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ABSTRACT

Principal Component Analysis (PCA) is a statistical tool used for reducing the dimensionality of a very
large data set and for determining the areas with the overall crime rate. The paper statistically analyzed
the FCT Abuja crime data recorded and reported by the Nigeria Police Force using correlation analysis
and principal component analysis for the period of 2018-2023. The crimes consist of robbery,
theft/stealing, house breaking, store breaking, burglary, grievous hurt and wounding (G.H.W.), murder,
rape, kidnapping, and assault. The result of the study has shown that theft has the highest rate and
murder has the lowest rate. It was evidently shown that kidnapping has shown a significant correlation
with grievous harm and wounding (GHW), which means that the high rate of GHW in FCT is associated
with kidnapping and therefore each crime can be used to predict (explain) one other. PCA suggested
retaining four components, namely, murder, burglary, assault, kidnapping, and armed robbery, that
explain about 95% of the total variability of the crime data set. It was recommended among others that
there is a need to tackle kidnapping to reduce crime, grievous harm and wounding (GHW), and routine
training of Police personnel on advanced data collection, processing, analysis, and visualization.
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1. INTRODUCTION

Crime is defined as the breach of criminal law that governs a particular geographical area, the criminal
law that aims to protect the lives, property, and rights of citizens within a specific jurisdiction (Lamond,
2007). The degradation of Nigeria's economy is a great determinant in the high rate of crime occurrences
(Danbazau, 2017). The application of multivariate statistics has made some contributions to many
criminological explanations (Kpedekpo and Arya, 1981, and Printcom, 2003). This study explores the
use of correlation analysis and principal component analysis (PCA) for effective crime control and
prevention.

Correlation is the value of association between two independent or one independent and
another dependent variable, determined by measuring the correlation coefficient (Pearson, Kendall,
Spearman) and also the direction of their relationship, i.e., positive correlation or negative correlation.
Quantification of this association involves computing the correlation coefficient ranging between [—1,1]
(Madhuri et al., 2023). Various types of crime can be analyzed using the correlation coefficient to
determine the strength of relations between pairs of crimes.
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Principal component analysis (PCA) is a novel technique for multivariate data analysis and the model
prediction (Ringner, 2008). The goal of PCA is to reduce the number of variables by extracting several
principal components. In general, the first components can capture most of the information in data. PCA
has been proved to be an effective method for crime analysis (Yao, 2016).

PCA offers a tool for reducing the dimensionality of a very large data set and in determining the areas
with overall crime rate. Correlation analysis and PCA are essential for effective crime control and
prevention (Gumbe et al., 2013). Principal component analysis can also be used to determine the overall
criminality. When the first eigenvector shows approximately equal loadings on all variables, then the
first PC measures the overall crime rate (Faweya, 2018). Considering the progression of criminal
activities in the Nation capital, this study aims to examine the distribution of various crime, the degree
of relationship between the different crimes, determine the crime that accounted for highest percentage
of the total crimes in FCT Abuja and to determine which of the acts constitute the major or principal
components of the crimes as well as their effects on life in the study area.

