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Automated

important research in education domain,

essay scoring 1S an
but the cost of training is a problem. In
this study,
automated essay scoring system based on
This

system could grade essays without graded

we describe a Chinese
similarity between test essays.
training data. We also describe an
algorithm detecting off-topic essays.
The adjacent rate in the experiment is

about 95%, and the exact rate is about
52%.
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Simplify Multivalued Decision Trees

Chien-Liang Liu and Chia-Hoang Lee

Department of Computer Science, National Chiao Tung University 1001 University
Road, Hsinchu, Taiwan 300, ROC,

clliu@mail.nctu.edu.tw

Abstract. Decision tree is one of the popular machine learning algo-
rithms and it has been applied on many classification application areas.
In many applications, the number of attribute values may be over hun-
dreds and that will be difficult to analyze the result. The purpose of
this paper will focus on the construction of categorical decision trees. A
binary splitting decision tree algorithm is proposed to simplify the clas-
sification outcomes. It adopts the complement operation to simplify the
split of interior nodes and it is suitable to apply on the decision trees
where the number of outcomes is numerous. In addition, meta-attribute
could be applied on some applications where the number of outcomes
is numerous and the meta-attribute is meaningful. The benefit of meta-
attribute representation is that it could transfer the original attribute
into higher level concept and that could reduce the number of outcomes.

1 Introduction

Over the last few decades, machine learning has become a very active and impor-
tant research area nowadays. Many machine learning algorithms are proposed
and have proven their capabilities on intelligent systems. Decision tree is one
of the popular machine learning algorithms and it has been applied on many
classification application areas. In essence, decision tree is simple to understand
and the inference result is easy for humans to interpret. Besides, decision tree is
robust and it performs well with large data set.

Decision tree is a supervised learning model and the input to the classifier
are attribute-value pairs tagged with class labels. Each interior node corresponds
to a test on the variable and an arc to a child represents a possible value of
that variable. A leaf represents the classification of records. When the classifier
finishes the training phrase, unknown records could be classified.

In general, decision tree construction includes tree-building phase and tree-
pruning phase. In tree-building phase, the training data is recursively partitioned
until all the records in a partition have the same class. In each partition, a new
attribute should be selected as the splitting criterion and new sub-partitions
are collected according to the splitting criterion. The same process is applied on
these sub-partitions recursively. Appropriate attributes have to be selected as the
root nodes in each partition and there are several approaches to the selection of
attributes. ID3 [1] adopts information entropy [2] and information gain on the



selection of attributes. C4.5 [3], which is an extension of ID3 that accounts for
unknown values, continuous attribute values, pruning, and so on, adopts gain
ratio as the selection criteria. CART [4] (Classification and Regression Trees),
SLIQ [5] and SPRINT [6] select the test with the lowest GINI index. In prac-
tice, a perfect decision tree may lead to overfitting problem and that makes
the error rate of testing data increase. Many pruning approaches are proposed
in tree-pruning phase to prevent overfitting of the training data. The pruning
approaches include MDL pruning ([7][8][9][10]), cost-complexity pruning ([11]),
and pessimistic pruning ([11]). In addition to prune in the tree-pruning phase,
Garofalakis et al. [12] proposed integrated decision tree construction algorithms
that push size and accuracy constraints into the tree-building phase.

In general, every path of decision tree constructs an "IF-THEN” rule. If
there are many outcomes in the interior nodes, the number of rules will become
numerous and that will lead to complex tree structure. In many applications, the
number of attribute values may be over hundreds and that may make it difficult
to analyze the result.

The purpose of this paper will focus on the categorical decision tree. A binary
splitting decision tree algorithm is poposed to simplify the classification out-
comes. It adopts the complement operation to simplify interior nodes splitting
and it is suitable to apply on the decision trees where the number of outcomes
is numerous. When the complement split is applied on the attribute value test,
the number of outcomes will become two. The benefit of this approach is that it
could provide a simplified model on multivalued decision trees, since the num-
ber of outcome will decrease and the rules description will contain set element.
Moreover, the complement split operation could be incorporated with existing
decision tree algorithms. The complement split operation could be applied at
specific nodes and the other nodes are applied original split operations. With
the incorporation, it may help users discover new rules due to the set elements
in the rules.

