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Abstract 
This study analyzes homicide data in the United States from 1980 to 2014 using machine learning techniques to predict crime 
resolution and classify victim gender. The dataset, obtained from the FBI Supplementary Homicide Report, contains 638,454 
records. Data preprocessing involved cleaning, converting categorical features to numerical values, and addressing class 
imbalance using Synthetic Minority Oversampling Technique (SMOTE). Various classification algorithms were applied, 
including Decision Tree and Naïve Bayes. The results showed that the Decision Tree model achieved 95% accuracy in 
predicting crime resolution and 85% accuracy in classifying victim gender, while Naïve Bayes reached 92% accuracy in crime 
resolution prediction. The findings highlight the effectiveness of machine learning in crime pattern analysis and prediction, 
aiding law enforcement in making more informed investigative decisions. 
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I. INTRODUCTION 

Crimes are all acts outside of morality and laws, which 
are deviant acts that deserve punishment and responsibility. 
And there is an assault on individuals, property, and society 
as a whole. The crimes vary in their forms and forms, from 
murder, robbery, rape, looting, pillage, banditry, and bribery. 
The law divided each crime with a penalty commensurate 
with the act committed by criminal crimes. Crimes were 
divided into categories based on several factors relating to 
the perpetrator of the act, the nature of the crime, the 
offender's circumstances, and the motives that led him. 
Crime figures indicate a secret spike in the rape rate of 22.6 
percent, and 273 murders were registered in New York City 
as of December 2018 (NYC) [1]. 

They are not limited solely to murder. Each crime, 
however is based on a tangible physical structure without 
which it is not possible to achieve its legal structure. In all 

crimes, it seems that this structure does not take a single 
form, because the nature of the component acts depends on 
the type of crime, on the requirements of criminalisation. 
Crime, on the other hand, is natural and unpredictable, or it 
happens concurrently and in the same place and is not 
random. And after increasing the volume of criminal record 
data that can be used to analyse and predict current and 
future crimes, modern technologies such as deep learning 
and Geographical Information Systems (GIS), which are 
important for identifying hot spots and understanding the 
reasons behind the occurrence of these crimes, will make this 
possible [2]  - [4]. Officials and decision-makers are working 
to predict, limit and prevent crime at these locations, which 
reduces social harm and stabilises state security. Moreover, 
the prediction of crime is better than the investigation into 
the course of that crime, which has varied in our modern era. 
There are many types of crimes, including thefts of all kinds, 
forgery, impersonation and electronic crimes, which are 
considered to be the most serious crimes of our modern age 
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[5]. This classification is binary, that is, the prediction of 
whether the problem will be solved. Moreover, victim 
gender will be classified. Because there are some victims 
whose gender is unknown, and this helps law enforcement 
officials know the gender of the victim. Prediction in 
comparative studies [6]-[8]. 

II.  DATASET 

This dataset was obtained as part of the United States' 
Justice Project initiative. It is a non-profit organization 
founded in 2015 that aims to collect and distribute 
information about unsolved murders from federal, state and 
local governments. It contains murder cases from the 1980-
2014 FBI Supplementary Homicide Report. There was one 
dataset with all examples (638454 rows) and 24 inputs 
ordered by date from which database.csv is used (from 
January 1980 to September 2014) There are 24 variables for 
input and 1 variable for output (desired target). There were 
various types of crime details in the dataset such Record ID, 
City, State, Year, Month, Incident, Victim Age, Victim 
Race, etc. and one output variable y denotes whether the 
crime-solving or not. Such datasets were loaded in python 
language for Pre-processing to check for any missing values 
and found there are unknown values. However, the dataset 
is imbalanced. Homicide Incidents, 1980-2014 The dataset 
was collected from Source: 
www.kaggle.com/murderaccountability/homicide-reports 
[9]-[11]. 
 
A. Pre-processing 

In this step, we need to process our data. This is done in 
four steps: the first step, the drop of unknown data, the 
second step is to convert features from Categorical to 
Numeric, the third step is to balance the data, and the last 
step is Dimensional reduction. 
 

