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ABSTRACT1 
Shooting crime is a serious public health problem in the US. The analysis of any historical crime data 
reveals that crime is non-randomly distributed in time and space. Based on this notion, hot spots 
policing has gained its momentum to effectively predict future crime locations. Recent studies; 
however, pointed out that traditional hot spots policing occasionally predict rare crimes such as 
homicides and shootings due to their less frequent recurring counts in a given place and time 
(specifically for shorter time periods such as weeks and months). Given this context, we developed a 
new shooting prediction system (SHOPS) to explore whether recent dynamic/mobility activity 
patterns of known violent individuals increase the prediction of short-term fatal and non-fatal 
shootings compared to the traditional hot spots policing. Findings suggest that SHOPS predicts fatal 
and non-fatal shooting locations more precisely by identifying fewer hotspot locations. Policy 
implications of the study were discussed in the conclusion section.
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Figure 1: Gun-related homicide rates, OH & US 
 

 
Figure 2: Gun-related homicide rates,  
OH & Hamilton County 
 

INTRODUCTION 
 
It is the fact that crime affects all aspects of human life. Gun violence – as a serious kind of crime - has 
long been a major problem of the US cities. [1, 2, 3, 4, 5]. Likewise, Ohio and its major cities have been 
suffering from gun violence for many years. For instance, Fig.1 and Fig.2 show that gun-related 
homicide rates in Ohio and Hamilton County in which Cincinnati locates have been increasing above 
the national rates since 2011. Overall national statistics of 2017 ranks Cleveland as the 5th, Cincinnati 
as the 9th, and Columbus as the 21st deadliest cities of the nation [6, 7]. Given the serious public 
health problem of the Ohio State localities, we wanted to study fatal and non-fatal shootings with the 
City of Cincinnati data. In this context, we will first review the literature to explore the existing studies 
that focus on the prediction of fatal and non-fatal shootings. Next, we will introduce a new shooting 
prediction system to proactively identify places for likely interventions. Finally, we will compare the 
predictive power of the newly proposed shooting prediction system with the predictive power of 
traditional systems.  
 
RELATED WORKS 
 

Crime prevention studies suggest that crime frequently occurs in relatively small locations [8, 9] 
known as crime hotspots. For this reason, many law enforcement agencies use GIS technologies to 
identify spatial patterns [10, 11,], thereby increasing their effectiveness by directing scarce resources 
to the places where the need is greatest [12, 13]. This approach is known as hots spots policing in the 
criminology field. Recent studies suggest that hots spots policing rarely work to 
successfully/accurately predict future shooting locations for shorter time periods (e.g., week, month) 
due to the small number of recurring events (shootings and homicides) [14]. There are some studies 
in the literature that attempted to add a dynamic feature to the traditional hot spots policing formula 
to increase short-term crime predictions. In this context, Wang et al. [15] developed a machine 
learning algorithm named “Series Finder” to automatically detect crime patterns that were 
committed by repeat offenders. Similarly, certain researchers examined spatiotemporal patterns of 
human spatial behavior to improve short-term crime prediction [16, 17, 18]. These efforts increased 
the precision of general crime prediction (i.e., combined crimes like violent and property crimes); 
however, their predictive power for homicides and shooting crimes still remained the same compared 
to traditional hot spot policing. For this reason, Mohler [14] developed a different system to 
specifically predict homicides and shooting crimes by addressing the shortcomings (e.g., relying on a 
small number of cases in the case of rare events) of traditional hot spots policing methodology. In his 
model, Mohler [14] gives a higher weight to the recent shooting locations if they overlap with the 
chronic places. This dynamic model better predicted short term homicides using the recent homicide 
locations. Indeed, Mohler’s model indirectly incorporates dynamic human activities to the formula by 
giving higher weights to the recent fatal and non-fatal shootings.  

https://wonder.cdc.gov/ucd-icd10.html
https://wonder.cdc.gov/ucd-icd10.html


 

 

