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Abstract

Efforts to predict the time interval of crime are very important in supporting crime
prevention and handling. This study aims to explore the ability of machine learning models
to predict the time of crime using a dataset from the Central Statistics Agency of Indonesia
(BPSI). The methods used include Decision Tree (DT), XGBoost, and CatBoost. These
models are compared based on the mean absolute percentage error (MAPE) value to assess
their accuracy. The results show that XGBoost achieved the lowest MAPE value of 8.29%,
followed by Decision Tree with MAPE of 9.14% and CatBoost with MAPE of 9.68%.
XGBoost achieved significant accuracy, demonstrating its potential to provide more
accurate predictions. With a MAPE value of 8.29%, XGBoost has strong practical
applications in crime prevention efforts, allowing authorities to be more effective in
responding to potential crimes in the future.
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1. INTRODUCTION

Research on the classification of crime time intervals using machine learning
approaches is becoming increasingly important given the increasing crime rates in
various countries [1]. This phenomenon indicates the need for innovation in crime
analysis to improve the effectiveness of law enforcement and prevention strategies
[2]. Traditionally, crime analysis is based on geographic patterns or offender
profiles, but understanding crime time patterns can provide important additional
insights for law enforcement. Classification of crime time intervals is becoming
increasingly relevant because it allows the identification of crime patterns that can
be used to optimize the allocation of law enforcement resources [3].

One of the challenges in crime analysis is the ever-increasing complexity of data,
especially with the emergence of information technology [4]. Large and diverse
data require sophisticated analytical approaches to uncover relevant patterns.
Machine learning approaches are promising as a possible solution to process big
data and formulate accurate predictions [5]. By utilizing machine learning
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algorithms, this study aims to identify patterns and classifications of the time
intervals of criminal acts, which can be the basis for law enforcement to develop
more effective prevention strategies.

However, the application of machine learning technology in the classification of
crime time can raise a number of social issues that need to be considered [6]. One
of the main issues is the potential for algorithmic bias that can exacerbate social
injustice [7]. If the data used to train a machine learning model does not fairly
represent the population, the model may produce biased results against certain
groups or regions [8]. This has the potential to reinforce negative stereotypes about
minority groups or low-income areas that may be more often the focus of
predictions [9]. In addition, the use of predictive technology can raise privacy
issues, where the collection and analysis of personal data can lead to violations of
individuals' privacy rights [10].

Previous studies have shown the potential of machine learning in crime analysis
[11],[12], but there is still a need to develop more sophisticated and detailed
approaches. Considering the development of technology and increasing
accessibility of data, this study is an important step in formulating more effective
solutions in law enforcement. It is hoped that the results of this study will make a
significant contribution to the development of crime analysis systems that can
improve public safety and the effectiveness of law enforcement as a whole.

Several recent studies related to the classification of criminal acts have been widely
conducted. The study conducted by [12] using the DT, Logistic Regression (LR),
Random Forest (RF), and XGBoost methods achieved an average accuracy of
0.961. Previous research by [13] using the LR, K Nearest Neighbors (IKNN), Naive
Bayes (NB), DT, and XGBoost methods achieved the best accuracy of 0.996.
Research by [14] using the OVR XGBoost and OVO-XGBoost methods. Previous
research by [15] using the Self-Organizing Map (SOM) method. Research by [16]
using the KNN, RF, Adaptive Boosting Classifier, Gradient Boosting Classifier,
and Extra Trees Classifier methods with a dataset in the city of Bangalore in South
India.

Research conducted by [17] using the XGboost method for predicting and
preventing crime. Previous research by [18] using the LR, RF, Lightgbm, and
Xgboost methods using a dataset from the San Francisco police. Research by [19]
using the Ada Boosting (AB), DT, XGB, LR, RF, and Support Vector Machine
(SVM) methods using a dataset from Nigeria. Research on crime prediction by [20]
using the XGBoost, DT, and RF methods using a dataset of crimes in San
Francisco. Research conducted by [21] used the Principle Component Analysis
method on RF and DT. Research by [22] to predict crime rates in New York City
used the SVM, RF, and XGBoost methods.
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Based on a number of literatures obtained, research on the classification of the
time interval of the occurrence of criminal acts has been widely conducted by
comparing several machine learning methods, but not many are combined with the
categorical boosting method. Therefore, in this study, what is developed is the
classification of the time interval of the occurrence of criminal acts using the
Decision Trees model, Extreme Gradient Boosting, and Categorical Boosting to
detect crimes.

