Matrix: Jurnal Manajemen Teknologi dan Informatika DOI: http://dx.doi.org/10.31940/matrix.v11i2.2449
Volume 11 Issue 2 Year 2021 Pages 71-80 URL: http://ojs.pnb.ac.id/index.php/matrix

Exploratory data analysis of crime report

Irwan Setiawan '*, Suprihanto >
2 Department of Computer Engineering and Informatics, Politeknik Negeri Bandung, Indonesia

*Corresponding Author: irwan@jtk.polban.ac.id

Abstract: Visualization of data is the appearance of data in a pictographic or graphical form. This form facilitates
top management to understand the data visually and get the messages of difficult concepts or identify new pat-
terns. The approach of the personal understanding to handle data; applying diagrams or graphs to reflect vast
volumes of complex data is more comfortable than presenting over tables or statements. In this study, we con-
duct data processing and data visualization for crime report data that occurred in the city of Los Angeles in the
range of 2010 to 2017 using R language. The research methodology follows five steps, namely: variables identifi-
cation, data pre-processing, univariate analysis, bivariate analysis, and multivariate analysis. This paper analyses
data related to crime variables, time of occurrence, victims, type of crime, weapons used, distribution, and trends
of crime, and the relationship between these variables. As the result shows, by using those methods, we can gain
insights, understandings, new patterns, and do visual analytics from the existing data. The variations of crime
variables presented in this paper are only a few of the many variations that can be made. Other variations can be
performed to get more insights, understandings, and new patterns from the existing data. The methods can be
performed on other types of data as well.
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Introduction

Data visualization is the display of data in the form of images or graphics that can help
decision-makers to be able to understand data visually and get new patterns hidden in the data.
Visualization of complex and large amounts of data is more manageable for humans to under-
stand when using pictures or graphics compared to being displayed in tabular or written form.

In a modern digital era, visions used in critical organization decision making gathered from
Exploratory Data Analysis (EDA). EDA is the technique of studying one or more datasets to rec-
ognize the underlying structure of the data carried there [1]. EDA can be used to identify hidden
patterns and correlations among variables in the data and assist people in confirming predictions
from the data. Over the last few decades, academics have introduced various tools and techniques
to visualize hidden correlations among data variables using simplistic diagrams and charts [2]-
[8]. Visual data analysis aid domain-specific data interpretation such as analysis of CRISPR/Cas9
screens [2], analysis of container shipping slot bookings [9], analysis of executive functions during
childhood [10], analysis of kindergarten students log data [11], sodium and potassium coronate
stability [12], fault injection campaigns [13], employee demographics and earnings [14], airport
waiting times [15], analysis of medical data [16] to perform analytics tasks, and analysis of
Airbnb's super host profile [17]. Crime is a risk that must be faced and managed. The results
from the EDA can be used as input for performing identification, analysis, and plans for handling
potential risks that exist in the city [18].

Unemployment, poverty, urbanization, and rapid population growth are the primary causes
of social di-lemmas. One of these problems implicit in every city is a crime. For example, as
reported in [19], Indonesian police reported that the crime rate per 100,000 population in 2017
is 129 people. Although it experienced a decline from 2016, which numbered 140 people, the
decline occurred less than 10 percent to lessen criminality rates, police have collected a large
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amount of data to analyze. The study of criminal activity and the forecast of the number of crimes
remains one of the most exciting problems for researchers. Research related to crime has been
widely carried out [20], [21], [22], [23].

In this study, data processing and visualization were carried out for crime report data that
occurred in the city of Los Angeles in the range of 2010 to 2017. Visualization of data related to
crime variables, time of occurrence, victims, types of crime, weapons used, distribution, and crime
trends, and the relationship between these variables is elaborated to be further used by decision-
makers to conduct further analysis.

Methodology

The research methodology, as shown in Figure.1, follows five steps, namely: variables
identification, da-ta pre-processing, univariate analysis, bivariate analysis, and multivariate anal-
ysis.
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Figure 1. EDA steps

Variables identification: this is an essential step to clearly distinguish and understand the
meaning of each variable in a dataset before analyzing the data. Datasets commonly have nu-
merical, ordinal, or nominal variables [1]. An essential characteristic of numerical data is that we
can apply many mathematical operations to it. A nominal, categorical, or factor variable cannot
apply to mathematical operations. Ordinal variables, also referred to as ordered categorical var-
iables or ordered factors, is a non-numeric value but possess an inherent order.

Data pre-processing: this is the second step of the EDA process. This process performs
data integration (such as finding redundant attributes and tuple duplication and inconsistency),
data cleaning, imputation of missing values [24], dealing with noisy data, and data reduction
[25].