 

 
Table 1: Jan ‘15 to Feb ‘19 Shoooting Data 
 

 
Figure 5: Identifying Neighbor Polygon 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

We wanted to replicate and develop Mohler’s dynamic model by merging the two widely known 
thoughts of criminology and crime prevention theories: Criminological theories suggest that a small 
number of individuals (known as chronic offenders) commit the majority of crime. And crime 
prevention theories stress that crime is non-randomly distributed in time and space. We integrated 
these two school of thoughts and hypothesized that if a study merges dynamic human patterns of 
chronic offenders with static locations of crime prevention theory, the prediction of short term crime 
locations can be more precise. Therefore, the main research inquiry of the present study is to explore 
whether dynamic human activity patterns of known violent individuals increase the short-term 
shooting predictions over and beyond the prediction of traditional hot spots policing. 
 
METHODOLOGY 
 
Data 
The current study employs four different data sources from the Cincinnati Police Department. These 
data sources include police-reported data, arrest data, suspect-victim data, and field interview 
reports data from January 1, 2015 to February 28, 2019 as demonstrated in Table 1. 
 
Dependent Variable 
Th Dependent variable of the study is the locations of fatal and non-fatal shootings that occurred 
between November 1, 2018 and February 28, 2019. This time period was designated as the future 
shooting locations to test the predictive power of traditional hot spots policing and the newly 
proposed system that used the past data (from January 1, 2015 to October 31, 2018). We named our 
prediction system as Shooting Prediction System (SHOPS); therefore, SHOPS refer to the new shooting 
system for the rest of the study.  
 
Independent Variables 
Predicted Shooting Locations Obtained from SHOPS: The main idea of hotspot policing is to increase 
police visibility in crime dense locations to deter likely criminals for crime commission. Given this 
context, studies suggest that street segments also known as street blocks are the appropriate unit of 
analysis regarding its size (average 450 ft) because the entire surface of the street segment will have 
the equal police visibility during an intervention. Therefore, we aggregated the police contacts (e.g., 
arrest, suspect, field interview report, or being victim of a crime) of known violent individuals to the 
street segments and coded a street segment as a hot place/spot if two or more violent individuals 
contacted with the police within the last 30 days in that street segment. This process gives us repeat 
police contacts with known violent individuals in a given street segment. In addition to this, near 
repeat crime concentration as an important factor for future crime predictions. In this context, we 
employed ArcGIS Polygon Neighbors function (Fig.5) to find first degree neighbors of each street  



 

 
Table 2: The rows of Street Segment IDs 
 

 
Table 3: Identification of Future Shooting 
Locations 
 

 
Figure 6. Kernel density map 

segment. This method created a table with statistics to show source street segment (with ID numbers) 
and all neighboring street segments (with ID numbers). 
 
The total row number of the newly generated table is 57,096 which basically displays each street 
segment’s ID and neighboring street segments(s)’s ID as seen in Table 2. This is an important step 
because the current study wants to increase the precision of crime hot spot locations by considering 
nearby street segment(s)’s criminal activity as well. Hot spots interventions in the literature suggest 
more diffusion of benefit effect rather than crime displacement to nearby areas. For this reason, 
considering nearby street segments’ criminal activities while choosing crime hotspots might help 
researchers to better select the crime locations to maximize diffusion of benefit effect to nearby 
street segments for optimal crime reduction. This method is different from the kernel density 
mapping used in the traditional hot spots policing as seen in Fig. 6. Kernel density map first creates a 
fishnet, then users define the search radius to find the total number of points (shootings in our case) 
that fall into each cell and the search radius. However, users generally keep the search radius large to 
find the clusters or crime concentration on the map. This clustering approach makes the map nicer 
but increases uncertainty because it points a larger location for crime prevention efforts. In contrast 
to kernel density map grids/cells, we will use street segments to identify hot spot locations because 
recent hots spots studies suggest using street segments to maximize the influence of any intervention. 
Likewise, instead of using a search radius of kernel density maps, the current study will employ first-
degree neighboring street segments criminal activity patterns. We automated the above explained 
model in an algorithm (SHOPS) that daily scans the Cincinnati Police Data to find the locations where 
known violent individuals mostly contacted with the police. The final product of the algorithm is a list 
of places (Table 3) that are nominated as future shooting locations for the next days.  
 