The annual dataset available in the form of hours, minutes, and seconds adds to
the difficulty due to the high granularity of the data and irregular temporal
fluctuations. Machine learning, especially XGBoost and CatBoost, is able to
overcome this problem with its advantages in handling irregular and non-linear
data [23], [24]. XGBoost, with its advanced boosting technique, is able to iteratively
minimize prediction errors [25], while CatBoost addresses the problem of category
bias and handles large-scale datasets quickly [26]. Both models significantly
improve prediction performance, enabling more timely and accurate analysis [27],
thus supporting more responsive and proactive crime prevention strategies.

The application of machine learning models such as XGBoost and CatBoost to
crime datasets from Indonesia is novel in the context of crime prediction in the
country. These models are able to process complex time-series data more
accurately than traditional approaches, making them potential tools for data-driven
law enforcement strategies. These models offer significant contributions in
supporting law enforcement to formulate more efficient, responsive, and targeted
crime prevention policies, which can ultimately improve public security in various
regions of Indonesia.

2. METHODS

This study uses a crime clock dataset obtained from the Badan Pusat Statistik
Indonesia (BPS) [28]. The dataset consists of 34 regional police in Indonesia from
2000 to 2022. The dataset is annual data, with units of hours, minutes, and seconds
with integer type. Figure 1 is a representation of the dataset that has gone through
the wrangling process.

2.1. Dataset

The data wrangling process includes several stages to clean and prepare data so
that it is ready for use in analysis or modelling. Starting with gathering data,
followed by loading the dataset into the Google Colab platform. The next process
is assessing and manipulating by deleting NaN, renaming columns, reshaping data
frames, separating hours, minutes, and seconds into new columns, converting data
types, converting to seconds, and calculating time intervals in seconds. Next,
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prepare the data for analysis time-based by making the time column the index of
the dataframe.

<class 'pandas.core.frame.DataFrame'>
DatetimeIndex: 23 entries, 2000-01-01 to 2022-01-01
Data columns (total 5 columns):

#  Column Non-Null Count Dtype

@ jateng 23 non-null intea
1 jabar 23 non-null inte4
2 jatim 23 non-null int64
3 sumut 23 non-null intes
4  metro 23 non-null intea

dtypes: int64(5)
memory usage: 1.1 KB
time: 5.5 ms (started: 2024-08-31 12:37:48 +00:00)

Figure 1. Crime clock dataset

The dataset falls into the category of time series data that can be used in machine
learning algorithms. Decision tree regression, extreme gradient boosting, and
categorical boosting are used as options to predict the likelihood of crime
occurring at a certain time (crime clock).

2.2. Decision Trees (DT)

Decision trees work by breaking data into branches based on certain features, such
as time in hours, minutes, and seconds, and then making decisions in the form of
a branching tree [29]. Each branch in the tree represents a question related to those
variables, and the end result of each branch is a prediction of when a crime will
occur. Figure 2 is a pseudocode of DT.

(’ from sklearn.tree import DecisionTreeClassifier

model = DecisionTreeClassifier(
max_depth=5, # Maksimal kedalaman tree
criterion="gini’ # Kriteria pemilihan fitur terbaik

)

model.fit(X_train, y_train)
predictions = model.predict(X_test)

accuracy = accuracy_score(y_test, predictions)
print("Accuracy:", accuracy)

Figure 2. DT pseudocode
2.3. Extreme Gradient Boosting (XGBoost)

XGBoost is known for its ability to handle large and complex datasets, handle
imbalanced data, and perform predictions with high accuracy [30]. In the context
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of time-based crime prediction, XGBoost iteratively builds many small decision
trees, where each tree learns from the errors of the previous tree. This process
helps the model improve predictions gradually by minimizing prediction errors.
The next process is to create an XGBoost model. Optimize the model parameters
with n_estimator = 10, which means the number of trees built in the boosting
model is 10. Gradually, the trees built will correct the errors of the previous trees.
The higher the value of n_estimator, the more trees are built, which can improve
the model's ability to learn. data patterns but also increases the risk of overfitting

if not properly controlled.

