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2.2 ID3-IV: Using· another heuristic 

u nbiased-gain{A ,S) = gain_(A ,  S) 
compensatzon-f actor( A) 

compensation-factor( A} = 
Vi E valuese t (A)  

I Sj I I Sj I 
2 

S Sj S 
A .  

unbiased-gain( A ,S) 
gain (A ,  S )  

2.3 GID3: Relaxing the constraints on the generated decision tree 

partition P A blocks) 1 , A2 , • • •  , An } 
j = i j = 

k Stirling 's formula of the second kind 
S(n, k) = S(n - l , k - 1 ) + kS(n - I , k) , 1 ::; k ::; n 
S(O, O) = S(n, n) = S(n, 1 )  = 1 

S( = = = 7 • e

A, valueset(A} 

1 0 3  



Replace step ( I )  in algoritlun I with the following: 

1 .  For each attribute Ai  let valueset(Ai ) be the set of its values occurring in the e vents at the node 
to be split .  

2 .  Min-E := oo; 
3. For each at tribute A i  with I valuesl!t(Ai )  I > I do { otherwis e i t  carries n o  information} :  

Min-E-Ai :=  oo ;  
For each value Vi i n  valueset(Ai ) do: 

partition := { { Vi } ,  valueset(Ai ) - { Vi } } ;  
Determine entropy(S, A i )  where the domain o f  Ai = partition; 
If entropy(S, A i )  < Min-E then l\lin-E := entropy( S, A i ) ;  
If entropy(S, A i )  < Min-E-Ai then Min-E-Ai  : =  entropy(S, A i ) ;  

4 .  Threshold-E : =  Min-E * T L  { TL (tolerance le ve l) is a use r  specifi ed value} .  
5 .  For each attribute Ai with Min-E-Ai < Threshold-E do 

newvalueset(Ai ) := 0 ;  
default :=  0 ;  
For each partition { {Vi } ,valueset(Ai )  - { Vi } }  o f  Ai created i n  step 3 do: 

if the entropy(Ai , S) corresponding to this partition < threshold-E then 
newvalueset(A i )  := newvaluesset (Ai ) U { Vi }  

else 
default := default U { Vi } ;  

if default < >  0 then newvalueset(Ai ) := newvalueset(Ai ) U {default} 
Let newvalueset (Ai ) be the partition of A i ,  

6. Execute the rest o f  ID3-IV . 

Algorithm 2 :  A reconstru ction of GID3 . 

created and the entropy of this partition is calculated . This amounts to determining the 
classification information of each value Yi ,  The lowest entropy of all these partitions is 
denoted by Min-E. ""This value is used to determine an entropy threshold:  threshold == Min-E * TL, where TL (tolerance level) is a user specified value. All t hose values whose 
corresponding partition has entropy higher than threshold are irrelevant .  The irrelevant 
values are grouped together in one block . If all the values of an attribute are i rrelevant ,  
t hi s  attribute may be  ignored ( this is the purpose o f  Min-E-Ai in algorithm 2) .  In this 
way a partition for each attribute ( except those which are ignored) is  created. 

From the description of GID3 it can be seen that the purpose of TL i s  to determine 
which values are to be deemed irrelevant .  Using TL = 1 .0 will usually result i n  a binary 
tree since only those values whose corresponding partition has entropy exactly the same 
as Min-E will not be deemed irrelevant .  On the other extreme, TL = oo will produce 
complete partitions ,  resulting in the same tree that basic ID3 would generate. Ideally, 
a TL value which will result in the simplest decision tree with the highest classification 
accuracy is  sought .  Cheng et al [2] claims the existence of a value for TL which will result 
in a better quality decision tree than that of ID3,  but states that predicting such a value 
for TL remains as future work. Thus, for the time being, an appropriate value for TL can 
only be found through experimentation . For an example of a tree generated by GID3 with 
TL = 1 .0 see Figure le .  

The only difference between ID3-IV and GID3 is that GID3 uses algorithm 2 to par­
tition an attribute's value set while ID3-IV creates a complete partition. For TL = 1 .0 ,  
this relatively small difference results in  a much more compact and general decision tree 
for the ECG classification problem. 
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1 . Assume that A is a continuous attribute which takes more than one value in the events- at a node. Let 
valueset(A) be the set of values the events at that node takes for A.  