B. Clean dataset 
In the beginning, we must clean the data from the null 

values. In our database, because some attributes contain 
unknown values. In Table I, the data set contains organized 
data connected to delinquent events, to administrational, 
demographic and relational arenas. It has such fields as 
Record ID, Agency Code, Agency Name and Agency Type 
that allude to the reporting agency and its location, and to 
such time indicators as Year and Month. Specific crime 
information is recorded in such columns as Crime Type, 
Crime Solved, Weapon. Victim-related information contains 
Victim Sex; Victim Age; Victim Race; Victim Ethnicity, and 
Victim Count. Equally, data on victimization is documented 
in Perpetrator Sex, Perpetrator Age, Perpetrator Race, 
Perpetrator Ethnicity and Perpetrator Count. The column 
heading Relationship explains the nature of the relationship 
between the victim and the perpetrator and the column name 
Record Source explains on which basis, the record was 
started. The columns are Integer format (int64). The missing 
values are implemented differently with a greater amount in 
some fields such as the field of ethnicity and relationship, 
therefore, it will be necessary to account them during 
analysis.   You must dispose of these values because they 

affect the classifier's performance and are considered noise 
values. 
 

TABLE I.  
THE NULL VALUES  

 

 
 
 

As it turns out, there are a lot of empty values. If the 
record is deleted, this leads to the worst prediction. If we 
suggest deleting the feature entirely, then some of the 
features are half the features empty. Therefore, 'Victim 
Ethnicity', 'Perpetrator Ethnicity', 'Perpetrator Sex', 
'Perpetrator Race', 'Weapon', 'Perpetrator Count', 'Record 
Source. And then Record ID', 'Agency Code', ' Agency 
Name ',' Agency Type 'because these are random values. The 
features obtained are shown in Table II. 
 

TABLE II. 
 FEATURES OBTAINED 

http://www.kaggle.com/murderaccountability/homicide-reports
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C.  Transformation the dataset 

As we mentioned earlier, there are some categorical data 
that we need to convert to numeric as in Table III. Contrast 
two forms of the same data set; unprocessed and processed. 
The original data (left side) consists of different types of data 
with the categorical (the fields storing City, State, Crime 
Type are stored as object) and numerical (fields of these 
types are stored as int64 or float64) parameters. It also 
contains some columns of missing data like Victim Sex, 
Victim Race, and Relationship, this property is not ideal in 
terms of usage in machine learning models. On the contrary, 
the preprocessed dataset (right side) has a clean and 
consistent structure. The categorical columns will also be 
cast to int32 as the numeric columns, and this will mean that 
some encoding methods (e.g. label encoding or one-hot 
encoding) are being used. Additionally, the missing records 
are dealt with and cannot be seen in non-constant non-zero 
counts on the columns. This conversion makes the dataset 
model-ready, numerically consistent and lacks missing data, 
which makes it suitable to train and test algorithms.    
 

TABLE III. 
 DATASET TRANSFORMATION 

 
1)  Dataset unbalanced 

When employing classification algorithms such as 
Decision Tree, Naïve Bayes, and similar models, their 
performance may degrade or result in overfitting, 
particularly when working with imbalanced datasets. If one 
class constitutes 70% of the data and the other only 30%, the 
accuracy metric becomes unreliable and may not reflect true 
model performance. Classifiers tend to favor the majority 
class, leading to biased predictions and reduced 
generalization. Consequently, the accuracy obtained from 
such models may be misleading and significantly lower than 
expected. Hence, it is essential to preprocess the dataset 
before applying classification algorithms. One effective 
technique SMOTE, which artificially generates new 
instances for the minority class to balance the dataset. This 
approach enhances the classifier’s ability to learn from all 
classes more equally, as illustrated in Fig. 1. 

 
Fig. 1. Unbalanced dataset 

 
2) Synthetic SMOTE 

It is working on choosing a point from minority and then 
creating a new point by k-nearest neighbours good 
approach but requires a lot of calculations [6], [12]-[14] 
as shown in Fig. 2. 

Fig. 2. Balanced dataset 

III. MACHINE LEARNING ALGORITHMS 

Two models will be applied to our dataset, which are 
Decision Tree and Nave Bayes as shown Fig. 3. 

 

Fig. 3. Work methodology 
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In this step, the techniques used in this project applied in the 
Python environment will be presented. There are two 
objectives: The first objective is to classify whether they will 
be resolved crime or not, and the second is the gender of the 
victim. 
 
A.  Classifiers 

After applying data processing in the previous steps, in 
this step, we will implement machine learning algorithms, 
which are divided into two: parametric and non-parametric 
classifiers. 

