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Abstract

When a decision tree is applied to a medical examination,
it is important that a medical domain expert should
review the decision tree carefully because the tree may
have irrelevant conditions, which demands extra
information to be supplied. For medical examinations,
extra information needed means extra examinations
needed to a patient, and extra examinations cause more
expense and more burdens to the patient and society.
Therefore, to save medical resources and reduce
patients’ burden, we have to deal with irrelevant
conditions in the decision tree. In this paper, we use
hypothyroid disease examinations as an example to

demonstrate this point of the view.
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1 INTRODUCTION

The decision tree is one of the key data mining
techniques and has been applied to medical applications
[1,2,3]. However, since the decision tree creates a branch
for each value of that appearing in the training data
without considering whether the value is relevant to the
classification. Consequently, the resultant rules of the
tree may have irrelevant conditions [4, 12]. For medical
examinations, it causes more expense and burdens to the

patient and society. Moreover, saving medical resources
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is a very important issue for the Taiwan’s government.
Therefore, when the decision tree is applied to medical
applications, we have to deal with irrelevant conditions

in the tree.

Until now, a number of different approaches have been
proposed to solve this problem. For example, Fayyad has
proposed two algorithms. GID3 and GID3*, to solve this
problem of the decision tree constructed using ID3 [4, 5,6,
7]. These two algorithms over-whelm the irrelevant
values problem at the step before attribute selection.
However, the problem of these algorithms is that some
branches in the GID3 tree or the GID3* tree may be
longer than that in the ID3 tree. Quinlan uses a
pessimistic estimate of the accuracy of rules to generalize
each rule by removing not only irrelevant conditions but
also conditions that do not seem helpful for
discriminating the nominated class from other classes
[8,9,12].

We have provided another view to solve the irrelevant
values problem of the decision tree without the problem
of GID3 and GID3* tree. We eliminate irrelevant values
in the process of converting the decision tree to the rules
for classification according to information on the
decision tree [17]. The original algorithm can only deal
with discrete values; however, for medical examinations,
some attributes always contain continuous values.

Therefore, the original algorithm is revised to solve the

irrelevant values problem of the decision tree with
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continuous values in this paper. Consequently, the
modified algorithm can deal with not only discrete values

but also continuous values.

2 BASIC ALGORHITHM

Let A= {A,, ..., Ay} be a set of attributes and C = {C;, ...,
Cs} be a set of classes. To represent a decision tree by a
set of branches, the branch Br of the decision tree can be
represented as the form Br[A;]A ... A Br[A;] = Cy, where
Br[A{] is a set of branch values out of an attribute A; in
the branch Br, i = 1 ... n and 1 < k < s. For easy
explanation the irrelevant values problem for medical
examinations, we consider only that attribute values are

discrete values in this section. That is, Br[A;] is reduced

to a branch value out of an attribute A; in the branch Br.

According to the semantics of irrelevant values, a value,
when Br[Aj] is an irrelevance of a rule; this value can be
deleted or replaced by any value from the same domain
value without affecting the correctness of the rule.
Therefore, we can trivially do combinatorial explosion in
the number of comparisons to all the branches to identify
irrelevant values of a branch. However, the process of
identifying irrelevant values by this way is very
time-consuming. Therefore, to enable users to focus on
only relevant conditions of the rules, we provided the
following theorems to solve the irrelevant values problem
for a complex decision tree whose attributes contain
discrete values only. These theorems are proven in [17],
readers are suggested to refer to this paper, if further

explanation is needed.

Theorem 1. Let Br[A]a ... A Br[A]] A Br[A;] A ... A
Br[An] 2 Ciand Br'[Aj] A ... ABI’ [A]] A ... A Br'[Ay]
- Cyybe two branches through a non-leaf node P in the
tree, where the branching attribute with respect to P is A;.
Let A= {Ap., ..., Anr} and A; be the same attributes in
these two branches, where A; < A. Then, Br is in conflict
with Br” with respect to A if and only if Br{A;] = Br’[A]

and Ckl 75 Ckg.
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Theorem 2. Let Br{fA;]] ~» ABITA;1]
ABITAJABI[Aj+1]A ... ABI[A,] = Ci be a branch through
a non-leaf node P in a decision tree, and the branching
attribute with respect to P be A;. For all branches through
P of the decision tree, if Br is not conflict with these
branches with respect to attributes Aj41 ... An, then Br[Aj]

is an irrelevant value in Br.

