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Abstract

Crime classification and prediction represents a contemporary societal trend
aimed at reducing or preventing criminal activities. One such crime is domestic
violence, a global phenomenon known as the shadow pandemic or the hidden
pandemic. This study aims to analyse data related to domestic violence crimes in
Iraq and compare the effectiveness of the Random Forest (RF), Decision Tree (DT)
and Naive Bayes (NB) models using different metrics to develop an accurate model
for classifying or predicting the type of domestic violence (physical or non-
physical). The research employs a methodological framework that includes several
stages. Subsequently, the three classifiers RF, DT, and NB are applied to the dataset
to facilitate classification and prediction. The experiment results showed the
superior performance of the RF classifier, achieving an accuracy score of (99.77%),
compared to the DT classifier (99.07%) and NB (97.69%). For validation, different
classification metrics were used. RF exhibited superior performance in all metrics
compared to DT and NB algorithms, whose performance capabilities varied.

Keywords: Domestic violence, Machine learning, Classification, Random Forest,
Decision Tree, Naive Bayes.
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1. Introduction

A crime is an act punishable by law that harms both the individual and society [1]. Like
other countries, Iraq faces enormous challenges related to crime, with dire consequences that
threaten the safety and stability of its population [2], [3]. One of the most significant
challenges is the phenomenon of domestic violence, known as the shadow pandemic or the
hidden pandemic [4], defined as the occurrence of physical, sexual, or psychological abuse
within relationships [5], [6]. Recently, crime prediction has gained significant popularity in
the academic studies [7], [8], [9], [10].
Drawing from a review of the global literature on crime in the field of machine learning,
classical statistical techniques such as decision trees (DT) and Naive Bayes (NB) algorithms,
along with modern statistical methods such as random forest (RF), have proven their
effectiveness in crime prediction and classification [7], [8], [9], [10].
In the realm of literature, several machine learning approaches have been employed to
examine crime data, with supervised machine learning (SL) being the most commonly
utilized [8], [11], [12].
In a study conducted by Shojaee et al. (2013) [13], an experiment was carried out to enhance
supervised classification learning algorithms for predicting crime status by employing two
different feature selection methods tested on a real dataset. The comparisons in terms of area
under curve (AUC) indicated that Naive Bayes (0.898), K-nearest neighbor (KNN) (0.895),
and neural networks (multilayer perceptron) (0.892) outperformed decision tree (J48) (0.727)
and support vector machine (SVM) (0.678). Furthermore, the performance of mining results
was enhanced by using the Chi-square feature selection technique. Abdul Jalil et al. (2017)
[14] introduced a comparative study to evaluate the performance of filtering methods for
selecting features of crime data using NB, SVM, LR, RF, random tree, multi-class classifier,
and decision stump. The goal was to find a subset of features and classify crimes into three
different categories; low, medium and high. Kim et al. (2018) [15] in their work, they
analyzed crime data in Vancouver for 15 years (2003-2018) using two different data
processing methods. K-nearest neighbor and boosted decision tree were implemented, and the
decision tree outperformed, and other works, Alves et al. (2018) [16], Jha et al. (2019) [17],
Aldossari et al. (2020) [18], Zhang et al. (2020) [19], Shah et al. (2021) [20], Hussain and
Aljuboori (2022) [1], AlAbdouli et al. (2023) [21], and Alsubayhin et al. (2024) [22].
This research aims to analyze data and develop an algorithm that provides high accuracy for
classifying and predicting domestic violence crimes in Iraq (physical or non-physical). This
will be achieved by evaluating the effectiveness of the RF, DT, and NB models using datasets
of domestic violence reports in Iraq. Evaluation is a crucial aspect of this research, and the
effectiveness of these models will be comprehensively assessed using various evaluation
metrics (confusion matrix, recall, precision, F1-score, specificity, log-loss, ROC, AUC, and a
five-fold cross-validation approach) to ensure their efficacy in classifying and predicting
domestic violence crimes during the specified period. This study focuses on fifteen Iraqi
governorates, excluding the Kurdistan region, which includes Erbil, Sulaymaniyah, and
Dohuk. The findings of this study can inform public policies and guide efforts towards more
effective measures to combat domestic violence in Iraq. Finally, this research is the first of its
kind to utilize fifteen Iraqi governorates as a case study in this field.
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2. Classification Algorithm