Univariate data analysis: the objective of the univariate analysis is to get a better under-
standing of each attribute. In this step, we analyze each attribute to understand how each attrib-
ute looks like. We use the ggplot2 package to visualize the data. Bivariate data analysis: the
objective of the bivariate analysis is to analyze relationships between two attributes. In this step,
we compare two attributes to analyze the correlation between them. We use the ggplot2 package
to visualize the data. Multivariate data analysis: the objective of multivariate analysis is to get a
more in-depth investigation from more than two attributes. In this step, we compare three or
more attributes to analyze the correlation between them. We use the ggplot2 package to visualize
the data.

Results and Discussions

The raw data are collected from the Los Angeles Police Department. The dataset reflects
incidents of crime in the City of Los Angeles from 2010. The dataset represents a transcribed
report from the original crime report, which is typed on paper. The original data includes over
one point nine million data points for the period of 1st January 2010 to 25th November 2019.
The crime report attribute includes division of records number made up of a two-digit year and
five digits area ID, date reported, date occurred, time occurred, an area which referred to as
geographic areas within the department, area name which represents a name designation that
references a landmark of the surrounding community that is responsible for, reporting district
number made up of a four-digit code that represents a sub-area within a geographic area, crime
code which indicates the crime committed, modus operandi, victim age, and sex, victim descent,
premise code which represents the type of structure, vehicle, or location where the crime took
place, the weapon used, the status of the case, criminal code, the location which represents the
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street address of crime incident rounded to the nearest hundred blocks to maintain anonymity,
cross street, latitude, and longitude.

The data pre-processing step consists of removing the missing data, changing the data
type of some at-tributes, rename the name of attributes, and finding redundant attributes and
tuple duplication and inconsistency. In this study, because there are many NULL values in the
data range 2018 to 2019, the range of data to be explored is from 1st January 2010 to 31st
December 2017. From 1,900,312 crime report data will only be used 1,895,619 data.

Using R programming language and charts, we can analyze the crime data according to its
variables, time of occurrence, victims, type of crime, weapons used, distribution of incidents, and
trends of crime. Figures 2, 3, 4, and 5 show the distribution of crime incidents per year, per
month, per day, and date respectively, from 2010 through 2017. Figures 2, 3, 4, 5, 6, 7, and
Table 1 are an example of the results of univariate analysis. Figures 9, 12, and 14 are an example
of the results of bivariate analysis. Figures 10, 11, and 13 are an example of the results of multi-
variate analysis.

Figure. 2 shows the number of crime incidents distributed between 2010 and 2017. At the
end of 2010, the Los Angeles Police Department recorded 208,883 crime reports. The number of
crime incidents decreases significantly and reaches the minimum at the end of 2013. Since then,
the number of crime incidents increases and reaches the maximum at the end of 2017. Signifi-
cantly from 2014 to 2015, the number of crime incidents increased by almost ten percent.

Distribution of Crime Incidents per Year

Figure 2. Distribution of crime incidents per year between 2010 and 2017

Figure 3 illustrates the distribution of crime per month from 2010 through 2017. The chart
shows that February is the lowermost month of crime incidents (141,088) in Los Angeles. For the
other months, it fluctuates between 150,000 and 165,000.
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Figure 3. Distribution of crime incidents per month from 2010 through 2017

Figure 4 illustrates the distribution of crime incidents per day from 2010 through 2017.
From Monday to Thursday, crime incidents fluctuate between 26,500 to 27,000, and it increases
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surprisingly to 291,092 incidents on Friday. Then, it goes down to the lowest on Sunday
(260,735).
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Figure 4. Distribution of crime incidents per day from 2010 through 2017
Figure 5 shows the highest ten of count of incidents according to the time when the inci-

dents occur for the years 2010 through 2017. Interestingly enough, we can see from Figure 5.
that crimes mostly happen at 12 o’clock.
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Figure 5. Distribution of crime incidents according to the time when the incidents occur during
2010 through 2017

Figure 6 shows that crime incidents from the 2nd through the 30th day of every month

fluctuates between 56,000 and 66,000 incidents. Surprisingly, we can see that most crimes occur
on the 1st of every month (96,879 incidents), and the lowest is on the 31st (36,851 incidents).
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Figure 6. Distribution of crime incidents per date during 2010 through 2017
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Figure 7 takes a detailed look at what type of crimes happen at 12 o’clock. It is found that
most of the crimes that happen at that time are theft of identities, such as theft of name, theft

of identifying number, theft of credit card number, and theft of social security number.