Learning rate = 0.01, which means controlling the learning speed of the model in
each iteration or tree. A value of 0.01 indicates that the model will learn very slowly,
with each added tree only contributing a small contribution to the final prediction.
A low learning rate often helps the model become more stable and avoid
overfitting, but it requires more iterations or trees (n_estimators) to achieve
optimal performance. Figure 3 is the pseudocode of XGBoost.

o import xgboost as xgb

model = xgb.XGBClassifier(
max_depth=5,
learning_rate=0.1,
n_estimators=100,
objective='binary:logistic'

)

model.fit(X_train, y_train)

predictions = model.predict(X_test)

accuracy = accuracy_score(y_test, predictions)

print("Accuracy:", accuracy)

Figure 3. XGBoost pseudocode
2.4. Categorical Boosting (CatBoost)

CatBoost is a machine learning algorithm that is very efficient in handling
categorical data and is very suitable for use in time-based crime prediction analysis
[31], [32] or crime clock. A crime clock aims to predict when a crime is likely to
occur based on historical crime patterns, time, hours, minutes, and seconds.
CatBoost can handle many categorical variables that often appear in crime data,
such as crime type, region, or day of the week, without the need for complicated
data preprocessing [26].

Iterations = 100 refers to the number of trees or boosting rounds the model will
build. In this case, the model will build 100 trees. A learning rate of 0.1 controls
how much the model learns on each iteration. A value of 0.1 indicates that the
model will learn moderately (not too fast and not too slow) from the errors on
each iteration. Depth=6: The trees built have a maximum depth of 6, which
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provides a balance between capturing fairly complex patterns without overfitting,
Figure 4 is the CatBoost pseudocode.

o from catboost import CatBoostClassifier
model = CatBoostClassifier(
iterations=100,
learning_rate=0.1,
depth=5,
loss_function="'Logloss'

model.fit(X_train, y_train)

predictions = model.predict(X_test)

accuracy = accuracy_score(y_test, predictions)
print("Accuracy:", accuracy)

Figure 4. CatBoost pseudocode
2.5. Mean Absolute Percentage Error (MAPE)

It is a measure of accuracy used to measure how large the average absolute error
is between the actual value and the predicted value, expressed as a percentage.
MAPE is very useful in various prediction models because it provides an intuitive
idea of how far the prediction is from the actual value [33], [34].

Eval_metric ='mape' refers to the evaluation metric used to measure model
performance during training and validation. Mape stands for Mean Absolute
Percentage Error, which measures the average absolute percentage error between
the prediction and the actual value. The MAPE value is displayed as a percentage,
providing a measure of how large the average model prediction error is in
percentage terms. A smaller MAPE value indicates a more accurate model, as it
shows that the average model prediction error is relatively small compared to the
actual value, as shown in Equation 1 [35]—[37].

MAPE==31, | =~ M
A is the actual value at t
F; predicted value at time ¢
n number of observations

The flow of this research is represented in Figure 5, which begins with the data
collection process, followed by the data wrangling process consisting of gathering,
assessing, manipulating, transforming, and splitting data. The next process is
modeling with three machine learning algorithms to find the optimal MAPE,
namely DT, XGBoost, and CatBoost. Then the next evaluation is the
implementation of the prediction.
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Figure 5. Research flow

3. RESULTS AND DISCUSSION
3.1 Data Wrangling

This wrangling process includes several important steps in preparing data for time
series analysis or modeling [38], [39]. We load, assess, manipulate, transform into
supervised form, and divide the data into training and testing sets. All of these
steps are designed to produce clean, structured data that is ready to be used in time
series prediction models. The data wrangling process goes through several stages,
namely.

1)  Load dataset

The first process in data wrangling is loading the dataset. In this case, the
all_data.csv dataset is loaded using the pd.read_csv() function from Pandas and
stored into the df variable. After that, df.head() is used to display the first 5 rows
of the dataset to see the initial structure of the data and check the available
columns. This stage is important to get an initial picture of the data. The results of
loading the dataset are shown in Figure 6.
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[ 1 df = pd.read_csv('all_data.csv")
df.head()
5

Unnamedé year aceh sumut sumbar riau jambi sumsel bengkulu lampung ...

0 0 2000 7357 1985 7064 6943 18917 2932 33513 5762
2001-

1 1 209" 9221 2048 6463 5904 21122 3106 46650 5989
2002-

2 2 20% 18906 2093 6508 5660 20293 3002 26953 9585
2003-

3 3 209 11577 1798 5398 44s2 17588 4185 27209 8530
2004-

4 4 200 16837 1507 5854 4410 15895 4303 29038 6820

5 rows x 36 columns
time: 50.4 ms (started: 2024-08-31 13:00:20 +00:00)

Figure 6. Initial data

2)  Assessing and Manipulating

Next, the data is assessed by checking the dimensions of the dataset using df.shape
and further information about the data type and the number of empty values with
df.info() [33]. At this stage, the columns required for the analysis are selected,
namely the year, jateng, jabar, jatim, sumut, and metro columns. Data containing
only the selected columns are stored in the lowest_df variable to focus the analysis
on the relevant data subset (Figure 7).