In addition, meta-attribute could be applied on some applications where the
number of outcomes is numerous and the meta-attribute is meaningful. The
benefit of meta-attribute representation is that it could transfer the original
attribute into higher level concept and that could reduce the number of outcomes.
In this paper, a meta-attribute algorithm is proposed to transform the categorical
attribute values into digital numbers and the range of the digital numbers are
used to indicate the meta-attribute.

2 Preliminaries

Traditionally, the induction biases used in decision tree is to employ Occam’s
razor. Smaller trees are preferred, because they are easier to understand and
may also have higher predictive accuracy. In essence, different attribute selec-
tion sequences will lead to different decision trees. Hence, the attribute selection
criteria plays an important role in tree-building phase. Although the goal is to
find the smallest tree, it is a NP-complete problem to find the smallest one.



In practice, greedy algorithms based on local search are used to yield reason-
able trees in reasonable time. In the followings, two decision tree construction
mechanisms are described.

2.1 ID3

The goal of classification decision trees is to construct a classifier from the given
training data and predict the class label of unknown data. The classifier classifies
the training data based on the homogenous level of the data. The more similar
they are, the most likely they will be grouped on the same class. Thus, the
attribute which could classify the data into homogeneous group will be preferred
when constructing decision trees. ID3 adopts information gain to evaluate the
level of homogeneous among the data. The one with the highest information
gain is selected as the interior node. In theory, the information gain is based on
entropy which could be used to measure the uncertainty of a random variable.
The entropy H(X) of a random variable X is defined by:

Entropy(X) = — Z P(x)log P(x)
reX

In decision tree, supporse that there are IV, instances reaching node m, and
N} belongs to class C;. The entropy of node m will be: (p?, is the probability
of Cl)

_Nn
TN,

Iy ==Y _pl,logp,
=1

In ID3, the information gain is based on the impurity after the splitting.
Assume that the number of instances taking branch j is N,,; and Ny,; belong
to C;. The impurity after the splitting will become:
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k: number of class
{: number of branch

The information gain of the split at node m is I,,, — I;n. Each attribute could
obtain its information gain and the highest one will be selected as the interior
node.

In each partition, ID3 follows information gain criterion recursively to choose
the interior node until the partition belongs to the same class or there are no
new instances left. When ID3 is applied on the“Play Tenni” example as shown
in Table 1, “Outlook” will be the root of the tree, since the information gain of
“Outlook” is higher than “Humidity” and “Wind”. The value of “Outlook” will
be the arc to the child nodes and the information gain evaluation is applied again
on the remaining attributes to choose the root node of the descendent. Fig. 1
shows the final decision tree and the rules could be generated from the root
node to leaves using conjunction logic operation on the attribute-value pairs.
The rules generated from the examples are:

— IF Outlook = “Sunny” AND Humidity = “Normal” THEN PlayTennis =
((Yes77

— IF Outlook = “Sunny” AND Humidity = “High” THEN PlayTennis = “No”

— IF Outlook = “Overcast” THEN PlayTennis = “Yes”

IF Outlook = “Rain” AND Wind = “Weak” THEN PlayTennis = “Yes”

IF Outlook = “Rain” AND Wind = “Strong” THEN PlayTennis = “No”

The drawback of ID3 is that it favors the attribute with many outcomes
when applying information gain. As shown in Table 1, “Day” attribute includes
15 attribute values. If “Day” attribute is taken into account in ID3 algorithm,
it will have the highest information gain and there will have 15 rules where the
conditions of all the rules contain only “Day” attributte. C4.5 [3] overcomes this
problem by using normalization on information gain.

2.2 C4.5

C4.5 is an extension of ID3 that accounts for unknown values, continuous at-
tribute values, pruning, and so on. It adopts gain ratio as the selection criteria
to overcome some drawbacks of ID3. It takes into account the number of the
elements in the subset and it defines a variable “Split Info”.

k
SplitInfo(m) = — Z |

i=1

]
m

[Non|

[ Nonl
m

[ Non|

x logs ( )