Type Of Crime
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Figure 7. The top ten types of crimes happen at 12 o’clock
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Figure 8 describes the distribution of crime incidents according to the gender of the victim
from 2010 until 2017. It shows that through those years, the count of crime incidents is nearly
the same for the male victim and female victim, with males suffers more crimes than females.

Distribution of Crime Incidents According to
Gender of the Victim since 2010 until 2017
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Figure 8. Distribution of Crime Incidents According to Gender of the Victim
from 2010 until 2017

Figure 9 takes a look at the distribution of crime incidents according to the gender of the
victim and their ages from 2010 until 2017. It shows that males and females between ages 20
and 55 suffer more crimes. Fe-males age 20 and 35 suffer most crimes. Taking a more in-depth
look at what type of crimes happens to females age between 20 and 35, as shown in Figure 10,
we find that they suffer the most from intimate partner-simple assault. As for males of that range
of age, we find that most crime that happens to them is burglary from a vehicle.
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Figure 9. Distribution of Crime Incidents According to Gender of the Victim and Their Age
from 2010 to 2017

76



Jurnal Manajemen Teknologi dan Informatika

Distribution of Crime Incidents According to Type of
Crimes for Female Victim of Age Between 20-35 since

Distribution of Crime Incidents According to Type of
Crimes for Male Victim of Age Between 20-35 since 2010
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Figure 10. Top 5 of crime incidents according to the type of crimes for female victims and
male victims of age between 20 and 35 from 2010 until 2017

Figure 11 shows the top 5 crime incidents according to the type of crimes for female victims
and male victims from 2010 until 2017. It is interesting to note that both victims suffer the most
from battery-simple as-sault. It is also interesting to know that, within the top 5 types of crime,
female victims suffer intimate partner-simple assault, while male victims do not. However, in
these top 5 types of crime, male victims suffer assault with a deadly weapon, while female victims
do not.
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Figure 11. Top 5 of Crime Incidents According to Type of Crimes and Gender
since 2010 until 2017

Figure 12 shows the distribution of crime incidents according to the premises of happening
from 2010 until 2017. From the figure.12, we find that most crimes happen on the street. The
second place and third place of happening are, respectively, a single-family dwelling and multi-
unit dwelling such as apartments, duplex, etc.

TREET (422 274) ]

SINGLE FAMLY DWELLING (188 251) l

(241.083)

PARIING LOT (134.193) |

ALK (04 415)

OTHER BUSINESS (88 556)

(71.747)
(39 554)

MRAGENCARPORT (33 826)

Prerrise Descrpbon

DEPARTMENT STORE (26 .017)

200
Count of Incidents (in thousands)

Figure 12. Distribution of Crime Incidents According to Premises since 2010 until 2017
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Figure 13 shows the type of crimes that happens on those premises. Table 1 shows the
count of a type of crime that happens on those premises.

; STEET
g SRR F ki, WELLIMG
§
R
i
i PARIIMG LOT
Count o ncdarts i housands) -
o [ B ot I e B e 1 PR s
Figure 13. Type of crimes happens on the premises
Table 1. Count of type of crimes happens on the premises
Premises Crime Type Count
Street Vehicle - Stolen 105,757
Street Burglary From Vehicle 74,978
Theft From Motor Vehi-
Street cle - Petty ($950 & Under) 44,282
Single Family Dwelling Theft Of Identity 75,914
Single Family Dwelling Burglary 64,177
Single Family Dwelling Intimate Partner - Simple Assault 35,915
Single Family Dwelling Battery - Simple Assault 32,059
Multi-Unit Dwelling (Apartment, Du- Intimate Partner - Simple Assault 36,125
plex, etc.)
Parking Lot Burglary From Vehicle 35,015
Vandalism - Fel-
Vehicle, Passenger/Truck ony ($400 & Over, All Church Vandal- 37,214
isms)

Figure 14 shows the map of the top ten locations of crimes from 2010 until 2017. The
Southwest area with reporting district number 0363 is the most unsafe area with 9,609 incidents.
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Figure 14. Map of Top Ten Location of Crimes (circled) since 2010 until 2017
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Conclusion

This paper presents the result of Exploratory Data Analysis (EDA) using univariate analysis,
bivariate analysis, and multivariate analysis. R programming language applied to 1,895,619 rows
and 28 columns of Los Angeles Crime Report Data from 2010 until 2017. As the result shows, by
using those methods, we can gain insights, understandings, and new patterns from the existing
data. By performing EDA we can analyze the data using tables and various types of charts such
as line charts, bar charts, stacked charts, and geo charts.

The variations of crime variables presented in this paper are only a few of the many vari-
ations that can be made. Other variations can be performed to get more insights, understandings,
and new patterns from the existing data. The methods can be performed on other types of data
as well.
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