Among the classical and modern statistical methods, the following classification algorithms
were applied in this study:

2.1 Naive Bayes (NB)

Naive Bayes learning (NB) [23], [24], [25] refers to the construction of a Bayesian
probabilistic model that assigns a posterior class probability to an instanceP (Y = y|X = x).
A simple naive Bayes classier uses these probabilities to assign an instance to a class. By
applying Bayes' theorem and simplifying the notation a little, we obtain the relationship given
in Eq. (1).

P(ylx) = ") (M

where P(y|x) is the posterior probability, p(x|y) is the likelihood, P(y) is the class prior
probability, and p(x) is the predictive probability density function.

2.2 Decision trees (DT)

Decision trees (DT) [23], [25], [26] or classification trees are a versatile machine learning
algorithm that is used to solve classification and regression problems. It is one of the very
powerful algorithms. It is a flowchart-like tree structure where each internal node indicates a
feature, branches indicate rules, and leaf nodes indicate the result of the algorithm, which can
be understood by the following measures:

e Entropy

Entropy measures the level of disorder or uncertainty in a given dataset or system,
mathematically as in Eq. (2).

Entropy = — ¥i-, p; log(py), 2
where 7 is the number of classes, p; is the probability of occurrence class i. Log represents
the natural logarithm.
¢ Gini index (Gini impurity)

The Gini index serves as a measure of inequality in sample as shown in Eq. (3) [27].
Gini index =1 — Y-, p? 3)

where 7 is the number of classes and p? is the square of the probability p; of occurrence
class i.

2.3 Random Forest (RF)

Random Forest (RF) [25], [28] is an ensemble learning method and supervised machine
learning algorithm based on a decision tree approach. In a RF, multiple decision trees are
generated using training data, which is similar to a forest containing many trees. Each tree is
built using a random subset of features sampled independently from the training data,
ensuring diversity between trees. The predictions of all trees are combined through a majority
voting process, where the most common prediction becomes the final prediction of the RF
model. This approach is based on boosting and bagging principles.

3. Case Study: Domestic Violence Crimes in Iraq

The workflow used to construct a model for classifying the categories of domestic
violence crimes, which are categorized as physical and non-physical violence in Iraq is
depicted in Fig.
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Figure 1: Workflow model

3.1 IRAQ-Domestic Violence Crimes Dataset

In this research, datasets in the context of criminology were utilized to build the classifier.
These datasets comprise records of incidents related to domestic violence reported through
the 497 hotline operated by the Iraqi Ministry of Interior, Department of Relations and Media
department, and Department of Community Police.
The Iraqi dataset consists of 20 different features and 1439 tuples of categorical and
numerical nature. These incidents occurred in 15 Iraqi governorates during the period from
January 1, 2022, to December 31, 2022. Each entry in our dataset corresponds to a specific
crime, described as in Table 1.

Table 1. Feature and classes of the crime dataset in Iraq

Features Classes Features Classes Features Classes
Date Continuous X1  Marital Status  Categorical X4  Governorate Categorical X7
Day of . Educational . Place of .
Week Categorical X2 Level Categorical X5 Residence Categorical X8
Sex Categorical X3 Profession Categorical X6 City Categorical X9
If the type of
violence is Reason for
Age Continuous X10  physical, what  Categorical X14 . Categorical X16
the violence
type of
violence?
Housing . Perpetrator of . Type of .
Type Categorical X11 Violence Categorical X15 Violence Categorical Y
Longitude Continuous

& Latitude X12 & X13

To ensure the protection of the privacy of domestic violence victims, the disclosed
information maintains a certain level of anonymity without specifying exact locations.