Table 1. Play Tennis Example Data

|Day| Outlook |Temperature|Humidity| Wind |Play Tennis|

D1| Sunny Hot High | Weak No
D2 | Sunny Hot High |[Strong No
D3 |Overcast Hot High | Weak Yes
D4 | Rain Mild High | Weak Yes
D5| Rain Cool Normal | Weak Yes
D6 | Rain Cool Normal |Strong No
D7 |Overcast Cool Normal |Strong Yes
D8 | Sunny Mild High | Weak No
D9 | Sunny Cool Normal | Weak Yes
D10| Rain Mild Normal | Weak Yes
D11| Sunny Mild Normal |Strong Yes
D12|Overcast Mild High |[Strong Yes
D13|Overcast Hot Normal | Weak Yes
D14| Rain Mild High |[Strong No

This represents the potential information generated by dividing N,, into
k subsets, whereas the information gain measures the information relevant to
classification that arises from the same division. Then, gain ratio expresses the
proportion of information generated by the split that is useful and it is defined
as follows:

GainRatio(m) = gain(m)/SplitInfo(m)

The attribute with the maximum gain ratio is selected as the interior node.
According to Quinlan’s experiment [3], the gain ratio criterion is robust and
typically gives a consistently better choice of test than the gain criterion [1].

3 Multivalued Decision Tree

As described above, ID3 prefers the attributes with many outcomes and C4.5
overcomes this problem by using normalization of the information gain. Although
the normalization could reduce the bias of attributes with many outcomes, it is
still possible to choose the attribute with many outcomes as the interior node
in some circumstances. The number of rules generated by the decision tree is
associative to the number of selected attribute values. When the attributes with
many outcomes are selected as the internal node, the number of rules will be-
come numerous. However, the attribute with many outcomes is very common
in real applications. In the following, two multi-value attribute scenarios will be
described.



Fig. 1. “Play Tennis” Example Decision Tree

3.1 Scenario 1

In practice, when gain ratio criterion is applied on attributes selection, the at-
tribute with many outcomes will reduce its overall gain ratio even though the
attribute consists of some values that could divide the original data into homoge-
nous subsets. For example, as shown in Fig. 2, the node .S includes 300 positive
instances and 150 negative instances and it could be partitioned into 10 subsets
(S1, Sa,..., S10) based on the attribute A’s values A;, As,..., A1p. The number of
positive and negative instances for each subset is listed below. In this example,
when computing the gain ratio of attribute A at node S, two possibilities exist:

1. If the gain ratio of attribute A at node S exceeds other attributes, attribute
A’s values will be selected as the splitting criterion and it will partition the
original set into 10 subsets.

2. If the gain ratio of attribute A at node S does not exceed other attributes,
attribute A will not be selected even though the subset Sig is an approxi-
mately homogenous group.

In this paper, a binary splitting algorithm is proposed to simplify the splitting
and that could reduce the number of outcomes.

3.2 Scenario 2

In addition to scenario 1, meta-attribute characteristic exists in many applica-
tions. For example, when the system performs knowledge discovery process on



Entropy(S) = 0.9183
Gain(S,A) = 0.13135
SplitInfo(S, A) = 2.9146
GainRatio = 0.045

+:300

+20 +20 +20 +20 +10 +10 490 +:20 +:10
=10 10 =10 -10 -10 -20 .20 -20 -:20

Fig. 2. Decision tree splitting node with 10 outcomes

the user profile database to find out the user behavior patterns, address infor-
mation may be included in the analysis. In practice, city is one of the address
attributes and the number of cities may be over hundreds. Instead of adopt-
ing city attribute directly, meta-attribute concept could be applied to reduce
the number of attribute values. The grouping of the attribute value could make
the attribute value become more general concept and that may provide more
meaningful information as well. In this paper, an algorithm which adopts meta-
attribute to solve multi-values issues is proposed.

4 Binary Categorical Splitting

In this paper, a binary categorical splitting heuristic approach is proposed to re-
duce the number of subsets when the application contains attributes that consist
of many outcomes. The approach proposed in this paper splits the original set
into two subsets. One of the subsets is based on one of the attribute values and
the other is based on its complement. The gain ratio is adopted to represent the
homogenous level. For the node containing attribute with N values, there will
have N pairs. The highest gain ratio among these pairs will be selected. For ex-
ample, in the tree structure of the Fig. 2, there are ten paris (A1, NOT A;), (As,
NOT As), ..., and (A1p , NOT Ajp) and their corresponding subsets are (St
S—51), (S2,8—53), ..., and (S10, S — S10 ) respectively. Fig. 3 and Fig. 4 show
the result when the splits are applied on A; and Aig respectively. The gain ra-