Several studies have applied Principal Component Analysis (PCA) to crime data in various regions.
Gulumbe (2013) and Atanu (2019) both found significant correlations between certain crimes, with
Gulumbe identifying four components that explained 78.94% of the data variability and Atanu
identifying two components that explained 85.166%. Erick (2019) focused on the causes of crimes in
Mathare slums, Nairobi, and found a strong positive relationship between unemployment and drugs,
with three components explaining 52.6% of the variability in crimes against persons and two
components explaining 42.2% of the variability in crimes against property. Olakorede (2017) analyzed
crime data in Gwagwalada Area Command, Abuja, and identified three components that explained
86.873% of the data variability. These studies collectively demonstrate the utility of PCA in identifying
underlying patterns and relationships in crime data. Wafula (2019) conducted a statistical analysis of
causes of crimes in Mathare slums, Nairobi County, using data collected via questionnaires in April
2018, using correlation analysis to explain the association between the causes of crimes and principal
component analysis (PCA) to reduce the dimensionality of the data sets. Faweya et al. (2018), employed
Principal Component Analysis (PCA) to reduce the dimensionality, and the results revealed that the first
five principal variables which explained 66.769% of the total variation, and the first six principal
variables which accounted 93.881% of the total variation in EKkiti State and Osun State data set,
respectively have been retained using the scree plot. Olakorede et al. (2019) conducted a study that
analyzed the crime data of Gwagwalada Area Command of FCT, consisting of the averages of twenty
major crimes reported to the police for the period 1995 — 2015. The study also explored the use of
correlation analysis and principal component analysis (PCA) to explain the correlation between the
crimes and to determine the distribution of the crimes over the three Area Councils under the
Gwagwalada Area Command. Atanu (2019) analysed the crime data of Nigeria, consisting of eight
major crimes reported to the police in 2017. The study also employed the used Principal Component
Analysis (PCA) to explain the correlation between the crimes. Musa et al. (2020) carried out a study
using multivariate approaches of Principal Component Analysis and multidimensional scaling using
secondary data collected from the 23 Divisional Police Headquarters (DPHs) on all the 23 Local
Government Areas (LGA) of Kaduna State.

Contemporary literature showed there appears to be a gap in the patterns and relationships in crime data
in certain places and certain periods of time.

Zakariyau and lbrahim Page | 460



ICSSDA 2025 Conference Proceedings

However, there hasn’t been a study that statistically analyzed the FCT Abuja crime data recorded and
reported by the Nigeria Police Force using correlation analysis and principal component analysis for the
period of 2018-2023. Therefore, the need to examine crime data of FCT Abuja is highly appropriate.
This paper statistically analysed the FCT Abuja crime data recorded and reported by the Nigeria Police
Force using correlation analysis and principal component analysis for the period of 2018-2023.

2. LITERATURE REVIEW

Many studies have been conducted on the use of principal component analysis to analyze crime data in
various places for certain periods of time. However, in this paper, contemporary literatures on statistical
analysis of crime data using principal component analysis were reviewed.

In Kenya, Wafula (2019) conducted a statistical analysis of causes of crimes in Mathare slums, Nairobi
County, using data collected via questionnaires in April 2018, using correlation analysis to explain the
association between the causes of crimes and principal component analysis (PCA) to reduce the
dimensionality of the data sets. The result of the study showed that there was a fairly strong positive
relationship between unemployment and drug and substance abuse, which means that their variables can
be used to predict one another. It also revealed that three PCs (drugs and substance abuse,
unemployment, and neglect from parents) that explain about 52.6% of the total variability of the causes
of crimes against persons are suggested to be retained. Similarly, two PCs (drugs and substance abuse
and unemployment) that explain about 42.2% of the total variability of the causes of crimes against
property are suggested to be retained.

Musa et al. (2020) carried out a study using multivariate approaches of Principal Component Analysis
and multidimensional scaling using secondary data collected from the 23 Divisional Police Headquarters
(DPHSs) on all the 23 Local Government Areas (LGA) of Kaduna State. Findings of the study revealed
that three components were retained, which collectively accounted for about 85% of the total variability
in the data, and individually, the first, second, and third PC accounted for 42.4%, 25.5% and 16.9% of
the total variability in the data, respectively. It further revealed that the Euclidean Distance map
employed in the study shows that grievous hurts, assaults, rape, murder, and kidnapping are closely
compact.

A study conducted by Atanu (2019) analysed the crime data of Nigeria, consisting of eight major crimes
reported to the police in 2017. The study also employed the used Principal Component Analysis (PCA)
to explain the correlation between the crimes. The result of the study showed a significant correlation
between armed robbery, theft and grievous harm, and wounding. It further showed that Lagos has the
highest crime rate, and Kebbi state has the lowest. Also, theft, house breakings, grievous hurt and
wounding, murder, rape are more prevalent in Lagos state, armed robbery in Rivers State, while
kidnapping and assault are prevalent in Abia state. The PCA has suggested retaining two components
that explain about 85.166 percent of the total variability of the data set.