Predicted Shooting Locations Obtained from The Traditional Methods: Traditional hot spot policing 
uses the past/historical data to identify chronic shooting locations to predict future shooting 
locations. As Fig. 7 displays, we determined the chronic shooting locations as the street segments 
where at least three shootings occurred between January 2015 and October 31, 2018. 
 
Control Variables 
In this study, we will not use any control variables because we assume that everything is the same 
and the only difference in the study is the identification of the hot spots. We presumed that no 
omitted variable bias will threat the internal validity of the study since we apply both approaches to 
the same city under the same conditions. Therefore, no control variables such as poverty level of 
locations, number of parks, and number of liquor stores, which have proven as an important predictor 
of crime concentration in the crime prevention literature. [19] 
 
 



 

 

 

 
 
Figure 7. Dec. 2018 to Feb. 2019 Shootings 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Analytical Plan 
We will use point distance analysis of ArcGIS to measure the distance of predicted shooting locations 
of SHOPS and the predicted shooting locations of traditional hots spots policing from the locations of 
actual shootings occurred between Noveber 2018 and February 2019. If the distance of predicted 
shooting locations is 200 feet or less to the actual shooting location, that will be counted a successful 
prediction for a future shooting location. Following the distance analysis, we will compare the 
prediction results of SHOPS with the prediction of traditional hot spots policing using basic descriptive 
statistics. 
 
RESULTS AND CONCLUSION 
Traditional hot spots policing technique identified 103 chronic street segments using the date 

between January 2015 and October 2018. Initial analysis suggests that traditional hot spot policing 

successfully predicted 19 out of 85 (22%) fatal and non-fatal future shooting locations. On the other 

hand, SHOPS identified in average 30 shooting locations for each month and these locations predicted 

23 out of 85 (27.1%) future shootings. Even though the prediction looks similar, uncertainty level of 

traditional hot spot policing is much higher than SHOPS (103 vs. 30); therefore, SHOPS provide a 

similar prediction to law enforcement with fewer efforts such as conducting fewer directed patrols to 

gain the similar outcome. Further comparative analysis showed that traditional hot spot policing 

generally predicts apartment complexes because those places stand as chronic shooting locations as 

a result of static/historical data examination. For this reason, the prediction of traditional hot spot 

policing is somehow deceptive because it is very difficult to conduct a treatment/intervention for the 

entire apartment complexes. On the other hand, SHOPS predicts criminogenic street segments in 

precision without relying on the static data; therefore, it brings criminogenic street segments (other 

than apartment complexes) to the attention of decision-makers to conduct effective preventive 

strategies. In conclusion, even though the current study confirms that hot spot policing has its merit 

and successfully predicts shooting locations, the uncertainty level (i.e., listing too many places for 

treatment) of hot spot policing is high which then undermines conducting effective interventions. For 

instance, a police department may not conduct directed patrols at 103 different places which many 

of them are apartment complexes. On the other hand, SHOPS predicts future shooting locations in a 

better precision by only suggesting 30 hot locations to police departments for the same result. The 

substantial overlap between human activity patterns of known violent individuals and future shooting 

locations also support the notion that a small number of population (less than 5%) commit the 

majority of shooting crimes. In this context, our study is in line with Papachristos et al.’s study [20] 

that concludes: shootings spread like a disease among a network of people with known shooting 

criminal history. In the lights of current study findings and existing studies, the policy implication of  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the study is that police departments can maximize their shooting crime prevention strategies by 

targeting both SHOPS identified shooting places and individuals who drive the shooting crimes for 

those identified locations. 
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