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Abstract

In this paper, a fatality model of car accident using data mining is proposed with the goal of reducing fatality of traffic
accident. The analysis results with a proposed fatality model are utilized to improve a technology and environment for
driving . For this, traffic accident data are collected, a data mining algorithm is applied to this data, and then, a fatality
model of car accident is developed based on the aqalysis. The training data as well as test data are utilized to develop
the fatality model. The important factors to cause fatality in traffic accidents can be investigated using the model. If these
factors are taken into account in traffic policies and driving environment, it is expected that the fatality rate of traffic

accident can be reduced hereafter.
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Table 2. Experiment result of neural net.

Precision Recall F-Measure - ROC Area Class
0.97 1 0.985 0.946 yes
1 0.943 0.971 0.946 no
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=== Confusion Matrix ===
a b <-- classified as
5 4] a-=yes
6 3| b=no
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Table 3. CA4.5 experiment result of algorithm,
Precision Recall FMeasure ROC Area Class
0.97 0.985 0.977 0.983 ves
0.971 0.943 0.957 0.983 no
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=== Confusion Matrix ===
a b <-- classified as
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If (belt = "yes") And {car_speed = "top") And {accident_cause =
"drug®) Then
RESULT = A&
Elself (belt = "no") And (road = "low") And (weather = "no") And
(accident_cause = "outrun" Or accident_cause = "violation") Then
RESULT = AIY
Else
RESULT = dl&
End If
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Fig. 4. Rule that extract that use CA.5.
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