Gulumbe et al. (2013) analysed crime data of Katsina State consisting of eight major crimes reported to
the police for the period 2006 — 2008. The study employed the use of correlation analysis and principal
component analysis (PCA) to explain the correlation between the crimes and to determine the
distribution of the crimes over the local government areas of the state. Findings of the study revealed
that there was a significant correlation between robbery, theft, and vehicle theft. Katsina local
government recorded the highest crime rate, and Musawa local government recorded the lowest. The
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findings further showed that robbery is more prevalent in Danmusa local government area, rape in Jibia
local government area, and grievous hurt and wounding in Dandume local government area. The PCA
used in the study suggested retaining four components that explain about 78.94 percent of the total
variability of the data set.

In Sokoto, Usman et al. (2012) applied the PCA technique to determine the number of principal
components to be retained on the seven variables obtained from the Criminal Investigation Department,
Sokoto State Police Headquarters, Sokoto. Findings of the study showed that three Principal components
that explain about 89 percent of the total variability of the data set have been retained using the Scree
plot and Loading plot, indicating that correlation exists between crimes against persons and crimes
against property.

In a study conducted by Faweya et al. (2018), the statistical analysis revealed that the commonly
committed crimes out of others in EKiti State are theft and stealing, store and office breaking, grievous
harm, house breaking and assault occult harm and the highest and commonly committed crimes in Osun
State are; house breaking, receiving stolen property, armed robbery, assault, grievous harm and
wounding, arson. The Principal Component Analysis (PCA) employed in the study was used to reduce
the dimensionality, and the results revealed that the first five principal variables, which explained
66.769% of the total variation, and the first six principal variables which accounted 93.881% of the total
variation in EKiti State and Osun State data set, respectively have been retained using the scree plot.

Olakorede et al. (2019) conducted a study that analyzed the crime data of Gwagwalada Area Command
of FCT, consisting of the averages of twenty major crimes reported to the police for the period 1995 —
2015. The study also explored the use of correlation analysis and principal component analysis (PCA) to
explain the correlation between the crimes and to determine the distribution of the crimes over the three
Area Councils under the Gwagwalada Area Command. The result of the study showed a significant
correlation between robbery and rape, grievous hurt and wound (GHW), theft, assault, murder, and
unlawful escape. It also revealed that the highest overall crime rates are Rape, Robbery, GHW, Theft,
Assault, Murder, and unlawful escape in the Area Command. Also, unlawful possession, breach of
peace, and broken store are more prevalent in the Kwali Area Council, while Vehicle theft, car stealing
and burglary are more prevalent in the Kuje Area Council Area. Findings of the study further revealed
that the PCA suggested retaining three components (Rape, Robbery and GHW) that explain about
86.873 percent of the total variability of the data set.

Several studies have applied Principal Component Analysis (PCA) to crime data in various regions.
Gulumbe (2013) and Atanu (2019) both found significant correlations between certain crimes, with
Gulumbe identifying four components that explained 78.94% of the data variability and Atanu
identifying two components that explained 85.166%. Erick (2019) focused on the causes of crimes in
Mathare slums, Nairobi, and found a strong positive relationship between unemployment and drugs,
with three components explaining 52.6% of the variability in crimes against persons and two
components explaining 42.2% of the variability in crimes against property. Olakorede (2017) analyzed
crime data in Gwagwalada Area Command, Abuja, and identified three components that explained
86.873% of the data variability. These studies collectively demonstrate the utility of PCA in identifying
underlying patterns and relationships in crime data.
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However, there are no published data on statistically analyses of FCT Abuja crime data recorded and
reported by the Nigeria Police Force using correlation analysis and principal component analysis for the
period of 2018-2023.

3. METHODOLOGY

The study is FCT Abuja and the data used in this study was collected from the Research and Planning
Department, FCT Abuja Police Command. The data consists of ten selected major crimes reported to the
police for the period 2018 — 2023. The crime classifications are: Crimes against properties which include
robbery, theft/stealing, house breaking, store breakings and burglary, and crimes against persons which
include grievous hurt and wounding (G.H.W.), murder, rape, kidnapping and assault.

