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Abstract—Shooting incidents in crowded, heavily populated areas of cities cause 

serious threats to public safety and social security. New York State, which includes 

large metropolitan areas and suburban regions, experiences complex spatial and 

temporal crime patterns that are difficult to identify using traditional crime analysis 

methods that rely only on descriptive statistics and manual hot spot identification. 

This study proposes a data-driven quantitative approach to mapping and predicting 

shooting incidents by integrating spatial clustering and machine learning 

techniques. Density-based clustering methods are applied to the geographic 

coordinates of shooting incidents to identify areas with high incident concentrations 

while filtering out isolated events as noise. The resulting spatial clusters are then 

interpreted as hotspot locations and used as reference labels for a supervised 

classification model. A Random Forest algorithm is then used to predict hotspot and 

non-hotspot locations using spatial and temporal features, including geographic 

position and time of occurrence. The model is evaluated using standard 

classification performance measures, including accuracy, precision, recall, F1 

score, and confusion matrix analysis. 
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INTRODUCTION 

Shooting incidents in crowded and large urban areas are a serious threat to public safety and social 

security. New York state is one of the largest and most densely populated states and also the center of the 

metropolitan life in the United States. With major counties like Manhattan, Brooklyn, Bronx, Queens, and 

other cities across the state, it is not a surprise that the number of crime activities that occur in the state is 

really high. With high number of crime activities, it is also generating a high number of crime related data 

that is useful for analytical purposes. Traditional crime analysis methods often rely on descriptive statistics 

and manual identification of hot spots, which may overlook complex spatial and temporal patterns. 

The advances of technology in machine learning and spatial data analysis are providing the ability to 

improve crime mapping and prediction. Unsupervised learning such as clustering algorithms can unveil 

hidden spatial patterns, while supervised learning can be applied to predict future events based on historical 

trends. This research focuses specifically on  the implementation of DBSCAN for spatial clustering of 

shooting incidents and Random Forest for predicting possibility of shooting incident in a certain location. 

 

LITERATURE REVIEW 

Crime mapping has developed rapidly with the implementation of Geographic Information System 

(GIS) and machine learning technology. Spatial clustering algorithms such as k-means clustering and 

hierarchical clustering are widely used to identify crime hotspots. However, these methods typically require 
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predefined parameters, such as the number of clusters, which may not reflect the distribution of crime in 

the real world. 

DBSCAN has become a popular method in crime mapping since it can detect clusters with various 

shapes and handle data noise effectively. Research shows that the DBSCAN clustering method works really 

well in detecting crime hot spots without forcing all data points into a cluster. 

To predict criminal activity, machine learning algorithms such as Random Forest have proved to be 

very reliable. Random Forest combines multiple decision trees to improve prediction accuracy and 

reliability. According to previous studies, Random Forest performs particularly well when predicting crime 

compared to single classification, especially on datasets with multiple interactions and mixed data types. 

 

METHODOLOGY 

This study uses a statistical and computational method that apply spatial data analysis and machine 

learning algorithms. The methodology consists of data extraction, data preprocessing, spatial clustering 

using DBSCAN, model building using the Random Forest algorithm, and model evaluation. 

3.1 Data Source 

The dataset we used in this study is the NYPD Shooting Incident Data, which recorded reported 

shooting incidents throughout New York State. Each record contains information about a specific shooting 

incident, including geographic, temporal, administrative region, and personal information about the victim. 

3.2 Data Attributes 

The main attributes used for this study include latitude, longitude, administrative region, date of the 

event, and time of the event. Additional temporal features such as month, day of the week, and hour were 

obtained from the original date and time attributes to provide support for predictive modeling. 