S
+:150
-:20



tios of all the partitions could be computed and the highest one will be selected
as the splitting node. Therefore, A;g and NOT Aoy will be selected and the
splitting becomes a binary categorical splitting and the gain ratio is higher than
the original splitting. When this heuristic approach is applied on the nodes with
many outcomes, it could simplify the number of outcomes and the complement
operation sometimes may help users discover new concept group. Algorithm 1
and Algorithm 2 are the algorithms that construct the binary splitting decision
tree. The advantages of this approach are as follows:

1. It could simplify the rules (including the number of rules and tree structure).

2. It may discover new concept group from the complement of the attribute
value.

3. Algorithm 2 could incorporate with other decision tree algorithms and apply
complement operation at specific nodes.

Entropy(S) = 0.9183
Gain(S,A) =0 +300
SplitInfo(S, A) = 0.3534 150
GainRatio =0

S, Entropy=0.9183 Entropy=09183 Si
+:20 +:280
-:10 -:140

Fig. 3. Decision Tree Splitting on A; and Not A;

5 Meta-Attribute Grouping

In addition to the binary categorical splitting approach described above, meta-
attribute could be applied on the circumstances where the number of attribute
values is numerous and meta-attribute could provide meaningful attribute. For



Entropy(S) = 0.9183
Gain(S,A) =0.1 +:300
SplitInfo(S, A) = 0.9572 150
GainRatio = 0.104

SIO Entropy=0.996 Entropy=0.523 Slo
150 +150
~130 =20

Fig. 4. Decision Tree Splitting on A9 and Not A,

Algorithm 1 Decision Tree Generation Algorithm

procedure GenerateTree(X)

1: if NodeEntropy(X < ) then

2 Create leaf labeled by majority class in X
3 return

4: end if

5: ¢ « Split Attribute(X)

6: for all branches of X; do

7 Find X; falling in branch

8 GenerateTree(X;)

9: end for
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Algorithm 2 Decision Tree Attribute Split Algorithm
procedure Split Attribute(X)
1: MinEnt — MAX

2: for all attributesi=1,...,d do

3:  {assume that X; is discrete with n values}
4:  Split X into X1,..., X, by X;

5. for j =1tondo

6: e « SplitEntropy(X;, NotXj;)
7 if (e < MinEnt) then

8: MinEnt «— e

9: bestf — i

10: end if

11:  end for

12: end for

13: return bestf

example, city information could be grouped into another higher level attributes
such as province or area. In some countries, the number of cities is hundreds
and that may lead to some biases during tree construction. If province is a
higher concept of city, the city could be group into its corresponding province
and the number of outcomes will decrease dramatically. Furthermore, province
information could be grouped into another higher level concept such as area and
the number of outcomes will be less than 10.

In addition, it could provide meta-knowledge information on the result due
to the aggregation characteristic. However, these categorical data could not be
grouped directly, so some preprocessing steps are required. The mapping steps
are described as follows:

1. Make a mapping table to store the categorical names and their mapping
digital numbers.

2. Order the attribute mapping digital numbers based on the grouping of their
meta-attributes. As shown in Fig. 5, there are attribute values a1, as, ..., an, b1, b2, ..., by, €1, C2, ...; ¢
and ai,as,...,a, belong to meta-attribute A, by,bs,..., b, belong to meta-
attribute B and c1, ¢, ..., ¢, belong to meta-attribute C'. Thus, the mapping
digital number of a1, as, ..., a,, could be defined as 1, 2, ..., n or the other group
of consecutive digital numbers. The mapping digital number of by, bo, ..., by,
could be defined as n + 1,n 4+ 2,...,n + m or the other continuous digital
numbers that do not intersect with the other groups.

3. Transform these categorical attribute values in the data set into their map-
ping digital numbers and store the mapping information in the mapping
table created in Step 1.

After the above mapping steps, the attribute within the same meta-attribute
could be grouped together, so the range of the digital number could be used
to represent splitting criterion. As shown in Fig. 6, categorical attribute values
in Fig. 5 could be transformed into numerical value first. After the transforma-
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tion, every categorical attribute values could be dispatched to specific group by
considering the range group of their corresponding digital number.