The crime data obtained from the Research and Planning Department, FCT Abuja Police Command
contained 24 crime types, namely: murder, arm robbery, kidnapping, rape, false pretense & cheating,
one chance, abduction, forgery, assault, grievous harms and wounding, public nuisance and child
stealing. Others are theft & stealing, house breaking, store breaking, burglary, criminal
misappropriation, indecent assault, criminal breach of trust & cheating, criminal intimidation,
disturbance of public peace, homicide, receiving stolen property and defamation of character. For each
crime type there are 8 variables, namely: cases reported, number of persons arrested, number of persons
charge to court, number of persons convicted, number of persons awaiting trial, number of arms &
ammunition recovered, exhibit recovered and location of crime.

The crime type was cleaned by trimming the number of crime type to 10 such as robbery, theft/stealing,
house breaking, store breakings, burglary, grievous hurt and wounding (G.H.W.), murder, rape,
kidnapping and assault. Also, for the variable, only the number of cases reported was used.

PCA is employed to determine the distribution of the crimes over the Area Councils of FCT Abuja. The
correlations among different crimes are explained based on correlation analysis.

The data consists of ten major crimes reported to the police for the period 2018 — 2023 namely, robbery,
theft/stealing, house breaking, store breaking, burglary, grievous hurt and wounding (G.H.W.), murder,
rape, kidnapping and assault. Frequencies of crimes for each category were averaged over the three
years in the study period to control for anomalous years when there may have been an unexplained spike
or fall in crime levels prior to the statistical analysis.

Thus, the crime data set contained the 10 crime types of the crime and the number of cases reported for
each year. The objective of this study includes: reduce the dimensionality of the crime data by using
PCA,; identify the major crime types in FCT; determine the association existing between different crime
types. The analysis procedure is organized as follows: First, the eigenvalues for different components
are calculated. Then, the principal components for raw data are computed. Finally, the scores of each
observation for the pair principal components are plotted.

The correlation or correlation coefficient (r) is a pure number between —1 and 1 summarizing the
strength of the relationship. A correlation of 1 indicates a perfect straight-line relationship with upward
tilt; a correlation of —1 indicates a perfect straight-line relationship with downward (negative) tilt. The
correlation tells you how close the points are to being exactly on a tilted straight line, but it does not tell
you how steep that line is. The formula for the correlation coefficient is:
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The covariance of X and Y is the numerator in the formula for the correlation coefficient. Because
its measurement units are difficult to interpret, it is probably easier to work with the correlation
coefficient instead (Siegel, 2022).

Principal component analysis was be used as a statistical procedure to transform a set of observations
of correlated variables to a set of a linearity uncorrelated variables by orthogonal transformation. It can
be explained that the variance covariance structure of these variables by some of these linear
combinations of the original variables.

PCA calculates an uncorrelated set of variables (principal components), These factors are ordered so that
the first few retain most of the variation present in all of the original variables. Unlike its cousin Factor
Analysis, PCA always yields the same solution from the same data (apart from arbitrary differences in
the sign).

Let X be a vector of p random variables, the main idea of the PC transformation is to look for a few
(<p) derived variables that preserved most of the information given by the variance of the p random
variables (Jolliffe, 2002).

Let the random vector X [Xy, X, ..., Xp] have the covariance matrix Z with

: by A= e = )
eigenvalues 1 = 2 = ~

Consider the linear combinations,

G = Xy + @Ky o+ Xy = aXa Xy = 120 P Gt the element of X, where %7 is a

f
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Then,
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Var(y) = ajZa; k=12,p,-

The PC’s are those uncorrelated lincar *2* 722" » Y2 whose variances are as large as possible (Richard
and Dean, 2002). In finding the PC’s we concentrate on the variances. The first step is to look for a

r
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linear combination ¥ with maximum variance, so that

f — eee f

=
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Next, look for a linear combination 2X uncorrelated with X having maximum variance, and so on,
T
a, X

th . . . . . . . .
so that at the £~ stage a linear combination is found that has maximum variance subject to being

Zakariyau and lbrahim Page | 464



ICSSDA 2025 Conference Proceedings

uncorrelated with @14 + @X + -+ @1 X o 1ih derived variable %% is the K™ PC. Up

th )
to P PC’s could be found, but we have to stop after the q stage (g =p) when most of the variation
in X have been accounted for by 9 pCs.