 
1) Non-parametric classifier 

It is also called lazy teaching, as it does not use 
assumptions in learning. Simply, the samples collected in 
training data are used. The algorithms that under this 
technique are Knn, decision trees, etc. After processing it in 
the previous steps, we will apply our dataset to the and 
decision trees. 
 
2) Parametric classifier 

Parametric algorithms are called linear machine learning 
algorithms, and linear regression is often used in them [15]. 
The algorithms that under this technique are Naive Bayes 
etc. After processing it in the previous steps, we will apply 
our dataset to the Naive Bayes classifiers. 
 

   B.  Test Evaluation 
Sometimes the accuracy scale does not give us an 

accurate description of the unbalanced data, so we need 
metrics to better insight the behaviour of the data.  
A confusion matrix shown in Table IV is the result of a 
performance measure of a classification model that is used to 
summarize the outputs of the model in terms of four-way 
confusing results: True Positives (TP), True Negatives (TN), 
False Positives (FP), and False Negatives (FN), which can be 
used to analyze the key measures such as an accuracy, a 
precision, a recall, and F1-score to identify the effectiveness 
of a model and the nature of its mistakes. 
 

TABLE IV. 
 CONFUSION MATRIX. 

 
Precision: the number of true positives divided by all 
positive predictions [6][16]-[20]. 
 

                 (1) 
 

Recall: score combines precision and recall into one 
measure. 

 
TP rate =  

 
F1: Score: measured Average of precision and recall. 
 

 
 
C.  Experiment Test Evaluation 

After balancing the data, we have 895374 rows, and we 
will experiment with separating the data .30% for the testing 
dataset and 70% for the training dataset and random_state=5; 
as shown Fig. 4. 
  
from sklearn.model_selection import train_test_split 
x_train, x_test, y_train, y_test = train_test_split(data_pca, y, 
test_size=0.3, random_state=5, shuffle=False) 
 

Fig. 4.  Train_test_split (30%) and training (70%) 
 

IV. EXPERIMENTS AND ANALYSIS 

A.  Experiments of Crime-Solved  
The experiment was performed with Python, which 

contains most of the machine learning algorithms. Before 
modeling, we need a preliminary exploration of the data set 
(638454 rows and 24 features). We have previously 
explained that the data is not balanced to a large extent, and 
this problem was addressed using the (SMOTE) method, 
which was superior to the other methods. In this step, we will 
build the model (decision trees) for the non-parametric 
method, and we will try (Nave Bayes) for the parametric. 
And we will use the k-fold (5 folds) cross-validation that 
gave better results. 
 
B. Decision Tree Model 

Implemented the decision tree algorithm and obtained 
the highest accuracy after changing the model's settings, 
where the best criterion was chosen, which was entropy, and 
min_samples_split was 4. The length of the tree was 9 with 
k-fold (5 folds) cross-validation as shown Fig. 5. 
 

 
Fig. 5. Decision Tree model and classification report 
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C. Nave Bayes Model 

Evaluation results given in Fig. 6 are of a statistical 
Gaussian Naive Bayes  classifier based on binary 
classification of a dataset comprising 191,241 samples 
classified as either Class 0 samples (58,413 samples) or 
Class 1 samples (132,828 samples). Overall accuracy was 
92.2% and performance metrics provided more details, 
having the Class 0 results based on precision and recall being 
81%, and 98% respectively, and Class 1 results reaching 
almost perfect precision of 99%, with recall performance of 
90%. The macro avg and the weighted avg F1-score attained 
the same value, of 0.91 and 0.92 respectively, which 
demonstrates good performance in both classes. The bottom 
confusion matrix is unmapped, so probably it denotes 
true/false prediction and Class 1 is better than Class 0. These 
outcomes show a good performance of the model, especially 
since the size of the dataset is large, and the classes are not 
balanced. The main advantages are high recall of Class 0 and 
excellent precision of Class 1, but the imbalance in 
precision-recall in Class 0 could be a matter of investigation 
based on the ability to accommodate the false positives 
expense requirement of the application. The scale-based 
metrics also verify the reliability of the model even in an 
unbalanced class. 
 

 
Fig. 6. Nave Bayes model and classification report. 

