighted the potential of platforms such as
Twitter and Facebook in capturing current social trends (Vivek & Prathap, 2023; Kaur & Saini, 2024).
These platforms generate vast amounts of raw data, much of which is geographically tagged. As a result,
social media has emerged as a valuable and highly suitable source for geographically annotated data in
crime analysis (Bernabeu-Bautista et al., 2021). Twitter data does not represent all members of the public,
nor does it serve all Internet users. However, based on previous studies, Twitter has become a popular
platform for research related to crime and has been used in several studies to track crime trends, as well as
predict patterns of crime (Wang, Yu, & Liu, 2019; Cano-Marin et al., 2023).

Data obtained from social media platforms can be analysed using a Geographic Information System
(GIS). GIS is a computerised tool designed to capture, store, query, analyse, and visualise geospatial data.
One of its key applications is in crime mapping and analysis, which begins with the process of geocoding.
Geocoding is a process which assigns geographic coordinates to specific locations, effectively mapping
them in space. Once crime locations are geocoded, this spatial data serves as the foundation for hotspot
analysis, allowing researchers to identify areas with high concentrations of criminal activity. Previous
studies have used the hotspot analysis using global and local Moran analysis for various crime and accidents
cases, such as drug hotspots analysis and traffic accident cases (Ristea & Leitner, 2020; Hazaymeh et al.,
2022; Saraiva & Teixeira, 2023).
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STUDY AREA

The study area covers the state of Selangor. As shown in Figure 1, Selangor covers a total area of 8,104
km? is one of the most urbanised states in Malaysia, and it has consistently been ranked among the states
with the highest number of reported crime cases. This high crime rate may be attributed to its dense
population, rapid urban development, and socio-economic diversity.

STUDY AREA : SELANGOR, MALAYSIA
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Fig. 1. Study Area
Source: Authors (2025)

MATERIAL AND METHODS
This study consists of five (5) main steps which is data collection includes base map and mining crime data

from social media using R software, data pre-processing, data processing, data analysis and map production
as shown in Figure 2.
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Fig. 2. Overall Methodology
Source: Authors (2025)

Data Collection

In this study, there are two (2) types of data were collected, which are extracted crime data consisting
of tweets about crime, timestamp, and location of the tweets themselves. The data used in this study has
been retrieved using Twitter API with some procedure to be carried out. Then, the next database map is a
map obtained from Subang Jaya Town Council (MPSJ).

Twitter was selected as the principal data source for this study due to the availability of geotagged
postings, which allow for the extraction of precise location information from user-generated content. This
is essential for mapping crime incidents and conducting spatial analysis, especially when integrated with
official geographic. Furthermore, Twitter has been successfully used in previous studies related to crime
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detection, disaster response, and urban safety, thereby demonstrating its reliability and effectiveness in
similar contexts (Cano-Marin et al., 2023; Vivek & Prathap, 2023).

(1) Property Crime Cases

Property crime cases, the detail of a crime location, and time happened are essential in this study. Since
the data is from social media Twitter, there was a limitation while extracting the data where Twitter only
returns data from the past six until nine days form the current date and cannot retrieve the previous data.
So, a schedule for collecting data was created where every seventh day, starting from the data was collected,
there was data extracted. This way can prevent the gap between the week’s data. Here the characteristics of
extracted data including duration of the tweet, radius of the study area and keywords used

(i1) Getting the Twitter Data
For getting the Twitter data, there was a command assigned that gave instructions to the software to
carry out the process of extracting raw Twitter data. The command should be correct, or else the process
cannot be run. The command used in this study is shown in Table 1. Figure 3 shows the raw data for some

part of the snatch crime only.

Table 1. Example of Command Used

Keyword Command

Ragut ragut9.4<-search_tweets("ragut OR diragut OR kes ragut",n=18000,geocode="3.273118,101.527369,100mi",
retryonratelimit = TRUE, include_rts = FALSE)

Source: Authors (2025)

Environment  History  Connections -
i “ Import Dataset = | & List = -
"} Glaobal Enviranment =
pata
begtgn9. 4 12 obs. of 90 variables
begtgnng. 4 4 obs. of 920 variables
brgkemas9.4 83 obs. of 90 variables
brgkemas93.4 22 obs. of 90 variables
diraguta.4 5 obs. of 90 variables
kesragut9.4 5 obs. of 90 variables
ragut9.4 44 obs. of 90 variables
rantaig.4 432 obs. of 20 variables
snatch9. 4 26 obs. of 90 variables
snatchhg. 4 19 obs. of 90 variables

Fig. 3. Raw Data Extracted from Social Media
Source: Authors (2025)

(iii) Base Map Data

The base map of Selangor was obtained from secondary sources. The data was available in shapefile
format, and the coordinate system of the map is in Kertau RSO. For this study, coordinate conversion from
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Kertau RSO to WGS 84 was necessary for further processing. The spatial information contained in the map
was the mukim and the district of Selangor.