3.2 Exploratory Data Analysis (EDA), Data Pre-processing, Data cleaning and
Transformation, Training and testing dataset

The process of analysing a dataset helps to minimize the risks inveterate in the decision-
making procedure by providing an understanding of statistical values and numbers such as
graphs, pictures, tables, and charts [29] as in Table 2 and Fig. 2 (a) and (b).
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Table 2: Description of the crime dataset in Iraq

No. of No. of
Governorate Violence Percentage Governorate Violence Percentage
Crimes Crimes
1 Baghdad 747 51.911 9 Karbala 45 3.1271
2 Nineveh 106 7.3662 10 Babil 41 2.8492
3 Salah al-Din 82 5.6984 11 Al-Najaf 38 2.6407
4 Diyala 77 5.3509 12 Wasit 25 1.7373
5 Al-Anbar 67 4.6560 13 Al-Qadisiyah 20 1.3898
6 Dhi-Qar 64 4.4475 14 Maysan 13 0.9034
7 Basra 60 4.1695 15 Al-Muthanna 5 0.3474
8 Kirkuk 49 3.4051

Type of Violence Marital Status
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Figure 2 : Count of violence crime w.r.t. (a). type of violence, sex, and age. (b). marital
status, education level, and profession.
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By exploring the data presented in Table 2, it is observed that the rate of domestic violence
crimes varies across different governorates. Analysis of the distribution of domestic violence
crime categories provides a clear indication that physical violence, as shown in Fig. 2 (a),
exhibits the highest recurrence rates in Iraq, indicating uneven distribution. Regarding
gender, as shown in Fig. 2 (a), it is noteworthy that females were the highest reporters of
domestic violence crimes. Concerning age, the histogram displayed in Fig. 2 (a) illustrates the
distribution of data on the ages of petitioners in relation to domestic violence. It indicates an
increase at certain ages and a decrease at others, with a more pronounced distribution towards
higher values. As for marital status, as shown in Fig. 2 (b), the majority of reported cases of
physical domestic violence occurred among married individuals, followed by single
individuals, respectively. In terms of education level, as shown in Fig. 2 (b), reports of
domestic violence cases were most prevalent among individuals with secondary education,
followed by the graduates of universities or institutes, then those with primary education, and
finally individuals with reading and writing. Additionally, regarding occupation, as depicted
in Fig. 2 (b), the majority of reported of cases of domestic violence were among non-
employees compared to the total number of employees, students, private sector employers,
and retirees. Figure 3 represents the number of reports of domestic violence crimes for the top
80 regions, where the Doura region received the largest share with 46 reports, followed by
Sadr City with 38 reports.
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Figure 3: Distribution of domestic violence crimes in each region

Also, Fig. 4 represents the distribution of place of residence and housing type. Most of the
reports were from city residents and private property, respectively.

Place of Residence
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Figure 4:Distribution of domestic violence crimes w.r.t. place of residence and housing type

Figure 5 shows the top 10 perpetrators of violence. It is clear that the perpetrator of violence
in the first place is the husband followed by the father respectively. As for any type of
violence, Fig. 6 (a) displays the first six categories, and the most common type was hitting
with the hand. Regarding the top 10 causes of violence, Fig. 6 (b) shows that family problems
are the most common, with a total of 791 cases, which should be interpreted by psychiatrists
and specialists.

Perpetrator of Violence

Figure 5: Distribution of perpetrators of violence
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In order to further analyze the dataset, it is necessary to preprocess the dataset by splitting the
attributes in the date feature, dividing the timestamp into date, month, year, hour, minute,
time period, hour type, weekend, working hour, and season as in Fig. 7.
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Figure 7: Distribution of domestic violence reports by month, day, days of week, hour, time
period, hour type, weekend, business hour, and season