Theorem 3. Let Br be a branch through a non-leaf node
P of the decision tree. When the branch value Br[P] has
been identified by theorem 1, all other branches through
P are useless for the following process to identify the

irrelevant values of Br.

To make the process of removing all irrelevant values of
a branch more efficient, we can recursively apply the
above theorems until the node P is the root of the

decision tree.

3 AN ALGORITHM TO
IRRELEVANT VALUES
VALUES

IDENTIFY THE
TO CONTINUOUS

For medical examinations and many other applications,
some attributes always contain continuous values. To
deal with continuous values, the theorem 1 is revised into
theorem 4. Consequently, the modified algorithm can
deal with not only discrete values but also continuous

values.

Theorem 4. Let Br{A;Ja ... ABr[A]] ABr[A;] A ..
ABITAy] 2 Ciq and Bri[{A] A ... ABr” [Aj] A ... ABr’[Ap]
- Cyobe two branches through a non-leaf node P in the
tree, where the branching attribute with respect to P is A;.
Let A = {Ay., ..., An1}, A; be the same attributes in these
two branches and a; be a branch’s value of Br[A;], where

A; < A. Then, Br is in conflict with Br’ with respect to A

if and only if

(1) when A # &, 3 a3, a; € Br[A;], a; € Br'[A;] and Cyy
# Cie, or

(2) when A; = &, Cyy # Cyo.

According to theorem 4, when Cy; = Cy,, branches, Br->

Ci1 and Br’ = Cy,, are never in conflict with each other;
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therefore, to identify all the irrelevant values of a branch
Br, we need only to consider those branches, Br’, whose
leaves are different from C,;.. Moreover, to make the
process of removing all irrelevant values of a branch
more efficient, we can recursively apply the above
theorems until the node P is the root of the tree. The
corresponding algorithm is shown as Fig. 2.

Input: A decision tree

Output: A set of rules without irrelevant conditions;

Let Br = {Bry, ..., Bry}; /* the branches of the decision

tree */

For each branch Br' in Br Do

{Let Br'=Br'[A;] A .. ABr[AJ] > C;
For j =k downto 1 Do

{Apply theorem 2, 3 and 4 to check whether Br'[Aj] is an

irrelevant value;

If Br'[Aj] is an irrelevant value Then remove Br'[Aj]

from Br';}

Represented Br' by a rule;}
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Fig. 2. Converting a decision tree to a set of rules

without irrelevant conditions

4 CASE STUDY: USING HYPOTHYROID
DISEASE EXAMINATIONS

In this section, we discuss the problem of applying the
decision tree to hypothyroid disease examinations. To
economized the medical expenditures and alleviated the
torture of the patient in the medical investigation, we
have to avoid unnecessary examinations to the patient.
However, when we follow the rules that generate by the
tree to do medical examinations, some unnecessary
examinations may be performed. We address this point

of view by the following example.

Example. Let us consider the decision tree, as shown in
fig 2. The original rules and the resultant rules without
irrelevant conditions are shown in Table 1. Comparing
these two sets of rules, we could find out that our rules
are more concise and comprehensible than the original
rules. The irrelevant conditions of the original rules are

represented by boldfaces in Table 1.
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FAWA
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Negative Thyroid surgery

Negative
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Primary hypothyroid Negative

Negative Thyroid surgery
Negative
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Negative