Data Preprocessing

Data pre-processing is a method for cleaning the data extracted from Twitter, as it helps eliminate
unnecessary or unrelated data that is often collected when extracting Twitter data. The purpose of this phase
in this study is to eliminate bad data, such as redundant, incomplete, or incorrect data and begin to tabulate
the usable data. So, this step cleaned and filtered the data by removing columns, modifying columns,
removing duplicate values, dealing with missing values, and filtering the coordinates.

Data Processing

Data processing requires the collection and manipulation of data to produce useful information and
data analysis. In this study, this phase includes the steps to prepare a database to place the processed feature
dataset, assign the coordinate systems. For this study, the property crime data were transformed from Excel
into shapefile format by displaying the XY data and projecting the data using the Project tools. The dataset
was then modified based on the coincidence of distance data using the Integrate tools and then made as
weighted point data using the Collect Event tools before it could be used for further analysis. All this step
makes use of the software ArcGIS application. The steps that had been taken in this study were: (i) creating
a database, (ii) assign the coordinate system of the framework, (iii) registration of the base map, and (iv)
plot the cleaned crime data.

Data Analysis

This study used the tools in the ArcGIS application, which are the Average Nearest Neighbour and
Spatial Autocorrelation tools. The average nearest neighbour tool produces an analysis that measures the
average distance between each feature and its nearest neighbours. If the average distance is less than the
average for a hypothetical random distribution, the distribution of the dataset being analysed is considered
to be clustered. If the average distance is greater than that of a hypothetical random distribution, the
distribution of datasets is considered to be dispersed. The average nearest neighbour index (ANN) can be
used to identify whether the distribution is clustered or dispersed.

For Spatial Autocorrelation tools, it was used to determine the correlation between neighbouring
observations, to identify patterns and spatial clustering rates between neighbouring districts. It produces an
interpretation based on the z-score and p-value, indicating whether the difference is statistically significant
or not, based on the number of features and variance for the values of the data. The index value then is
interpreted in terms of the null hypothesis, stating whether the attribute or observed pattern is randomly
distributed or not. The null hypothesis is not rejected if the p-value is not statistically significant shows that
the attribute is randomly distributed. In contrast, the null may be rejected if the p-value is statistically
significant, either the z-score positive or negative shows that the spatial distribution is clustered or
dispersed, respectively.

Map Production
For the data visualisation, the hotspot map was generated using Getis-Ord Gi* analysis. The map
produced contains the information of the north arrow, the coordinate system used, the legend, and the grid

of coordinates. The legend comprises the GiZScore value results from Hot Spot Analysis tools with five
(5) classifications and the administrative boundary of Selangor.
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RESULTS AND ANALYSIS
Property Crime Data Extracted from Social Media

Data were collected over fourteen (14) weeks in March 2020, as shown in Table 2. It can be seen that
week one (1) recorded the highest number of cases. This suggests a significant concentration of cases at the

beginning of the observation period.

Table 2. Summary of Data Collected

Week Snatch Burglary Car Theft Theft Total
1 28 11 6 8 53
2 10 14 6 7 37
3 12 12 2 9 35
4 16 12 0 4 32
5 20 8 1 5 34
6 15 4 4 2 25
7 11 0 6 21
8 20 10 0 9 39
9 23 5 1 6 35
10 23 6 2 6 37
11 21 5 2 8 36
12 20 4 0 4 28
13 20 9 1 6 36
14 24 8 1 7 40
Total 263 112 26 87 488

Source: Authors (2025)
Analysing Spatial Pattern

In this section, the Spatial Autocorrelation for each type of crime was analysed as shown in Table 3
to Table 6. The analysis was conducted based on the report generated by the software after processing was
completed. The report determined whether the distribution of crime is clustered, dispersed, or random. Then
the null hypothesis was also discussed, whether it was rejected or not, based on the z-score and p-value.