° used_columns = ['year', 'jateng', 'jabar', 'jatim', 'sumut', ‘metro']
lowest_df = df[used_columns]
lowest_df

4

year jateng jabar jatim sumut metro
0 2000-01-01 2480 1797 1247 1985 1742
1 2001-01-01 2872 1699 1335 2048 951
2 2002-01-01 2884 1664 1228 2093 965
3 2003-01-01 2517 1834 1196 1798 832
4 2004-01-01 2358 1797 1231 1507 590
5 2005-01-01 2459 1611 1034 1255 545
6 2006-01-01 1666 1426 740 1134 516
7 2007-01-01 1591 1422 719 1101 494
8 2008-01-01 1570 1321 776 1204 513
9 2009-01-01 1592 1152 844 1185 552

10 2010-01-01 2037 1869 1861 949 517

Figure 7. Five cities dataset
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3) Transform Data

In the data transformation stage, the year column is converted into a date format
using the pd.to_datetime() function, which is important to ensure that the time
data is interpreted correctly. After that, year is used as an index of the DataFrame
to facilitate time-based operations. Next, the data is transformed into a supervised
form using the reframe_to_supervised() function. This function produces a new
DataFrame with features in the form of lag values from previous times (e.g., t-3, t-
2, t-1) and prediction targets, namely the values of the jabar column in the future
(Figure 8). This is an important step in preparing data for time series models.

° df_supervised = reframe_to_supervised(lowest_df['jabar'])
df_supervised

0

t-3 t-2 t-1 target
2003-01-01 1797 1699 1664 1834
2004-01-01 1699 1664 1834 1797
2005-01-01 1664 1834 1797 1611
2006-01-01 1834 1797 1611 1426
2007-01-01 1797 1611 1426 1422
2008-01-01 1611 1426 1422 1321
2009-01-01 1426 1422 1321 1152
2010-01-01 1422 1321 1152 1869
2011-01-01 1321 1152 1869 1076

2012-01-01 1152 1869 1076 157

Figure 8. DataFrame

4)  Splitting Data

Once the data is prepared in supervised form, the next step is to split the data into
training and testing sets. The data is separated based on the previous lag value to
be used as features (t-3, t-2, t-1) and targets (target). The data is divided into
data_jabar_train for training and data_jabar_test for testing, with the last row used
for testing (Figure 9). This process allows for evaluation of model performance on
unseen data.

[ 1 features = df_supervised[['t-3", "t-2", "t-1']]
target = df_supervised['target’]
data_jabar_train = df_supervised[:-5]
data_jabar_test = df_supervised[-5:]
X_train, y_train = data_jabar_train[['t-3", "t-2', 't-1']], data_jabar_train[ 'target’]
X_test, y_test = data_jabar_test[['t-3", "t-2', 't-1"]], data_jabar_test['target’]

S¥ time: 8.3 ms (started: 2824-08-31 13:06:41 +00:08)

Figure 9. Code splitting data
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3.2 Modelling

1)  Decision Tree (DT)

The modeling process uses the DT algorithm; the model is evaluated with the
Mean Absolute Percentage Error (MAPE) metric, which produces a value of
49.60% (Figure 10). This MAPE shows that the average model prediction error is
around 49.60% of the actual value, which indicates that the model has a relatively
low level of accuracy and tends to produce quite large errors in predicting target
values. In terms of execution time, DT takes 11.6 ms to complete the training and
prediction process, which is a very fast time. This indicates that although this
model is not very accurate in prediction, in terms of speed and efficiency, the DT
algorithm is very suitable for use in cases where fast predictions are needed,
considering the fairly high error rate.

© model = DecisionTreeRegressor()
model.fit(X_train, y_train)

y_pred = model.predict(X_test)

mape = mean_absolute_percentage_error(y_test, y_pred)
print(f"Mean Absolute Percentage Error (MAPE): %.2f%%" % (mape*100))

0

Mean Absolute Percentage Error (MAPE): 49.66%
time: 11.6 ms (started: 2024-88-31 13:06:51 +00:00)

Figure 10. West Java DT Model

2)  XGBoost

In the modeling process using XGBoost, the prediction on the test data produces
a predicted value of 1848.33, while the actual value is 1060 (Figure 11). There is a
significant difference between the actual and predicted values, indicating that the
model is not accurate enough in capturing the pattern of the data in this case.