The variance of a PC is equal to the eigenvalue corresponding to that PC,
Vﬂr(lj): ﬂ:-'llzﬂ:-' _.F: 1121"';P

The total variance in a data set is equal to the total variance of PCs
0qq + Jyz + -+ G-,‘L"',’? = EV&:‘“‘[E]

The data was standardized for the variables to be similar scale using a common standardization method
of transforming all the data to have zero mean and unit standard deviation. For a random
X' = [Xszr'”rXp]

vector the corresponding standardized variables are
X —u
Z=——" j=12-.,p
VO

In matrix notation

1
Z=VI(X - p
1/2
where V7 isthe diagonal standard deviation matrix.

Thus, E(Z) = 0 ang Cov(Z) = P. The PCs of Z can be obtained from eigenvectors of the

correlation matrix P of X. All over previous properties for X are applied for the Z, so that the
) .th - .

notation 5 refers to the /  PC and ‘. % refers to the eigenvalue- eigenvector pair. However, the

quantities derived from X are not the same as those derived from ¥ (Richard and Dean, 2001 [14]).

.th Z=Z2y,Z5,,Z] h Cov(Z)

The / PC of the standardized variables wit , IS given by

.
Y=aZ=a (L"E) (X — .

so that,

YVar(y) = XVar(z) = P; j=12,,p

In  this  case, Apar), Goaz) =, Qp @) e e eigenvalue—eigenvector  pairs

- A2 A=A, A, = 0.
for P with “1 z 3 v
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Interpretation of Principal Component Model
The loading or the eigenvector % — 1-%2:%k js the importance of a measured variable for a given
measure of the PC. When all elements are positive, the first component is a weighted average of the
variables and is sometimes referred to as a measure of the overall crime rate. Likewise, the positive and
negative coefficients in subsequent components may be regarded as a type of crime component
(Rencher, 2002, and Louis, 1981). The plot of the first two and three loadings against each other
enhances visual interpretation (Soren, 2006).

The score is a measure of the importance of a PC for an observation. The new PC observation Y are

obtained simply by substituting the original variables = * into the set of the first q PCs. This gives

Vi, =Xy +a,X; + -+ @, Xy j=12,--,p; i=12,,n
The plot of the first two or three PCs against each other enhances visual interpretation (Soren, 2006).
The proportion of variance tells us the PC that best explained the original variables. A cumulative
proportion of explained variance is a useful criterion for determining the number of components to be
retained in the analysis. A scree plot provides a good representation of the ability of the PCs to explain
in the data (Cattell, 1996).

3.7.2 The Proportion of Variance

The proportion of variance tells us the PC that best explained the original variables. A measure of how
well the first g PCs of Z explain the variation is given by:
_ ;-I=1 }\] v 7=1 VaT(Z])
$a=""p P

A cumulative proportion of explained variance is a useful criterion for determining the number of
components to be retained in the analysis. A Scree plot provides a good graphical representation of the
ability of the PCs to explain the variation in the data (Cattell, 1966).

