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ABSTRACT

Crime occurs differently based on not only place locations and building uses but also
the characteristics of the people who use the place and the spatial structures of the
buildings and locations. Therefore, if spatial big data, which contain spatial and regional
properties, can be utilized, proper crime prevention measures can be enacted. Recently,
with the advent of big data and the revolutionary intelligent information era, predictive
policing has emerged as a new paradigm for police activities. Based on 7420 actual crime
incidents occurring over three years in a typical provincial city, “J city,” this study
identified the areas in which crimes occurred and predicted risky areas. Spatial
regression analysis was performed using spatial big data about only physical and
environmental variables. Based on the results, using the street width, average number of
building floors, building coverage ratio, the type of use of the first floor (Type II
neighborhood living facility, commercial facility, pleasure use, or residential use), this
study established a Crime Incident Prediction Model (CIPM) based on Bayesian
probability theory. As a result, it was found that the model was suitable for crime
prediction because the overlap analysis with the actual crime areas and the receiver
operating characteristic curve (Roc curve), which evaluated the accuracy of the model,
showed an area under the curve (AUC) value of 0.8. It was also found that a block
where the commercial and entertainment facilities were concentrated, a block where the
number of building floors is high, and a block where the commercial, entertainment,
residential facilities are mixed are high—risk areas. This study provides a meaningful step
forward to the development of a crime prediction model, unlike previous studies that
explored the spatial distribution of crime and the factors influencing crime occurrence.

KEYWORDS : Bayesian Probability, Spatial Analysis, Crime Prevention, Spatial Big Dala,
Crime Incident Risk Area, Prediction Model
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SLM), 7k 21 (Spatial Error Model, SEM)
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TABLE 1. Comparison of Model Fit Results
OLS SLM SEM
Moael D S G S G D S G
R2 0.34 0.51 0.61 0.53 0.65 0.70%x+ 0.56 0.73 0.81
Log likelihood -66.63 -81.63 -61.12 -6417 -7857 -58.82 -63.02 -7554  -54.47
AIC 146.29 177.28 136.20 144.38 173.12 133.68 140.01 165.11 122.98
SC 156.08 186.11 145.03 154.46 183.17 143.74 148.84 173.92 131.77
* (0.1 *x<0.05 *** <0.01
TABLE 2. Spatial Error Model(SEM) Result
Model D S G
Constant —8.73+ —23.86%* —13.32%xx*
Road width 0.02+¢ % 0.04xx+ 0.04xx+
Number of building floors —0.01#+ —0.01%xx —0.01%xx
Floor area ratio 3.72%x 7.2 %% 3.13xxx
Building coverage —62.72 -129.77 —0.01#x
Type | neighborhood living facility =3.14%xx —-166.11 —128.92x*
Type Il neighborhood living facility 95.62+ 239.69% 131.26%**
Accomodations —2.27** —0.01#+ -0.01
Entertainment facilities 0.95+ 8.63** 447+
Commercial facilities 7.03%x —29.46 -22.97
Office facilities 2.4 -2.06 59.72
Residential facilities 76.88+* 132.81 48.13
Breusch—Pagan 10.67+* 21.14%x 13.24xxx
Likelihood ratio 7.25%xx 12.18%#x 17.98%
LM-Lag 0.84 4.55%* 7.24

* (01 *x<0.06 #xx <0.01
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FIGURE 3. CIPM accuracy analysis results
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