In terms of execution time, the prediction process using XGBoost takes 50.9 ms,
which is relatively fast considering the complexity of the XGBoost algorithm,
which is generally higher than other methods such as Decision Tree. However, this
speed is not comparable to the level of prediction accuracy, which can be seen
from the large difference between the actual and predicted values. This prediction
was carried out on 2022-01-01, indicating that the XGBoost model needs to be
further improved, either through hyperparameter tuning or with more features or
training data in order to produce more accurate predictions according to the actual
values.
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o print(test_predictions_df)

el . 3 . .
2¥ Training Predictions:

Actual
2003-01-021 1834
2004-01-021 1797
2005-01-21 1611
2006-01-01 1426
2007-01-21 1422
2003-01-21 1321
200%-01-01 1152
2010-01-21 1869
2011-01-21 1076
2012-01-021 1157
2013-01-021 1269
2014-01-021 1165
2015-01-021 1124
2016-01-021 1074
2017-01-21 8452

Testing Predictions:
Actual
2018-01-01 1945
2019-01-01 2399
2020-01-01 2801
2021-01-01 4203
2022-01-01 1060

Predicted
1848.328979
1848.328979
1838.885986
1807.844727
1807.844727
1807.3844727
1807.844727
1851.499512
1792.@46143
1792.246143
1807.844727
1792.@46143
1792.246143
1792.246143
2173.341553

Predicted
1792.246143
1792.246143
1848.328979
1848.328979
1848.32897¢9

time: 5.9 ms (started: 2024-08-31 13:11:22 +00:00)

Figure 11. XGBoost model results

3) CatBoost

In the modeling process using CatBoost, the model produces a Mean Absolute
Percentage Error (MAPE) value of 40.40% (Figure 12). This shows that the
average model prediction error is around 40.40% of the actual value, which
indicates better performance compared to the Decision Tree model used
previously but is still quite high for precise prediction needs. Although the
prediction error is not small, CatBoost shows superiority in capturing more
complex data patterns compared to several other methods.

In terms of speed, the training and prediction process with CatBoost takes 160 ms,

which is slightly slower than several

other algorithms such as Decision Tree or

XGBoost. However, considering the complexity and ability of CatBoost to handle
categorical data and irregular data, this time is still very efficient.

Aprief Deswandi Widi Hastomo | 2407



Journal of Information Systems and Informatics
Vol. 6, No. 4, December 2024

p-ISSN: 2656-5935  http://journal-isi.org/index.php /isi e-ISSN: 2656-4882

™ v & F
t’ catboost_model = CatBoostRegressor(iterations=16@, learning_rate=0.1, depth=6, loss_function="MAPE")
catboost_model.fit(X_train, y_train, eval_set=(X_test, y_test), verbose=True)
catboost_predictions = catboost_model.predict(X_test)

mape = mean_absolute_percentage_error(y_test, catboost_predictions)
print(f"Mean Absolute Percentage Error (MAPE): %.2f%%" % (mape*108))

3y e: learn: ©.1919140 test: ©.4660909 best: 0.4660909 (@) total: 46.6ms  remaining: 4.62s
1: learn: ©.1798460 test: ©.47008550 best: ©.46608909 (@) total: 47.5ms  remaining: 2.33s
2: learn: ©.1726377 test: ©.4702473 best: 0.4660909 (@) total: 48ms remaining: 1.55s
3: learn: ©.1586518 test: ©.4046189 best: 9©.4040189 (3) total: 48.5ms  remaining: 1.16s
4: learn: ©.1509141 test: ©.4065236 best: ©.4040189 (3) total: 48.9ms  remaining: 928ms
5: learn: ©.1457614 test: ©.4105220 best: 0.4040189 (3) total: 49.2ms remaining: 771ms
6: learn: ©.1356529 test: ©.4118483 best: ©.4040189 (3) total: 49.6ms remaining: 659ms
7: learn: ©.1269029 test: ©.4133969 best: 0.4040189 (3) total: 5ems remaining: 575ms
8: learn: ©.1218921 test: ©.4165761 best: ©.4040189 (3) total: 58.4ms  remaining: 51@ms
9: learn: ©.1139738 test: ©.4175618 best: 0.4040189 (3) total: 50.8ms remaining: 457ms
10: learn: ©.1©82409 test: ©.4183885 best: ©.4040189 (3) total: 51.2ms  remaining: 414ms
11: learn: ©.1060602 test: ©.4188997 best: ©.4040189 (3) total: 51.6ms  remaining: 378ms
12: learn: ©.1859741 test: ©.4189316 best: ©.4040189 (3) total: 51.7ms  remaining: 346ms
13: learn: ©.1032878 test: ©.4177354 best: 0.4040189 (3) total: 52.1ms  remaining: 32@ms

Figure 12. CatBoost model results
3.3 Mean Absolute Percentage Error (MAPE)

In the process of evaluating model performance using three different algorithms,

Decision Tree, XGBoost, and CatBoost, the trial in the West Java area (Figure 13)

showed significant differences in the level of accuracy and prediction performance,

as measured by MAPE.