 

Table 1. Description of variable used in the study 

Variable Description 

Latitude Geographic latitude of incident 

Longitude Geographic longitude of incident 

BORO Borough or administrative area 

Month Month of incident happen 

Day of week Day of week (0-6) 

Hour Hour of occurrence (0-23) 

 

3.3 Data Preprocessing 

Data preprocessing consists of processing date and time formats, filtering out records that do not have 

geographic coordinates, and generating temporal features. Only incidents with valid latitude and longitude 

values are kept to assure accurate spatial analysis. 

3.4 DBSCAN Clustering Method 

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is a method for identifying 

the clusters of shooting incidents. DBSCAN was used because it does not require a predetermined number 

of clusters and can detect clusters of various shapes while effectively handling noise. Formulation for define 

the spatial dataset are :  

 

D={x1,x2,…,xn} 

 

Where each data point xi = (lati,loni) represent the geographic coordinates of a shooting incident. The 

ε-neighborhood of a point xi is defined as :  
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Nε(xi)={xj∈D∣dist(xi,xj)≤ε} 

 

A point is considered a core point if :  

 

∣Nε(xi)∣≥MinPts 

 

Clusters are formed by connecting points that are reachable by a certain density. Points that aren't 

reachable by a certain density from any core point are classified as noise. 

3.5 DBSCAN Parameter Configuration 

In this study, DBSCAN is applied using Euclidean distance with ε = 0.003 and MinPts = 4. Shooting 

incidents included in a cluster are labeled as hotspots, while incidents labeled as noise are isolated events. 

 

Table 2. DBSCAN Parameter Configuration 

Parameter Value 

ε (epsilon) 0.003 

MinPts 4 

Distance Metric Euclidean 

 

3.6 Random Forest Prediction Model 

Random Forest is applied to predict if a shooting location belongs to a hotspot cluster. This model is 

trained as a binary classification, where the target variable indicates the hotspot or non-hotspot 

classification from the DBSCAN results. To predict an event, features are needed to determine which events 

fit into the hotspot. The features included are spatial attributes (latitude and longitude), temporal features 

(month, day of the week, hour), and area information encoded using the one-hot encoding method. 

 

Table 3. Features used in Random Forest 

Feature Type Variables 

Spatial Latitude, Longitude 

Temporal Month, DayofWeek, Hour 

Administrative Borough 

 

The training dataset is also important in making prediction models. As for the training dataset, it can 

be defined as: 

{(xi,yi)}
𝒏

𝒊 = 𝟏
 

 

Where xi is the feature vector and yi is the hotspot label. 

Each decision tree Tk produces a prediction hk(x). The final prediction is obtained through majority voting 

from each decision tree. The formulation is the following: 

 

y=mode{h1(x),h2(x),…,hK(x)} 

 

Feature selection at each split maximizes information. The formulation is the following: 

 

IG(S,A)=H(S)−∑𝒗𝝐𝒗𝒂𝒍𝒖𝒆𝒔(𝑨)
|𝑺𝒗|

|𝑺|
H(Sv) 

 

3.7 Model Training and Evaluation 



Journal Collabits, Vol 3 No. 1 | January 2026 
https://publikasi.mercubuana.ac.id/index.php/collabits 

 

 

DOI: 10.22441/collabits.v3i1.37587 12 
 

The dataset is divided into training and testing subsets using a 70:30 ratio. The Random Forest is 

trained by using 100 decision trees. For the model performance, it was evaluated using accuracy, precision, 

recall, and F1- score metrics. 

 

RESULTS AND DISCUSSION 

4.1 DBSCAN Result 

The DBSCAN algorithm was able to identify several spatial clusters of shooting incidents across New 

York State. Most incidents were grouped into dense clusters, which showed spatially concentrated shooting 

hot spots. Incidents classified as noise were isolated events that didn't form consistent spatial patterns. This 

result shows that DBSCAN was able to capture the spatial distribution of crime in the real world without 

requiring a certain predetermined number of clusters. 

 

Figure 1. DBSCAN Heatmap Shooting Incident 

 
 

4.2 Random Forest Classification Result 

The Random Forest model shows solid performance in predicting shooting locations into hotspot and 

non-hotspot categories. The overall classification accuracy is 88.28%, which means the model accurately 

classifies most of the test examples. 