4. RESULTS AND DISCUSSION

The FCT crime data for the period of 2018 - 2023 were processed and analyzed using R software. Below
are the results of the computations.
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Table 1: Descriptive Statistics

Variable Count Mean Staqdqrd
Deviation
Murder 6 31.33 11.47
Arm Robbery 6 73.83 19.97
Kidnapping 6 55.33 20.27
Rape 6 41.67 7.45
Assault 6 138.67 42.41
GHW 6 103.50 21.92
Theft 6 2104.17 528.64
House Breaking 6 63.00 8.00
Store Breaking 6 53.67 29.71
Burglary 6 48.00 24.06
Table 2: Correlation Matrix
Variable Murder Arm Kidnap Rape Assault | GHW Theft Bk s Store Burglary
Robbery | ping Breaking | Breaking
Murder 1.0000
Arm Robbery 0.0378 | 1.0000
Kidnapping -0.1709 | 0.5632 1.0000
Rape 0.6456 | -0.1174 | -0.7038 | 1.0000
Assault 0.2824 0.2188 -0.3523 | 0.2972 1.0000
GHW 0.3318 0.0039 0.5116 0.0037 -0.6137 | 1.0000
Theft -0.4538 | 0.3608 | 0.2989 | -0.5795 | -0.1156 | -0.4726 | 1.0000
House Breaking | -0.7958 | 0.0238 | 0.0234 | -0.6344 | 0.1232 | -0.7412 | 0.7430 | 1.0000
Store Breaking | 0.1436 | 0.1317 | -0.1392 | -0.1425 | 0.4936 | -0.6746 | 0.6468 | 0.4771 1.0000
Burglary -0.0326 | -0.2851 | 0.2091 | -0.5045 | -0.3862 | -0.0144 | 0.5910 | 0.3024 0.5414 1.0000
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Table 3: Eigenvalue of the Correlation Matrix

Conference Proceedings

Component Eigenvalue Percentage of Variance | Cumulative Percentage
1 3.79805 37.98 37.98
2 2.66406 26.64 64.62
3 1.59727 15.97 80.59
4 1.44106 14.41 95.00
5 0.49956 5.00 100.00
6 0.00000 0.00 100.00
7 0.00000 0.00 100.00
8 0.00000 0.00 100.00
9 0.00000 0.00 100.00
10 0.00000 0.00 100.00
Table 4: Rotated Component Matrix
. Component
Crime 1 > 3 7 5
Murder 0.96 0.11 0.19 -0.16
Arm Robbery 0.14 0.20 0.97
Kidnapping -0.27 0.85 0.44
Rape 0.55 -0.29 0.10 -0.78
Assault 0.97 -0.16 0.11
GHW 0.57 -0.29 -0.64 0.43
Theft -0.55 0.73 0.40
House Breaking | -0.90 0.35 0.25
Store Breaking 0.81 0.56 0.10
Burglary 0.89 -0.24 0.26 -0.28
Table 5: Eigenvectors
Crime PCl1 |PC2 |PC3 PC4 |PC5 |PC6 |PC7 |PC8 |PC9 |PC10
Murder -0.64 | 0.24 |0.30 0.66
Arm Robbery 0.18 |-0.12 |0.94 -0.14 | 0.25
Kidnapping 0.28 |-0.79 | 0.51 -0.20
Rape -0.76 | 0.54 0.36
Assault 0.81 |0.42 -0.10 | -0.39
GHW -0.57 | -0.79 0.20
Theft 0.92 0.15 0.17 ]0.33
House Breaking 092 |0.18 |-0.16 |-0.31
Store Breaking 0.61 |056 |0.19 0.52
Burglary 056 |[-0.23 |-0.32 |0.73
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DISCUSSIONS

Table 1 shows the descriptive statistics of the FCT Crime Data comprising of frequency, mean and
standard deviation. In comparison of the relative sizes of the mean in the data set, theft has highest rate
and murder has lowest rate.

Table 2, the correlation matrix has displayed different levels of (pairwise) correlation between different
crime data variables. High correlations, usually greater than 0.5, indicate that the crimes may be related
or influenced by similar factors. Looking at the table, rape has shown a very low correlations between
kidnapping, theft, house breaking and burglary which means that none of the variable can be used to
predict (explain) one another. It also means that the high rate of rape in FCT is not associated with
property crime. However, kidnapping has shown a significant correlation with grievous harm and
wounding (GHW), meaning that with kidnapping, grievous harm and wounding (GHW) can be
predicted. Theft has shown a significant correlation with house breaking, store breaking, and burglary.
This means the high rate of theft in FCT is associated with property crime and therefore each crime can
be used to predict (explain) the others.