 
 

D. Experiments of Victim-Sex 
 The benefit of this experience is to identify the gender of 

the victim in cases of severe thermal damage or advanced 
decomposition. In addition, the main goal is to have a group 
of crimes of unknown sex of the victim, which number 984 
victims. 

 
E. Decision Tree Model 

Implemented the decision tree algorithm and obtained 
the highest accuracy after changing the model's settings, 
where the best criterion was chosen, which was Gini, and 
min_samples_splitwas 4. The length of the tree was 9 with 
k-fold (5 folds) cross-validation. 

In Fig. 7, the results of the evaluation of a Decision Tree 
Classifier (max_depth=9, min_samples_split=4) on 191,241 
instances, an example of which includes 41,216 case of 
Class 0, and of Class 1, due to 150,025 instances. The model 

reached a total accuracy score of 87.04%, but there was a 
significant difference in the results between the classes: 
where the model performed well with Class 1 (87% 
precision, 99% recall), it evidenced a comparatively lower 
result with Class 0 (91% precision and only 44% recall). The 
confusion matrix reports that 18,095 Class 0 and 168,267 
Class 1 have been correctly assigned, 29,021 Class 0 and 
1,758 Class 1 being misclassified. The weak performance of 
Class 0 influences macro average of 0.85, whereas the 
weighted average yields to Class 1, which is the largest. Such 
findings show a bias of the model in dealing with the 
majority class, which indicates the necessity of data 
imbalance reduction and parametrization to increase the 
general performance. The huge gap between precision and 
recall in Class 0 implies that there is a specific difficulty in 
accurately listing all incidents of this minority class. 
 

 
Fig. 7. Decision Tree model and classification report. 

 

V. RESULTS 

Table V presents the performance outcomes of various 
models, along with the number of features utilized in each. 
The table includes evaluation metrics for two primary tasks: 
forecasting crime resolution and classifying victim gender. 
Among the tested models, the Decision Tree demonstrated 
the most favorable results. In predicting crime resolution, it 
achieved a testing accuracy of 95% and a pre-testing 
(anticipatory) accuracy of 96% using a maximum depth of 9. 
The Decision Tree model, characterized by its 
nonparametric structure, proved to be highly effective for 
this classification task. 

 
In contrast, the Naïve Bayes model reached a testing 

accuracy of 92% and a pre-testing accuracy of 95% under 
default settings, indicating strong but slightly lower 
performance compared to the Decision Tree. For the victim 
gender classification task, the Decision Tree again 
outperformed Naïve Bayes. It recorded an accuracy of 85% 
during testing and 87% prior to testing, also with a maximum 
depth of 9. These findings indicate that the Decision Tree 
consistently outperformed Naïve Bayes in both crime 
resolution prediction and victim gender classification tasks. 
Overall, the Decision Tree model demonstrated greater 
robustness and predictive power, making it a more reliable 
choice for criminal data analysis. 
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TABLE V. 

 RESULTS OF DECISION TREE AND NAVE BAYES MODELS 
pr

ob
le

m
 

M
od

el
 

Fe
at

ur
es

 se
le

ct
io

n 

V
al

ue
 o

f p
ar

am
et

er
 

Te
st

in
g 

A
cc

ur
ac

y 

Sc
or

e 
be

fo
re

 te
st

in
g 

Ty
pe

 o
f m

od
el

 

Crime 
Solved 

Decisi
on tree 13 Depth = 9 95% 96% n 

 Nave 
Bayes 13 Default 92% 95% p 

Victim 
Sex 

Decisi
on tree  Depth =9 85% 87% n 

n: nonparametric, p: parametric 

VI. CONCLUSION 

The number of features used in the current assignment is 
13 features instead of the actual 24 features because we 
analyse the features, we found that most of them are empty 
or random value that does not help in improving prediction. 
And then the reduced dimension from 13 D to 5 D by use 
reduced dimension Technique that improved the model's 
performance in terms of time speed. According to the task 
assigned to us, we had to choose only two algorithms, one 
parametric and the other referred to as non-parametric. The 
Naive Bayes algorithm was selected as a parametric 
algorithm and got an accuracy of 92%. Moreover, decision 
tree accuracy was (94%), considered non-parametric 
algorithms. Both models were used to predict crime solve 
whether or not, moreover, the victim sex was predicted using 
the decision tree, and we got 87% accuracy. 
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