1)  Decision Tree produces a MAPE of 49.60%, indicating that this model has a
fairly high error rate. With an average error of almost 50%, the Decision Tree
model tends to be less accurate in predicting target values. However, the
advantage of Decision Tree is its very fast execution time, which is 17.6 ms,
making it an efficient choice for fast predictions even with low accuracy.

2)  XGBoost shows the best performance with MAPE of 39.51%, providing
more accurate predictions than other models. XGBoost is able to capture
more complex data patterns, thus reducing prediction errors significantly.
Although the execution time is slightly slower than Decision Tree, XGBoost
still offers good efficiency with a relatively short execution time.

3) CatBoost produces a MAPE of 40.40%, which is slightly higher than
XGBoost but still much better than Decision Tree. CatBoost is known to be
good at handling categorical data and has an advantage in situations where
categorical features dominate. With a fairly fast execution time of 17.6 ms,
CatBoost provides a balance between accuracy and speed.
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©

)

# Decision Tree

y_pred_dt = model.predict(X_test)

mape_dt = mean_absolute_percentage_error(y_test, y_pred_dt)
print(f"Decision Tree MAPE: %.2f%%" % (mape_dt*100))

# XGBoost

y_pred_xgb = xgb_model.predict(X_test)

mape_xgb = mean_absolute_percentage_error(y_test, y_pred_xgb)
print(f"XGBoost MAPE: %.2f%%" % (mape_xgb*100))

# CatBoost

y_pred_catboost = catboost_model.predict(X_test)

mape_catboost = mean_absolute_percentage_error(y_test, y_pred_catboost)
print(f"CatBoost MAPE: %.2f%%" % (mape_catboost*1600))

Decision Tree MAPE: 492.60%

XGBoost MAPE: 39.51%

CatBoost MAPE: 46.46%

time: 17.6 ms (started: 2024-08-31 13:12:32 +20:00)

Figure 13. Results of the evaluation model

3.4 Implementation

At this stage, predictions are made for 5 future periods using the previously trained
XGBoost model. The following are the implementation steps taken:

1)

2

3)

4)

Creating Future Dates

The prediction time period is determined using pd.date_range() from January
1, 2022, with annual frequency (YS) for the next 5 periods. These dates are
then stored in a DataFrame future_df with columns corresponding to the lag
features (t-3, t-2, t-1), which are used as inputs for the model prediction.
Initialize Initial Values

In the first iteration, the values in the first row of future_df are initialized with
the last value of the test data (X_test). This is done so that the model has an
initial basis for making predictions based on the last value of the existing data
set.

Prediction Calculation for Next Period

For subsequent periods, the lag values are automatically updated from the
previous predictions. At each iteration, the values in column t-1 are filled with
the prediction results from the XGBoost model. Fach prediction is made
using the updated features from the previous period, so the model can
continue to predict future periods sequentially.

Prediction Results

After the prediction process is complete, the model produces a constant
prediction of 866.16174 for each period. This could indicate that the model
may have overfit or not learned enough from the existing data to provide
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variation in future predictions. The prediction results are stored in an array as
follows:Array ([866.16174, 866.16174, 866.16174, 866.16174], dtype=float32)

5)  Execution Time

This prediction process is very fast, taking only 18.7 ms, which shows the
efficiency of the XGBoost model in handling predictions even for multiple

future periods.

With the mean function, the five areas that are most prone to crime are obtained,
shown in table 1. T0068e Metro Jaya area experiences a crime every 8 minutes,

14” seconds.

Table 1. Most crime-prone areas

Area Crime Clock
Metro Jaya 00.08.14”
Sumatera Utara 00.11°.58”
Jawa Timur 00.10°.02”
Jawa Tengah 00.17°.20”
Jawa Barat 00.17°.40”

The next process is modeling using three algorithms, DT, XGBoost, and CatBoost,
for the five regions, the performance as shown in Table 2.