2.  Sort valueset(A) from small to large. 

3. For each value a, in vqlueset(A) , except the largest \'alue, determine the entropy of A with the partition 
{ (A 5 ai) , (A > ai )} .  

4 .  Keep the best such partition as the parti tion for A .  

Algorithm 3 :  CID3 fo partitioning a continuous attribute's value set . 

2 .4  CID3: Adding more domain knowledge 

GID3 creates attribute partitions consisting of single element sets and possibly one set 
with more than one element . Thus for a continuous attribute like amplitude with domain 
0 . .  100 ,  GID3 may form a partition such as { { 1 } ,  {4} , { 1 0} , {30} , {2 ,6 ,7} } .  As stated 
in the introduction, this type of partition does not enti rely cover a continuous attribute's 
domain .  If a decision tree with a branch labeled by this parti tion should be used to classify 
new ( test )  examples , i t  cannot classify those examples which take values for amplitude 
that does not occur in the decision tree. Another drawback of thi s  type of partition i s  
that i t  i s  difficult to  understand since i t  does not highlight those features which distinguish 
among the concepts .  For many problems , examples which belong to the same class usually 
take similar values for continuous attributes . For example, "example E belongs to concept 
C if i ts  value for amplitude i s  below 40" . This type of conditions cannot be generated by 
the algorithms described above.  

To solve these problems ,  we developed CID3. The domain knowledge of CID3 dis­
t inguishes between continuous and nominal attributes . For nominal attributes , GID3's 
attribute partitioning mechanism ( algorithm 2 )  is used . For a continuous attribute A, 
algorithm 3 i s  to  parti tion i t s  value set : Fi rst ,  al l  the values of A are sorted from small to 
large. Then a partition consisting of two intervals (A � ai ) and (A > ai ) i s  created for 
each value ai except the largest value ( otherwise the interval ( A > ai ) i s  empty) .  The 
partition with the lowest entropy is kept as the best partition for A. An advantage of thi s  
type of partition above those parti tions generated by GID3 is that they completely cover 
the domain  of a continuous attribute. 

CID3 may be generalized to generate parti tions consisting of more than two blocks.  
Algorithm 4 describes a straight forward extension of CID3 whi ch generates partitions 
consi sting of three blocks .  The following analysis shows that this algorithm is  too inef­
ficient to be practical for parti tioning continuous attributes with large domains.  Let A 
be a continuous attribute with n values . The number of partitions investigated by CID3 
(algorithm 3 )  are (n - 1 ) .  Thus the time complexi ty of CID3 is O(n) .  On the other hand 
algorithm 4 has to investigate (n - 2)(n - 1 )/2 partitions. Thus this algori thm's time 
complexity i s  0 (  n2 ) .  If n is 500 then 12�12.5 1  parti tions must be investigated. The same 
holds for extensions of algori thm 4 which generate partitions consisting of more than three 
blocks .  To aggravate the si tuation even more , all two- , three- , . . .  , n-partitions must be 
created and compared to find the best partition of all .  Due to thei r inefficiency, no contin­
uous attribute parti tioning algorithms which generate parti tions consisting of more than 
two blocks were implemented . 

The decision trees generated by CID3 for the ECG classification problem i s  slightly 
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1 .  Assume that A is a continuous attribute and let valueset(A) be the set of values the events at that node 
takes for A. 

2. Sort valueset(A) from small to large. 

3. For each value ai in valueset(A),  except the largest two values do: 
For each value a; in valueset(A) ,  a; > ai , except the largest value, detennine the entropy of A with the 
partition {(A � ai ) ,  (a i  < A �  a; ) ,  (A > a, )} . 

4. Keep the partition with the lowest entropy as the new value set of A.  

Algorithm 4:  CID3 generalized to generate partitions with three blocks 

deeper than those generated by the other algorithms . This is  because it parti tions a con­
tinuous attribute's values into only two intervals. However, the deci sion tree generated 
by CID3 has much greater predictive power than the trees generated by the other algo­
rithms (see next section) .  In addition, the decision tree generated by CID3 is easier to 
understand. 