Eigenvalues are often used to determine how many factors to retain. Usually, factors with values greater
than 1 are retained. From Table 3, the eigenvalues represent the amount of variance explained by each
principal component. The first eigenvalue (3.79) explains 37.9% of the variance, the second eigenvalue
(26.64) explains 26.64% of the variance, the third eigenvalue (1.6) explains 15.97% of the variance, the
fourth eigenvalue (1.44) explains 14.41% of the variance, and the fifth eigenvalue (0.5) explains 5% of
the variance. The cumulative proportion column showed the proportion of variance explained by each
component and all previous components. Considering the eigenvalues and cumulative percent of the
table, it will be reasonable to retain the first four PC’s that explain up to 95.0% of the total variability in
the data set.

Table 4, the rotated component matrix shows the loadings of each variable on the extracted factors. It
contains columns representing the components, which are the underlying factors or dimensions that
explain the correlations among variables, and rows representing the variables (crime type), which are the
original measures or indicators. The values in the matrix represent the strength and direction of the
relationship between each variable and each component. A high loading (close to 1) indicates that the
variable is strongly related to the component, and a low loading (close to 0) indicates that the variable is
weakly related to the component. The table showed that five components in each column have the
highest value close to 1, namely: murder, burglary, assault, kidnapping, and armed robbery.

From Table 5, the eigenvectors represent the weights of the original variables in the factors. It also
represents the direction of the new axes (principal components) in the transformed space. Each column
of the eigenvectors table represents a principal component, and each row represents a variable. The
values in the table represent the loadings of each variable onto each principal component. In the table,
the first eigenvector (PC 1) has high loadings for theft (0.92), house breaking (0.92), store breaking
(0.61), and burglary (0.56), indicating that theft, house breaking, store breaking, and burglary are
strongly correlated with the first principal component. The second eigenvector (PC 2) has high loadings
for rape (0.54), assault (0.81), and store breaking (0.56), indicating that rape, assault, and store breaking
are strongly correlated with the second principal component. The third eigenvector (PC 3) has high
loadings for armed robbery (0.94) and kidnapping (0.51), indicating that rape, assault, and store
breaking are strongly correlated with the third principal component. The fourth eigenvector (PC 4) has
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high loadings for murder (0.66), store breaking (0.52), and burglary (0.72), indicating that rape, assault,
and store breaking are strongly correlated with the fourth principal component

The scree plot helps in determining the number of factors to retain. The point where the plot levels off
(the “elbow”) suggests the optimal or important number of factors/components. Components after this
contribute little to explaining variance. Figure 1 shows that the first four factors are indeed the largest,
and we have the impression that these factors will adequately approximate this data and account for over
95% of the variation.

The loading plot visualizes the factor loadings and shows which variables strongly influence each other,
thereby making it easier to interpret the relationships between variables and factors. Variables that are
far from the origin have strong associations with components, and similar crimes may group to reveal
patterns in the FCT crime data. Figure 2 classifies the crime into high and low crime rates, showing theft
and house breaking as the highest crime rates, and murder with a low crime rate, then moderate positive
loading on kidnapping and burglary.

5. CONCLUSION

In this study, correlation analysis and principal component analysis were applied to crime data. PCA
was used to explore the number of principal components to be retained on the ten variables obtained
from the Criminal Investigation Department of the FCT Police Command for the period of 2018 — 2023,
which implies a great dimensionality reduction. The results of the statistical analysis proved that the four
components, namely: murder, burglary, assault, kidnapping, and armed robbery, explain up to 95.0%
(Table 4.3) of the total variability of the data set, thus suggesting that we do not lose much information.

6. RECOMMENDATION

Based on the findings of the study, the following were recommended:
i.  Security operatives need to tackle kidnapping to avoid grievous hurt and wounding (G.H.W.)

ii.  There is a need for a robust collection of crime data
iii.  Police personnel need routine training on advanced data collection, processing, analysis, and
visualization.
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