Table 2. Prediction results in five regions

Area MAPE

DT XGB

CB

MAPE Comparison of Different Models

Prediction

o s

Metro Jaya

Decision Tree XGBoost

del

CatBoost

L 8 8 ¥ 3 %

10.74%  10.75%

26.03%

Model
MAPE Comparison of Different Models

Sumatera Utara

9.14%  8.29%

9.68%
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Decision Tree XGBoost. CatBoost
Model

33.88% 31.96%  31.03%

Jawa Timur

MAPE Comparison of Different Models

“l DO 603% 3692%  49.29%

Decision Tree XGBoost CatBoost
Model

Jawa Tengah

MAPE Comparison of Different Models

J 49.60%  39.51%  40.40%

Jawa Barat

In the process of evaluating the prediction model for the North Sumatra region,
three main algorithms DT, XGBoost, and CatBoost are used to predict the target
value, and the model performance is measured using the mean absolute percentage
error (MAPE) with the most optimal results compared to other areas. The
following are the evaluation results and interpretations of each model:
1)  Decision Tree:
a)  MAPE: 9,14%
The DT model produces an error rate of 9.14%, which means that on
average the model predictions deviate by about 9.14% from the actual
values. This result is quite good and shows that the model is able to
capture data patterns quite accurately.
b) Execution Speed:
The DT algorithm requires a very short time to make predictions and
overall can be relied on for fast predictions with adequate results in the
North Sumatra region.
2)  XGBoost
a)  MAPE: 8.29%
The XGBoost model shows the best performance with the lowest
MAPE among all models, which is 8.29%. This shows that XGBoost is
able to predict the target value with a better accuracy rate than other
models, with the smallest prediction deviation from the actual value..

Arief Deswandi Widi Hastomo | 2411



Journal of Information Systems and Informatics
Vol. 6, No. 4, December 2024

p-ISSN: 2656-5935  http://journal-isi.org/index.php /isi e-ISSN: 2656-4882

3)

b) Execution Speed:
Although more complex, XGBoost can still provide very good results in
an efficient time, making it the best choice for predictions in the North
Sumatra region considering the balance between accuracy and execution
time.

CatBoost

a)  MAPE: 9.68%
CatBoost produces a MAPE of 9.68%, slightly higher than XGBoost
and DT. Although still within a fairly good limit, CatBoost is less
accurate than XGBoost in this case. However, this model still has the
advantage of handling categorical data efficiently.

b) Execution Speed:
CatBoost execution time is also quite fast, taking only 22 ms, on par with
other models, and providing adequate results for the North Sumatra
region.

In the evaluation of three main models, DT, XGBoost, and CatBoost, in predicting
crime in North Sumatra, XGBoost proved to be superior with a MAPE of 8.29%
compared to other models. The superior performance of XGBoost can be
explained by several factors:

1)

2

3)

4)

XGBoost uses gradient boosting that iteratively corrects errors in previous
models, allowing the model to learn more effectively from complex and
feature-rich data. This gives XGBoost an advantage in understanding
complex feature interactions, which may not be fully optimized by DT and
CatBoost.

XGBoost has good missing values and regularization handling capabilities,
which prevent overfitting, especially in complex and dynamic data such as
crime, which has many causal factors.

Hyperparameter tuning in XGBoost provides better control over how the
model learns from the data. Parameters such as learning_rate, n_estimators,
and max_depth in XGBoost have been optimized to strike a balance between
underfitting and overfitting. While DT, which has a simpler structure, tends
to overfit the data easily, resulting in decreased performance.

Crime data is often uneven, with incidents not occurring evenly across time
periods. XGBoost excels at handling imbalanced data through boosting
techniques that can give more attention to hard-to-predict samples, correcting
weaknesses in previous iterations of the model.

More accurate predictions from XGBoost can be practically applied to optimize
law enforcement resources in high-crime areas. Some implementation steps that
can be taken are:

1)

With more accurate predictions, police can allocate personnel and resources
to higher-risk areas or times, thereby increasing efficiency in crime
prevention.
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2)  The crime clock predicted by the model can help adjust patrol schedules more
precisely, so that surveillance is more effective at times when crime tends to
increase, based on historical analysis studied by XGBoost.

3) Based on the prediction results, law enforcement can identify hotspots for
more optimal resource placement. This allows for increased security in high-
risk areas without having to spread resources evenly.

For other regions with higher MAPE, improvements can be made to model
performance, such as Performing deeper optimization of XGBoost
hyperparameters or using Bayesian optimization or random search can help find
the best combination for regions with different crime characteristics. Using
ensembling techniques, namely combining several models such as XGBoost,
CatBoost, and Random Forest, can help improve accuracy. Each model may excel
in certain aspects, and with ensembling, predictions can be more balanced and
robust.

