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Lalita Srichaiya 2010: Feature Selection Using Association Rules for Decision Tree
Learning. Master of Science (Computer Science), Major Field: Computer Science,
Department of Computer Science. Thesis Advisor: Assistant Professor

Nuanwan Soonthornphisaj, Ph.D. 93 pages.

The objectives of this research are to study a feature selection algorithm that can filter
out a set of attributes in order to enhance the performance of decision tree learning. We
proposed an algorithm called AssoTree that combines an association rule mining with the
decision tree learning. The algorithm has 3 parts: data preprocessing, feature selection and

attribute filtering, respectively.

The experiments are done on 4 benchmark data sets collected from UCI Machine
Learning Repository. The performances of AssoTree are compared to two algorithms which are
decision tree (J48) and Classification based on Association (CBA). The experimental results
show that AssoTree outperforms other two algorithms since AssoTree can effectively filter out a
set of attributes before supplying the dataset to the decision tree algorithm. AssoTree has the

higher accuracy and gives the smaller tree size.
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42 ANV (Confidence)
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Z/ asy a a
VYUAOUIB LONIDDT

Assign minimum support and minimum confidence
(1) Let F, be the set of frequent itemsets of size k
(2) Let C, be the set of candidate itemsets of size k
(3) Let F, be the set of large items
(4) Letk=1
(5) For all items in frequent itemsets F, repeat step 5.1 —5.3
(5.1) Generate new candidates C, + 1 from F,
(5.2) For each transaction T in the database, increment the count of all candidates in C, +
1 that are contained in T
(5.3) Generate frequent itemsets F, + 1 of size k from candidates in C,_+ 1 with minimum
support

The final solution is U, F,
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Age
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Yunouis J48

input: training data

(1) Choose an attribute that best differentiates the output attribute values

(2) Create branch for each value of the chosen attribute

(3) Divide the instance into subgroup as to reflect the attribute values of the chosen node
(4) For each subgroup, terminate the attribute selection process if :

a. All members of a subgroup have the same value for the output attribute, terminate the
attribute selection process for the current path and label the branch on the current path with the
specified value

b. The subgroup contain a single node or no further distinguishing attribute can be
determined. As in (a), label the branch with the output value seen by the majority of remaining
instances
(5) For each subgroup created in (3) that has not been labeled as terminal, repeat the above

process.

output: decision tree that can be used to classify each instance
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o v o d
9. m3dwuntoyalaal¥nganudaiius (Associative Classification)
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10. TuAUIT CBA (Classification based on Association rules)
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10.2 myad 1 Tumamsiiue (Classifier Builder)
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9

YAUDYA Cleve Crx Hepatitis Horse
Swaunenn3iwiiihmsangd 6 6 6 7
Ist attr. Distinct 41 350 49 41
Unique 4 170 15 9
# range 10 14 9 17
2nd attr. Distinct 49 215 35 55
Unique 16 106 16 15
# range 12 14 10 12
3rt attr. Distinct 152 132 84 41
Unique 62 56 64 11
# range 16 22 9 11
4th attr. Distinct 91 23 85 25
Unique 28 5 49 11
# range 11 35 11 18
Sth attr. Distinct 40 171 30 55
Unique 10 104 7 14
# range 10 29 11 14
6th attr. Distinct 5 240 45 85
Unique 0 186 23 25
# range 6 49 9 7
7th attr. Distinct 45
Unique 19
# range 18




- a ' 9 o o Y A i
MINNHINN N2 Llri.UULVIEJTJGH'J\?ﬂ'Iia?IEﬂGUE]yaﬁ’lﬂiﬂﬂ]@iﬁa‘ﬂaﬂ:cl"‘]JlL‘U‘]J Supervised

