An Improvement on the Algorithm of Decision Tree

Liu Xumin'? Huang Houkuan® Xu Weixiang®

School of Information Engineering, Capital Normal University, Beijing 100037
2School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044
®School of Traffic and Transportation, Beijing Jiaotong University, Beijing 100044
E-MIAL: liuxmxxxy@263.net

Abstract

Decision tree learning is one of the most widely used
and practical methods for inductive inference. In this
paper, the idea of algorithm for building a decision
tree is introduced by comparing the algorithm of
information gain or entropy. The produced process of
decision tree is given as an example. According to the
theory of rough sets, the method of constructing
decision tree is discussed. Using the algorithm, the
complexity of decision tree is decreased, the
construction of decision tree is optimized and the rule
of data mining could be built.
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1. Introduction

Decision tree learning is one of the most widely used
and practical methods for inductive inference. It is a
method for approximating discrete-valued functions
that is robust to noisy date. Decision tree has many
advantages, such as its fast speed, high accuracy as
well as the easy mode of production, which attracts
many researchers in data mining [1]. There are many
algorithms of decision tree. In 1986 J. Ross Quinlan
discovered the famous decision tree induction
algorithm, 1D3 version [2], which caused much effect.
Making supplement and improvement on it in 1993, he
raised the popular C4.5 algorithm [3]. Later C5.0
algorithm appeared as an improved commercial
version of C4.5. Besides some scalability algorithms
like SLIQ [4], SPRINT [5] and RainForest algorithms
[6] also have wide application.

The theory of Rough Set (RS) [7] put forward by
Professor Z.Pawlak in 1982, which identifies the
knowledge from a new angle and associates
knowledge  with  classification, provides a
mathematical tool which are more sharable for
human’s recognition to deal with the inaccurate and
incomplete data classifying problems. The theory is
mainly applied to reduce knowledge and analyze
knowledge dependence, and have been widely used in
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fields like artificial intelligence, information process,
pattern recognition, machine learning and knowledge
discover.

In this paper, a data-mining algorithm of building
a decision trees is introduced by comparing the gain or
entropy. According to the theory of rough sets, the
method of simplifying the structure of decision tree is
discussed. A method of constructing decision tree with
rough sets theory is given, and the production process
of decision tree is illustrated by example.

2. Decision Tree

A decision tree [8] is a flow-chart-like tree structure,
where each internal node denotes a test on an attribute,
each branch represents an outcome of the test, and leaf
nodes represent classes or class distributions. The
basic algorithm for decision tree induction is a greedy
algorithm that constructs decision tree in a top-down
recursive and divide-and-conquer manner. In the
process of constructing a decision tree, one of the most
important steps is to choose a proper attribute as a
node so as to produce the simplest decision tree.

Basic idea of ID3 algorithm is: The decision tree
starts with a single node presenting the training
samples. If the samples are all of the same class, then
the node become a leaf and is labeled with that class.
Otherwise, the algorithm uses an entropy-based
measure known as information gain as a heuristic for
selecting the attribute that will best separates the
samples into individual classes. This attribute becomes
the “test” or “decision” attribute at the node. A new
node is created and labeled with that attribute. A
branch is created for each known value of the test
attribute, and the samples are partitioned accordingly.
The algorithm uses the same process to recursively
form a decision tree for the samples at each partition.
The recursive partitioning stops when all samples for a
given node belongs to the same class or there are no
remaining attributes on which the samples may be
further partitioned. Each route from root to leaves of
the decision tree can obtain partition regulations. And
the accuracy of the regulations can be estimated by
using training samples.



3. Foundation of the RS Theory

RS theory defines the knowledge from a new angle. It
regards knowledge as the partition of domain,
supposes it has granularity and discusses knowledge
by introducing the equivalence relation in algebra. [9]

The problem to be dealt with is expressed as a
knowledge expression system S=<U, C, D>, where U
is a limited set called domain, composed of interested
subjects. C is a set of condition attributes, while D is a
set of decision attributes. Q=C UD is called attribute
set. AcQ, A is a subset of Q. XcU, X is a subset of
domain U.

The lower approximation of set X about A is
defined as:

A (X)=Wfy eU/A: Y ¢ X} Q)

Which means the biggest set composed of
subjects, which, according to the owned knowledge,
belong to X. It is also called the positive area of X.

The upper approximation of set X about A is
defined as:

A°X)=Wyeu/:A YN X #¢} (2)

Which means the smallest set composed of
subjects, which probably belong to X.

The negative area of set X about A is defined as:

NEG,(X)=U - A°(X) (3)
Which means the set composed of subjects, which,
according to the owned knowledge, don’t belong to X.
The boundary area of set X about A is defined as:
R,B=A"(X)—A,(X) (@)
RsB is the approximate margin between the upper
approximation and lower approximation of the set.