Primary hypothyroid
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7N\

compensated
hypothyroid

Fig 2. Decision tree for thyroid examinations

Comparing between the rules with and without irrelevant
conditions in the table 1 with respect to the decision tree
of fig. 2, some characters can be found. Firstly, the
decision tree model recommends the doctors to do many
investigations for the patient which might not be
required. For example, in our rules, the rules of 1,24

show that it is much simpler for physicians to make

diagnosis from the investigation results. In our algorithm,

a history with negative TSH measured result or thyroid
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surgery, or TSH less than 5.8 represents the negative
result of the diagnosis. That means if a patient with a
history of thyroid surgery or thyroxin medication, his
diagnosis is always negative and does not need to have
the other investigation such as TT4 or FT4. It is same
that if a patient with a measurement of TSH below 5.8,
he also doesn’t need to do the upper testing either. Only
when the TSH is above 5.8, he may need to do FTI, or

TT4 to make a correct diagnosis.
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Table 1. The rules convert from the decision tree

The original rules without considering irrelevant values

problem

The resultant rules without irrelevant conditions

FTI< 64 A THS measured = f - negative

(1) THS measured = f - negative

FTI<64 A THS measured = t A TSH<5.8-> negative

(2) TSH<5.8-> negative

FTI<64 A THS measured =t A TSH>5.8 A thyroid surgery =
f = primary hypothyroid

(3) FTI<64 A THS measured = t A TSH>5.8 A
thyroid surgery = f = primary hypothyroid

FTI<64 A THS measured =t A TSH>5.8 A thyroid surgery
=t - negative

(4) thyroid surgery =t = negative

FTI>64 A TSH<6 - negative

(5) FTI>64 A TSH<6 - negative

FTI>64 A TSH>6 A on thyroxine =t - negative

(6) FTI>64 A on thyroxine =t = negative

FTI>64 A TSH>6 A on thyroxine = f ATHS measured = f

- negative

The resultant rule is equal to (1)

FTI>64 A TSH>6 A on thyroxine = f ATHS measured =t

A thyroid surgery = negative

The resultant rule is equal to (4)

FTI>64 A TSH>6A on thyroxine = f A THS measured =t A
thyroid surgery =f A TT4 > 150 - negative

(7) FTI>64 A TT4 > 150 - negative

FTI>64 A TSH>6 A on thyroxine = f A THS measured =t A
thyroid surgery = f A TT4 < 150A TT, measured = f >
primary hypothyroid

(8) TSH>6 A THS measured = t A thyroid surgery
=f A TT4 < 150A TT4 measured = f - primary
hypothyroid

FTI>64 A TSH>6A on thyroxine = f A THS measured =t A
thyroid surgery = f A TT4 < 150A TT, measured = t >
compensated hypothyroid

(9) FTI>64 A TSH>6 A THS measured = t A
thyroid surgery = f A TT4 < 150A TT4 measured =
t = compensated hypothyroid

Secondly, the resultant rules show that the better way for
a clinician to make a correct diagnosis without doing
every investigation available. Those patients without a
thyroid surgery history and thyroxin medication need to
have the test of FTI, TT4 and “TSH measured” further to
make the diagnosis. Therefore, we can optimize lab
investigations for diagnosing a possible hypothyroid
patient by the resultant rules. Doing less investigation is
both good for patients and our society. For each patient,
she might not spend time and money to do some lab
examination which is not needed for diagnosis. For our
society, it is a waste if we spend our fiscal expenditure for
any medical procedure that is not quiet needed. The
doctors’ time is limited, the patients are suffering from the
disease both physically and mentally, the ever-increasing

of medical expenditure is a huge burden to our
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government. So it is a great benefit for all these three
parts if we can find way to cut down the medical
expenditure, such as the lab investigations for the

diagnosis.

5 CONCLUSIONS

Medical problem is a field where “decision tree”
algorithm is usually applied. As the cost of healthcare
system is rising again and again, it is urgent for
government to do anything to inhibit the fast increasing
the medical expenditure while maintaining the quality.
Using the decision tree model could be helpful for us to
retrieve the relevant medical tests needed in clinical
cases under different condition. However, the new rules

we adopted here and testified in a hypothyroid model



showed more efficient and hence more useful to exclude
the irrelevant conditions. Therefore, the new rules could

be a good technique for physicians to find the easiest and
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