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ABSTRACT

The objective of this paper was to extract the important attributes through artificial neural network
models for forecasting the rate of violent crimes. The data set was collected by communities within the
United States. The data combines socio—economic data from the 1990 US Census, law enforcement data
from the 1990 US LEMAS survey, and crime data from the 1995 FBI UCR. The findings showed that,
artificial neural network by backpropagation algorithm for forecasting the rate of violent crimes more
efficient than using statistics analysis method, and found seven attributes that affect the rate of violent
crimes by selected genetic algorithm method. These attributes can explain their outcome of violent crimes

at 77.08% (R-Square=0.7708), and the MAE is 0.1008.
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