For hotspot predictions, the model reached a precision of 0.88 and a high recall of 0.99, resulting in 

an F1 score of 0.94. The high recall indicates that the model is highly effective at identifying actual hotspot 

locations, which is very important in the context of crime analysis, where failure to detect high-risk areas 

can lead to serious public safety problems. 

For non-hotspot predictions, the model achieved a precision of 0.83 but a relatively low recall of 0.21, 

resulting in an F1 score of 0.33. This result indicates that a significant number of non-hotspot locations 

were misclassified as hotspots. This outcome was primarily influenced by class imbalance in the dataset, 

where hotspot cases far outnumbered non-hotspot cases. As a result, the model showed conservatively 

biased classification behavior that prioritized reducing false negatives in hotspot detection at the expense 

of increasing false positives. 

The weighted average F1-score of 0.85 indicates that the model maintains a strong overall 

performance while accounting for class distribution. These results show that Random Forest effectively 

utilizes spatial and temporal features to predict the risk of shooting incidents when trained using hotspot 

labels generated by DBSCAN, making it suitable for risk-oriented crime prevention and decision support 

applications. 
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Figure 2. Random Forest result 

 

4.3 Random Forest Confusion Matrix 

 

Figure 3. Random Forest Confusion Matrix 

 
 

Figure 3 shows the confusion matrix of Random Forest classification used to categorize shooting 

incident locations into hotspots and non-hotspots. This matrix provides a detailed overview of the model's 

classification behavior apart from overall accuracy. 

The model successfully identified 437 hotspot cases (true positives) while misclassifying only 3 

hotspot cases as non-hotspots (false negatives). This result corresponds to a hotspot recall of 0.99, indicating 

that the model is highly effective in detecting high-risk locations. This kind of performance is very 

important in crime analysis applications, where failure to identify actual hotspots can lead to inadequate 

preventive measures and increased public safety risks. 

For non-hotspot locations, the model correctly classified 15 cases as non-hotspots (true negatives) 

but misclassified 57 cases as hotspots (false positives). This resulted in a low recall for the non-hotspot 

class. The unbalanced distribution of hotspot and non-hotspot samples in the dataset also contributed to this 

result, as the classification was trained on a dataset dominated by hotspot instances. 

The resulting classification performance reflects a more conservative prediction strategy, where the 

model prioritizes reducing false negatives in hotspot detection at the expense of increasing false positives. 

From a public safety perspective, this exchange is reasonable, as overestimating risk is generally better than 

underestimating the possibility of dangerous locations. 

Overall, the confusion matrix confirms that the Random Forest model is suitable for crime 

predictions, providing strong detection of hotspots while maintaining solid overall prediction performance. 

 

CONCLUSION 

This study presents an integrated machine learning framework for analyzing shooting incidents across 

New York State by combining spatial clustering and predictive classification techniques. DBSCAN was 
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employed to identify spatial concentrations of shooting incidents without requiring predefined cluster 

structures, enabling the detection of naturally occurring crime hotspots while distinguishing isolated 

incidents as noise. The clustering results reveal that shooting incidents are highly concentrated in specific 

geographic areas, underscoring the importance of spatial context in urban crime analysis. 

Building upon the spatial patterns identified by DBSCAN, a random forest classifier was 

implemented to predict hotspot and non-hotspot locations using spatial and temporal features. The model 

demonstrates strong predictive performance, particularly in identifying hotspot locations, achieving very 

high recall for high-risk areas. This conservative prediction behavior prioritizes the detection of potentially 

dangerous locations, which is appropriate for public safety–oriented applications despite the presence of 

increased false positives. Feature importance analysis indicates that geographic coordinates are the most 

influential factors in hotspot prediction, while temporal variables such as hour, day of week, and month 

also contribute meaningfully to model performance.  
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