According to the definitions above, in rough set
theory, knowledge is defined as a capacity of
classification, a capacity to classify domain U that is
based on an equivalence relation.

4. Construction of Decision Trees

Consider an information system example. Training
data tuples (Tab. 1) is a data set. There are 12 tuples
in the table, among which A, B, C and D are condition
attributes, while d is a decision attribute.

Tab.1: Training data tuples from an information
system

Condition attributes(C) Decision
U attribute(D)
A B C D Class(d)
1 1 2 2 1 1
2 1 2 3 2 1
3 1 2 2 3 1
4 2 2 2 1 1
5 2 3 2 2 2
6 1 3 2 1 1
7 1 2 3 1 2
8 2 3 1 2 1
9 1 2 2 2 1
10 1 1 3 2 1
11 2 1 2 2 2
12 1 1 2 3 1

Using ID3 algorithm, the decision tree is formed
eventually, as shown in Fig. 1.

Fig. 1: A decision tree based on information entropy theory

As shown in Fig. 1, the complexity of the tree (the
number of nodes of the tree) is 12. There are
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altogether 7 leaf nodes; so 7 classification rules can be
gained.



From the process mentioned above of the
construction of decision tree, we can see that:

When all the nodes of a leaf are d=1 or d=2,
there’s no need to partition, thus the downward
recursive process stops. In the process of subtree
production, the earlier such “pure” nodes appear, the
better.

The general procedure of constructing decision
trees is:

(1) Set the relative label of each attribute in
condition attribute C to 0.

(2) Compute with formula (1) to (4) the lower
approximation, upper approximation, and negative
region and boundary region of each attribute in
condition attribute C.

(3) Choose the condition attribute with the
smallest boundary as the node of the present branch,
as well as the current testing node, and set the relative
label to 1.

(4) Construct decision tree at the present branch
according to the possible values of the chosen attribute
in the data set.

(5) For each branch of the chosen attribute of the
tree, if the leaf node isn’t reached, the recursive
transfer is carried out.

(6) Otherwise, set the relevant label to 0, and the
algorithm is over.

This algorithm is a recursive one. The input is a
data set to be classified, while the output is a decision
tree.

Next, it is shown that during the process of the
construction of a decision tree, each tuple of the data
set is partitioned to different classifications according
to the four condition attributes.

First, partition according to the attribute A. Using
formula (1) and (2), compute the upper and lower
approximation about whether the result attribute d is 1,
corresponding to condition attributes. The results are
as follow:

A ,d=1)=¢

A°(d=1)={1,2,3,456,7,8,9,10,11,12}

B,(d=1)=¢

B’(d=1)={1,2,3,4,5,6,7,8,9,10,11,12}
C,(d=1)={8}
c°(d=1)={1,2,3,4,5,6,7,8,9,10,11,12}
D,(d=1)={3,12}
D?(d=1)={1,2,3,4,5,6,7,8,9,10,11,12}

Using formula (4), compute the boundary attribute
of each attribute. Because the boundary of condition
attribute D i.e. D°(d=1)-D,(d=1) has the least tuples, D
is chosen as the root node of the decision tree. Part of
the constructed decision tree is shown in Fig. 2.
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Fig. 2: Part of the decision tree

The other three attributes A, B and C are tested
respectively on branch D=1. The lower and upper
approximation computed by formula (1) and (2) are as
follow:

A,d=1)={4}
A°(d=1)={1,4,6,7}
B,(d=1)={6}
B’(d=1)={1,4,6,7}
C,(d=1)={14,6}
C’(d=1)={1,4,6}
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Compute the negative region corresponding to
attribute C with formula (3).

NEG.(d=1) ={7}

The boundary of attribute C has less tuples than
the other two attributes, therefore attribute C is chosen
as the node of branch D=1. Branch D=2 is handle in
the same process; attribute A is chosen as the node,
then attribute C is to be chosen as the node of branch
A=2. Because branch D=3 doesn’t need to be further
partitioned, the constructed decision tree is shown in
Fig. 3.



Fig. 3: Decision tree based on rough set theory

From the Fig. 3, we can see that the number of
nodes of the tree is 10, which are 2 nodes less than the
tree constructed by ID3 algorithm. Correspond to 6
leaf node can gained 6 classify rule. So decision trees
constructed based on rough set theory is simpler than
those constructed by information entropy.

5. Conclusion

With the increase of data set, the decision tree led out
from it will also increase rapidly, which makes it more
difficult for people to understand the decision. The
main difficulty of decision tree algorithm in data
mining lies in how to choose a good branch value. The
growth of the tree speed up if the rate of information
gains is used as the standard to choose attribute. Using
the method mentioned in this paper to construct
decision trees, the complexity of trees are decreased,
the structure of the tree is optimized and better
information regulation can be mined.
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