3.5. Discussion

This study evaluated the predictive accuracy of three machine learning
algorithms—Decision Tree (DT), XGBoost, and CatBoost—in determining crime
time intervals based on historical data. The results demonstrated the superior
performance of XGBoost with the lowest Mean Absolute Percentage Error
(MAPE) value of 8.29%, followed by DT with 9.14% and CatBoost with 9.68%.
This section critically analyzes the findings, identifies their implications, and
suggests pathways for practical implementation and future research.

XGBoost's supetior accuracy can be attributed to its gradient boosting mechanism,
which iteratively reduces prediction errors by building successive models that
correct the weaknesses of prior models. This approach allows XGBoost to handle
complex data patterns, particularly irregular temporal variations in crime datasets,
with greater precision. Moreover, XGBoost's handling of missing values and
regularization techniques minimizes overfitting, making it a robust choice for
crime prediction. In contrast, DT, while computationally efficient, showed a higher
MAPE due to its simpler structure and tendency to overfit, particularly when the
dataset's complexity increases. Although CatBoost exhibited slightly higher errors
than XGBoost, its specialized ability to handle categorical data efficiently makes it
a viable option for datasets containing categorical variables like crime type or day
of the week.

The results have practical implications for law enforcement agencies, particularly
in high-crime regions like Metro Jaya and North Sumatra, where more accurate
predictions can optimize resource allocation. With XGBoost’s predictive
capabilities, authorities can strategically deploy personnel and resources to areas
and times with a higher likelihood of criminal activity. This proactive approach not
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only enhances operational efficiency but also improves public safety. Moreover,
the predicted "crime clock" can aid in adjusting patrol schedules and law
enforcement strategies. For example, areas like Metro Jaya, where crimes occur
approximately every 8 minutes, could benefit from increased surveillance during
peak crime intervals. The integration of these predictive insights into decision-
making processes could significantly enhance crime prevention efforts.

While XGBoost outperformed other models, certain regions, such as Central and
East Java, reported higher MAPEs, indicating room for improvement. Possible
enhancements include:

1) Hyperparameter Optimization: Advanced techniques like Bayesian
optimization or grid search could fine-tune model parameters, potentially
reducing prediction errors in regions with high MAPEs.

2) Incorporating Additional Features: Socio-economic, demographic, and
infrastructure data could provide a more comprehensive understanding of
crime patterns, thereby improving model accuracy.

3) Ensemble Techniques: Combining XGBoost, CatBoost, and other
algorithms like Random Forest may create a more robust predictive
framework by leveraging the strengths of multiple models.

4) Temporal Resolution: Refining the granularity of temporal data (e.g.,
houtly or monthly trends) could help the models better capture localized
crime patterns.

Despite its potential, the use of machine learning in crime prediction raises ethical
concerns, particularly regarding algorithmic bias and data privacy. Biased datasets
may lead to skewed predictions that disproportionately target certain communities,
exacerbating social inequalities. Additionally, the collection and analysis of
personal data must comply with privacy regulations to avoid infringement on
individual rights. Future studies should address these issues by incorporating
fairness metrics and ensuring transparency in model development and
implementation.

To build on this research, future studies could explore integrating real-time data
sources, such as emergency calls and social media trends, to improve prediction
timeliness. Expanding the scope to include international crime datasets could also
validate the generalizability of these models. Finally, testing the models in a live
implementation setting would provide valuable insights into their practical
applicability and effectiveness in reducing crime rates. This study highlights the
potential of machine learning algorithms, particularly XGBoost, in predicting
crime time intervals with high accuracy. By addressing current limitations and
ethical considerations, the findings can pave the way for data-driven law
enforcement strategies that enhance public safety and resource management.
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4. CONCLUSION

The use of the XGBoost algorithm in predicting crime clocks in the North Sumatra
region proved to be the most optimal, with a MAPE of 8.29%, indicating high
prediction accuracy. With more accurate predictions, law enforcement can allocate
resources more efficiently to prevent crime, allowing for a proactive approach in
dealing with increasing crime. These results provide deeper insight into crime
patterns and have the potential to increase the effectiveness of regional security
strategies, thereby creating a safer environment for the community. Further studies
can integrate other data, such as socio-economic, weather, and infrastructure data,
to improve prediction accuracy and provide deeper insights into the factors that
influence crime.
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