In Fig. 7 (a), August was the month with the highest number of reports, followed by
November and December. February was the month with the lowest number of crime
incidents, and similarly, from Fig. 7 (b) and (c), it appears that reports of domestic violence
occur on all days of the month as well as on all days of the week, Fig. 7 (d) showing that
from 8 am to 23:59, the most reports were reported, with the peak being from 9 to 14,
compared to other hours. Most of the reports occurred at 11 noon and began to stabilize from
15 noon until 23:59, where the reports were somewhat similar. Figure 7 (e) shows that the
morning period is the most reported. In addition, regarding the type of time also, Fig. 7 (f)
represented the largest number of domestic violence reports from the morning period,
followed by noon and night. As for weekends, Fig. 7 (g) shows that reports of domestic
violence are concentrated during the days of the week, based on the fact that the weekend in
Iraq is Friday and Saturday. As for the working hours, Fig. 7 (h) shows that reports are
concentrated during typical work hours compared to off-hours. Regarding seasons, Figure 7
(1) shows the distribution of reported domestic violence cases by season. It was noted that
reporting increased from winter, spring, summer, and fall, respectively, and summer and fall
had similar reporting rates.
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The dataset underwent cleaning by removing some unnecessary features that did not add
marginal value. Optimal classification models necessitate continuous data. To accomplish
this objective, each categorical feature was converted into a single fast encoding matrix using
the Label-Encoder function within the “Pre-processing” module of sklearn in Python. Table 3
displays the correlation coefficient between our target and other features, using Spearman’s
correlation coefficient.

Table 3: The correlation coefficient values between target and other features

Feat correlation Feat correlation Feat correlation
catures coefficient catures coefficient catures coefficient
Year NaN Marital Status -0.001216 Governorate -0.056826

Day of Week 0.002805  Educational Level 0.045776 Place of Residence NaN
Sex 0.001773 Profession 0.019905 City -0.031956
Age 0.117556  Physical Violence —, 75119 Reason for the -0.024379
Type violence
q Perpetrator of .
Housing Type  -0.072595 Violence -0.058000 Type of Violence 1.000000
Longitude -0.002979 Minute 0.018734 Month 0.091500
Day 0.012626 Latitude -0.017966 Business Hour -0.007217
Hour -0.008549 Weekend -0.008830 Time Period -0.015737
Hour Type -0.036304 Season -0.054715

NaN in Table 3 indicates that it was not possible to calculate the correlation coefficient for
the target and year because the data used are for one year and for the target and place of
residence because the data are not diverse enough.

The dataset is divided into two parts, the test and training data sets at 30% and 70%
respectively.

33 Performance Measures

The model’s classification performance on Iraqi domestic violence crime data can be
assessed using a confusion matrix, depicted in Table 4. This matrix summarizes how
accurately the model categorizes data, aligning with both actual and predicted classifications
in the dataset.

Table 4: Confusion matrix

ACTUAL VALUE
Positive .
s - a) Negative (0)
= 3 Positive True Po. False Po.
E = a) TP FP
& > Negative False Ne. True Ne.
(0) FN TN

Through the confusion matrix, various verification measures can be derived, such as
accuracy, precision, recall, f1, and specificity as appeared in Egs. (4) to (8) respectively.

TP+TN
Accuracy = ————— 4)
TP+FP+TN+FN
.. TP
Precision = (%)
TPTJEFP
Recall = (6)
TP+FN
PrecisionxRecall
Fl1 = —_— (7
Precision+Recall
Specificity = 8
pecificity TN+FP ®)
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For an unbalanced data set, such as the current Iraq domestic violence crimes data set with an
unbalanced distribution of classes, it is necessary to compare accuracy using other measures
such as the log loss measure represented by Eq. (9).

1
Logloss = ——¥L, ¥, yijlog(pi)), ©)

where v;; indicates whether it"* sample belongs to j* class or not and p;; indicates the
Vij p g ] Dij

probability of it" sample belongs to i*" class. M is the total number of attributes and N is the
total number of samples.

Finally, for all models, a 5-fold cross validation technique was employed [30], [31], [32],
[33], [34] as illustrated in Fig. 8.

Validation Training
Fold Fold
1t — Performance,
)
% 2nd — Performance ,
T
-
0 Ird — Performances L Parformance
0 .
I =7 ) Performance
o 4th — Performance i
¥
5th — Performance 5

Figure 8: 5-fold cross-validz;tions [35]

4. Results and Discussions

This section discusses the obtained results. Regarding the confusion matrix, Table 5
illustrates the outcome of the proposed model for three methods. Based on this analysis, it
can be inferred that the RF algorithm outperformed the other two methods in this scenario,
demonstrating excellent performance by correctly classifying the samples without any false
negatives (FNs).
When evaluating accuracy compared to the proposed metrics, the results are depicted in
Table 6. It is observed that the RF algorithm attained the highest accuracy compared to other
algorithms.