The spatial autocorrelation report indicates that burglary, snatch theft, and car theft are clustered in
their distribution. These findings are consistent with those reported by Ahmad et al. (2024), who revealed
that the Moran's Index analysis, conducted from 2015 to 2020 across regions in Selangor, showed positive
spatial autocorrelation. This suggests a tendency for property crimes to cluster within specific areas.

https://doi.org/10.24191/bej.v22i2.5935 ©Authors, 2025



325 Mat Sapuan et al. / Built Environment Journal (2025) Vol. 22. No. 2

Table 3. Burglary Spatial Autocorrelation Report

Spatial Autocorrelation

Maximum Correlation at 2nd iteration: 24,300m

Moran’s Index 0.024 p-value is statistically significant with positive z-score: Clustered
z-score 2.075 Null hypothesis
p-value 0.038 Rejected

Source: Authors (2025)

Table 4. Snatch Spatial Autocorrelation Report

Heading Spatial Autocorrelation

Maximum Correlation at 2nd iteration: 24,300m

Moran’s Index 0.032 p-value is statistically significant with positive z-score: Clustered
z-score 1.637 Null hypothesis
p-value 0.094 Rejected

Source: Authors (2025)

Table 5. Theft Spatial Autocorrelation Report

Heading Spatial Autocorrelation

Maximum Correlation at 6th iteration: 59,000m

Moran’s Index 0.168 p-value is not statistically significant : Random
z-score 1.197 Null hypothesis
p-value 0.231 Not rejected

Source: Authors (2025)

Table 6. Car Theft Spatial Autocorrelation Report

Heading Spatial Autocorrelation

Maximum Correlation at 2nd iteration: 24,300m

Moran’s Index -0.084 p-value is statistically significant with positive z-score: Clustered
z-score -0.335 Null hypothesis
p-value 0.737 Rejected

Source: Authors (2025)
Hotspot Map of Property Crime

Figure 4 shows the property crime hotspot map in Selangor. Figure 4 (a) shows a burglary hotspot map.
It can be seen that the hot spots, displayed in red and the cold spots, displayed in blue, are presented by
points where the values were 2.614>z>0.689 and -1.972<z<-0.210 standard deviations, respectively.
Burglary crime is frequently observed in the southern part of Selangor, with the area having the most
clustered hotspots being Kuala Langat, followed by Petaling, Klang, Hulu Langat, and Sepang.
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Fig. 4. Property Crime Hotspot Map in Selangor. Burglary Hotspot Map (a), Snatch Hotspot Map (b), Theft Hotspot
Map (c) and Car Theft Hotspot Map (d)

Source: Authors (2025)
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From the map in Figure 4(b), the snatch hot spots are presented by points with value 2.203>z>0.643
standard deviations, indicating statistically significant clustering of high crime occurrences. These hotspots
are primarily located in the southern part of Selangor, specifically in the districts of Kuala Langat, Sepang,
Petaling, and Klang. This suggests that snatch thefts are more frequent and concentrated in these areas
compared to others.

On the other hand, the cold spots, where snatch thefts are significantly less frequent, are represented
by z-scores ranging from -2.380 to -0.278. These areas include the districts of Gombak, Kuala Selangor,
and Sabak Bernam. The negative z-scores in these districts indicate a lower-than-average occurrence of
snatch thefts, suggesting relatively safer zones in terms of this specific crime.

The theft crime hotspot map in Figure 4(c) shows that the area that requires more attention from the
local government and Royal Malaysia Police in managing the crime event was at the range z-score of
0.659<z<1.069, which is in the district of Gombak. While based on the range z-score of -0.265<z<-0.291,
the area that required the least attention was at Sepang and Hulu Langat district.

The map in Figure 4(d), indicates that the car theft crime event hotspots are concentrated in the
southern part of Selangor, which is Kuala Langat, followed by Petaling and Klang. The red zones show the
areas with a very high value of z-score, indicating significant spatial clustering at the range of
0.672<z<1.558. These findings are consistent with those reported by Ahmad et al. (2024),where the
property crimes were clustered within specific areas.

CONCLUSION

The determination of crime location from social media helps to analyse the current trend of crime in an
area. For this study, the study area was the Selangor state. For data collection, Twitter API and R Studio
were used to collect the location of property crime data in the Selangor area. There are five phases in this
section, excluding the phase of preliminary studies. The phases are data collection, data pre-processing,
data processing, data analysis, and lastly, the production of hotspot maps. In summary, the total data
collected and being used for processing is 488 cases consisting of snatch, burglary, car theft, and theft. For
average nearest neighbours, each crime was determined by their pattern and distribution based on the
average distance between neighbourhood features, locational and crime rate similarity for Global Moran’s,
respectively. From the output of the analysis tool, there is an underlying spatial process at work, presented
by the indicators for the statistical significance based on the z-score.
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