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Construct_Analysis Decision_ Tree (S)
Input: safety data sets S

Number of main class d,

Number of attributes ai in S,

Number of each attribute distinct values ks
Output: safety analysis decision tree T
Method:
Initialize (T, S);
N= LeafNode(S);

/ * S is the data set of current node */
/ *a leaf node is generated */
Fori=1 to d do
IfllSI= 1l Cill 7 *if all the data in S are labeled with
Ci */
{ Label(N)=1; / * the label of N is set to 1 */
Mark (N) = leaf;

Return T;

/ * aleaf node is marked */

}
A0 = UnselectedAttrOnly(A); / * AO is the instance space
described only by unselected attributes */

If CannotDistinguish (S, A0); / *if attributes cannot be
further selected and distinguished */
{
Label(N)= the label decided by major voting;
Return T;
}
e= SelectSplit(S A0);

cording to information gain ratio */

/ * a split attribute is selected ac-

MarkselectedAttif €] = true ; / * if a attribute in instance

space is selected as split attribute, marked it */

Split (e, S) into Sl, ..., Sd;

ted */

Fork=1tod do

{ I ISkll=0 {Child(N, kD=nil; continue;}
Label (N)=¢; / * the label of N is set tog */
Mark (N)=not leaf;
Child (N, k)= DP (Sk);

of current node */

/ * several subsets are genera-

/ * recursively process child
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1 SVEHICLENO varchar
2 sMonNodeCode varchar
3 DPassTime datetime
4 FAveSpeed num eric
5 fTemperature num eric
6 sVehicleType varchar
7 fLTemp num eric
8 fL'T emp Rise num eric
9 fRTemp num eric
10 fRTem pRise num eric /\ HE
o7 ANl 7
, 09 ) 080D 08 09 6
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3 E100 km/hLL L | 5100 km/h L H | i :80-100 km/h | Jid/£:100 km/hLL |-
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0. 0—-55C —
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0. << 80km/h R1:29%(72.5%)
FAveSpeed 1. 80— 100km/ h
2. > 100km/ h
0.<<5CC ) 2 DT_SA
fTemperature 1. 5—25C¢( )
2.>25CC 2, 1 2 6 :
Attributes 0.<<0C a =50—75 CA =5C ( YA
© .
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2. 20— 30 o
-> —55 — 0
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