Table 5: Confusion matrix values obtained using the proposed algorithms

Algorithm TP FP TN FN
DT 383 1 42
RF 389 1 42
NB 381 2 41
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Table 6: The result of accuracy on test, precision, recall, specificity and F1 score

Model Test Acc. Precision Recall F1 Specificity
DT 99.07 99.74 99.23 99.48 97.67
2 RF 99.77 99.74 100.0 99.87 97.67
NB 97.69 99.48 97.94 98.70 95.35

Furthermore, among the algorithms, RF offered a good precision of 99.74%, meaning that it
produces results that are more relevant to identifying domestic violence crimes than irrelevant
results.

When calculating the recall of the algorithms, the RF obtained an estimate of 100% for the
model’s ability to effectively identify and target actual domestic violence crimes, which
indicates that it does not contain false negative results. RF also obtained a high F1 score
compared to other algorithms, with a high value of 99.87%, which means that the model
achieves low false positives and low false negatives. Finally, the RF achieved a high ability
of 97.67% in measuring specificity to correctly distinguish between true negative results and
avoid false positive results and the Fig. 9 shows the results graphically.

——
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Percentage
L 4
b
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95 Precision
—8— Recall
—8— F1 Score
—8— Specificity

[Z:T RIF NIEl
Models
Figure 9: Performance metrics for different models

Table 7 presents the results of the five-fold cross-validation measure, providing an objective
assessment of the performance of the three selected models, utilizing all data for training and
evaluation. RF demonstrated the ability to outperform DT and NB in all five verification runs
and also on average, as depicted in Fig. 10 (a). Through the log loss measurement values for
the three algorithms, it is observed that the RF and NB algorithms outperform with scores of
0.053 and 0.073, respectively. This indicates that these models exhibited better performance
in predicting the categories as shown in Fig. 10 (b), compared to the DT algorithm which
scored 0.320.

Table 7: The results of the 5-fold cross-validation measure (DT, RF, and NB)

Model CV Score 1 CV Score2 CV Score3 CV Score4 CV Score5 Average CV

DT 98.51% 97.03% 98.01% 98.51% 97.51% 97.91%
2 RF 98.51% 99.01% 99.50% 99.00% 99.00% 99.01%
NB 95.52% 97.52% 92.02% 96.52% 95.52% 96.23%
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Figure 10: (a) 5-fold cross-validation scores for proposed algorithms, (b) Log Loss for
proposed algorithms

Arriving at the AUC results (area under the ROC curve) for the three algorithms in binary
classification, as in Fig. 11. Which shows the superiority of the RF algorithm with AUC =
1.0, which means that the RF model is able to completely distinguish between the positive
and negative classes without any ambiguity, and this is a very good and ideal performance. It
is followed by NB and DT respectively.

<o

ROC Curve - Decision Tree . ROC Curve - Random Forest ROC Curve - Gaussian Naive Bayes

True Positive Rate
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00 | 00 |
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Figure 11: Receivers operating characteristic (ROC) curve proposed algorithms

5. Conclusions

This study compared the accuracy degrees of the DT, RF and NB algorithms in classifying
and predicting the type of domestic violence (physical and non-physical) with different
metrics. The result of this study indicates the superior performance of the RF classifier as it
achieved an accuracy score of (99.77) compared to the DT classifier (99.07) and NB (97.69).
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For validation, different classification metrics were used, RF showed superior performance in
all metrics compared to DT and NB algorithms whose performance capabilities varied.

The experiment was performed on a desktop computer (all-in-one), running Windows 10 pro,
Intel (R) Core (TM) i5-7400T CPU @ 2.40 GHz processor, with 8 GB RAM and OS 64-bit.
These positive findings highlight the need for enhanced collaboration among researchers and
specialists in combating domestic violence. They emphasize the importance of exchanging
knowledge, experiences, and developing comprehensive strategies to address this persistent
issue. Moreover, this study suggests future advancements in criminal and intelligence
analysis using mathematical machine learning algorithms.

Looking to the future, there is a plan to continue applying other classification algorithms to
the crime dataset to evaluate their performance.
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