Atwibute @, @, .. a, b, b, ¢, ¢, . c

Mapping Number 1 2 n n+l n+2 n+m n+m+1 n+m+2 n+m+r

Fig. 5. Mapping between the attribute values and the digital numbers

6 Experiment

In this section, a ”sunburned” example is used to demonstrate the use of comple-
ment attribute values. Table 2 shows that, there are name, hair, height, weight,
lotion attributes and a class label (sunburned or none) for each record. Fig. 7
shows the result of decision tree using C4.5 algorithm and the number of rules is
4. In the other hand, the complement operation is applied and Fig. 8 shows the
final result. Compare the final rules generated by these two models, two rules
in Fig. 7 are replaced by one complement rule in Fig. 8. The original rules de-
scribe the color of hair in a specific way (red and blonde) while the complement
one describes the color in a set way (not brown). Instead of specific meaning,
set representation provides more general concept and that may help the users
discover new concept from the complement operation. Furthermore, the “Spli-
tAttribute” procedure described in Algorithm 2 could be modified to incorporate
with other decision tree algorithms. Binary categorical split is applied only when
some criterion meets and the others adopt original splitting algorithms.

In many countries, the number of countries is over hundreds. In Taiwan,
there are 15 cities and there will have 15 branches if city attribute is selected
as a splitting criterion. In general, Taiwan cities could be categorized by their
geographical location. Based on the geographical location, the attribute name
could be transformed into corresponding digital number as shown in Table 3.
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Fig. 6. Decision tree numerical attribute values

Sunburned

None

Sunburned

Fig. 7. Decision tree using C4.5

n+mn+m+k x<n+m+r



13

Table 2. Sunburned Example Data

|ID|Name| Hair | Height |Weight |L0tion| Result |
1 [Sarah|Blonde|Average| Light No [Sunburned
Dana|Blonde| Tall |[Average| Yes None
Alex |Brown| Short |Average| Yes None
Annie|Blonde| Short |Average| No |Sunburned
Emily| Red |[Average| Heavy | No |Sunburned
Pete |Brown| Tall | Heavy | No None
John |Brown |Average| Heavy | No None
Katie|Blonde| Short | Light | Yes None

0 O Uk Wi

Table 3. Taiwan City
List

|City Name|ID|Location|
Taipei 1| North

Yilan 2 | North
Taf)yuan 3| North Table 4. Taiwan City Ordering Table
HsinChu | 4 | North
TMi:;oli 2 é\lorthl [Location| ID Range |
aichung entra
<
ChangHua| 7 | Central Cll\je(r)ll;?;l 6 LDI]SE 3
Nantou | 8 | Central = =

South |9 <ID <13

Yunlin | 9| South East |14 < ID < 15

Chiayi |10| South
Tainan |[11| South
Kaohsiung|12| South
PingTung |13| South
Taitung [14| East
Hualien |[15| East

Table 4 shows that the location of the city could be identified from the range of
“ID” value. For example, if the “ID” is less than 6, it could be transformed into
“North”. Fig. 9 shows the reduced decision tree where the number of branches
becomes 4.

7 Conclusion

In this paper, two algorithms are proposed to reduce the number of outcomes
when the number of attribute values is numerous. In the first binary categorical
splitting algorithm, node splitting is based on attribute value and its complement
value. Gain ratio is used to compute the homogenous level and the highest
pair will be selected as the splitting criterion. Instead of a specific attribute
value splitting approach, it performs the splitting in set way. In addition to
the simplification of the tree structure, it may help users discover unknown
concept from complement operations. Moreover, complement operation could
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Sunburned Sunburned

Fig. 8. Decision tree using complement operation

Fig. 9. Branches of the decision tree after the transformation
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also be incorporated with existing decision tree splitting algorithms to reduce
the complexity of outcome at specific node.

As for meta-attribute grouping, some attributes could be grouped into higher

level concept practically. In this paper, the categorical attributes are transformed
into digital number and the order of these digital numbers are based on their
meta-attribute concepts. Thus, the range of the digital number could be used to
represent the meta-attribute. The benefit of this approach is that it could provide
more conceptual representation and it could reduce the number of outcomes
dramatically.
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