3 An Empirical Comparison of the four algorithms 

The previous section described four variants of  ID3.  In  this section these algorithms are 
compared. As test domain examples of normal and abnormal ECGs are provided. The 
standard ECG consists of twelve leads, Vl to V6 , I to III , a VL,  a VR and a VF,  each 
measuring electrical conductivity in the heart from a different angle. Ea.ch heart beat 
generates a series of positive and negative deflections in  the ECG wave, called the P,Q,R,S 
and T waves . Diagnoses of ECGs are made based on the morphology of these waves . 
Thus an ECG may be described using continuous attributes like Vl- P-amplit ude (the 
amplitude of wave P i n  lead Vl )  V6-Q-duration , etc. Each ECG was described by 201 
attributes of this type .  Of these attributes , 200 had continuous domains and one (sex) 
had a nominal domain consisting of two values (male and female) .  We distinguished only 
between normal and abnormal ECGs. The training set consists of 301 ECG's of which 
8 1  were normal and 220 were abnormal .  From this training set each algorithm generated 
a decision tree which distinguishes between normal and abnormal ECGs. The predictive 
power ( described below) of these decision trees were tested using 1 7 1  ECGs of which 59 
were normal and 1 13 were abnormal. The training and testing sets were disjoint . All the 
experiments were performed on a VAX/785 using CO:!\H.fON LISP. 

The algorithms were compared using the following criteria  (based on those provided 
in  [2] ) :  

1 .  CPU time needed to generate a decision tree: This i s  a measure of  the computa­
tional efficiency of the algorithm. The remaining measures are cri teria for comparing 
decision tree quality. 

2. The number of nodes in a tree: This is a measure of the complexity of the decision 
tree. 

3. The number of leaves in a tree: The path to each leaf corresponds to  a classification 
rule of the form "if (A E {al ,a2} )  & (B E {bl ,b3} )  & . . .  & (K E {k4} )  then the 
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ID3 ID3-IV GID3 CID3 
CPU-time(in seconds) 618  2187  60592 30438 
#nodes 287 284 66 53 
#rules 267 263 34 27 
average rule support 1 . 1 27 1 . 145 8 .853 1 1 . 148 
correct classifications 36 28 42 134 
wrong classifications 29 28 13 38 
unclassifiable 107  1 16 1 1 7 0 

Table 1 :  Experimental results .  

example belongs to Concepti" where A, B and K are attribute names. Trees with 
fewer rules are preferred since they are easier to understand. 

4 .  Average example support per rule: This is the average number of examples in the 
trai ning set classified by each leaf ( rule) in the decision tree. It is a measure of the 
applicability (generality) of each rule. 

5. The predictive power of the decision tree: We distinguish among: ( 1 )  The number 
of test events correctly classified , (2 )  the number of test events incorrectly classified , 
and (3 )  the number of test events which could not be classified. Of these ( 1 )  is the 
most important .  

Table 1 summarizes the results obtained with each of the algorithms. For GID3 TL = 
1 .0 was used . For the ECG classification problem, ID3-IV performed worse than ID3 with 
respect to most criteria.  Thus using an unbiased attribute selection heuristic did not help 
at all for the ECG data. GID3 consumes more CPU time than ID3 and ID3-IV. However, 
it generates a decision tree containing only 34 rules . In addition, this tree classified more 
test examples correctly and less test examples incorrectly than both ID3 and ID3-IV. 
Thus generating more general partitions results in a decision tree which contains less 
nodes and classifies more test examples correctly. CID3 generated the simplest decision 
tree ( containing only 27 rules ) .  This tree correctly classifies 78% of the test examples . Its 
nearest rival is GID3 which correctly classified only 24% of the test examples! The reason 
for this improvement in classification accuracy is the fact that the intervals generated by 
CID3 completely covers a continuous attributes domain (see section 2 .4 ) .  In addition , 
CID3 used half the time GID3 did. This is explained by the fact that the GID3 algorithm 
creates a partition for each attribute value and then decides which irrelevant values are to 
be grouped together. Thus each value is processed twice. In comparison , CID3 only has 
to create a partition for each attribute value. Thus CID3 processes each value only once. 

4 Conclusion 

We proposed CID3 ,  a generalization of GID3 which parti tions a continuous attribute's 
domain into two intervals (A � a; ) and (A > a i ) .  CID3 was compared with ID3, , 
ID3-IV and GID3 in the context of generating a decision tree which distinguishes between · 
normal and abnormal ECGs described mainly by continuous attributes . CID3 generated 
the simplest decision tree with far greater predictive power than any of the decision trees 
generated by the other algori thms. 
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Future research will focus on · testing CID3 on other data sets and developing more 
efficient algorithms for partitioning a continuous at tribute's value set i nto more than two 
i ntervals.  
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