65

9

YATDYA Cleve Crx Hepatitis Horse
Ist attr. Distinct 2 2) 1 1
Unique 0 0 0 0
# range 2 2 1 1
2nd attr. Distinct 1 2 2 1
Unique 0 0 0 0
# range 1 2 2 1
3rt attr. Distinct 1 1 1
Unique 0 0 0 0
# range 1 2 1 1
4th attr. Distinct 2 3 1 1
Unique 0 0 0 0
# range 2 3 1 1
Sth attr. Distinct 2 2 3 1
Unique 0 0 0 0
# range 2 2 3 1
6th attr. Distinct 2 2 2
Unique 0 0 0 0
# range 2 2 2 2
7th attr. Distinct 2
Unique 0
# range 2




- a ' 9 o v Y A i
MINNHUINN N3 Llﬁfmmﬂumqmiaﬂgﬂmayaﬁmmﬁuaya‘ﬂaﬂgﬂuuu Unsupervised

66

9

YATDYA Cleve Crx Hepatitis Horse
Ist attr. Distinct 10 10 10 10
Unique 1 0 1 1
# range 10 10 10 10
2nd attr. Distinct 10 10 7 10
Unique 0 0 0 1
# range 10 10 10 10
3rt attr. Distinct 8 9 10 10
Unique 1 1 0 0
# range 10 10 10 10
4th attr. Distinct 10 6 8 10
Unique 1 3 3 0
# range 10 10 10 10
Sth attr. Distinct 9 7 9 9
Unique 1 2 2 0
# range 10 10 10 10
6th attr. Distinct 5 7 9 10
Unique 0 5 1 3
# range 10 10 10 10
7th attr. Distinct 9
Unique 0
# range 10
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Abstract

This research proposes a feature
selection algorithm that can filter out useless
attributes in order to get a set of information
attributes. The decision tree learning
algorithm is used as a main mechanism to
construct a tree for the classification
problem. We apply an association rule
technique to select the most suitable set of
feature.

The experiments are done on a set
of benchmark dataset collected from UCI
Machine Learning Repository. We compare
the performance between C4.5 and our
proposed algorithm on 16 datasets. The
experimental results show that our proposed
algorithm  outperforms the traditional
decision tree algorithm in 13 datasets.

Key words — data mining, feature

selection, association rules, classification
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Initialize NumRule =10, MinSup = 0.5,
MinConf=10.9
While (NumRule <= 100)
SetofRule =
Apriori(NumRule,MinSup,MinConf)
N = count(SetofRule)
If (N = NumRule) then
NumRule = NumRule + 10
else if (N < NumRule) and
(MinSup > 0.1) then
MinSup = MinSup — 0,05
NumRule = 10
else if(N < NumRule) and (MinSup
=0.1) and (MinConf> 0.8)
then MinConf = MinConf —
0.05
NumRule = 10
else
Break
End if
End While
A, = Set of Original Attribute
A, = ExtractRuleAtr(SetofRule)
For(i=1;i<N,; i++)
IfA isin A,
A=A, YA,

temp temp

End For
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A,y = Set of Selectiong Attribute
TreePerfl = DecisionTree(TrainData, A )

MaxPerf = TreePerf1

For (I=n;1>0;i--)

A =A

remove temp
Atemp = Atemp - Atemp,l
TreePerf2 =

DecisionTree(TrainData, Atemp)
If (TreePerf2 >= TreePerfl) and
(TreePerf2 >= MaxPerf) then
MaxPerf = TreePerf2
End If

End For
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Abstract

Data Mining is a knowledge discovery
technique. There are two main techniques
which are Association Rules and Data
Classification. Researcher combined both
association rules and data classification
techniques called Associative Classification
in order to improve classification

performance.



This research proposes an itemsets
feature selection algorithm that can filter
out a set of information attributes for
decision tree learning to construct a tree
with high accuracy. We apply an association
rule technique with classification technique.
The experiments are done on three
benchmark dataset collected from UCI
Machine Learning Repository. We compare
the performance with C4.5, CBA, CMAR
and our proposed algorithm. The
experimental results show that our proposed
algorithm outperforms other algorithms in 2

datasets from 3 datasets.

Key Words: Data Mining, Feature
Selection, Association Rules, Data

Classification
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