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record must be classified without exceeding the spending cost threshold. Unlike previous
studies, however, in which records were classified with only a single condition attribute, in
this study, we are able to simultaneously classify records with multiple condition attri-
butes. An algorithm is developed to build a cost-constrained decision tree, which allows
us to simultaneously classify multiple condition attributes. The experimental results show
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1. Introduction

Classification, which is a data mining task, necessitates the building of a model or a classifier for a given set of pre-clas-
sified examples in order to classify categories of new events [19]. Of the numerous approaches, decision trees are probably
the most common of the classification models [1,7] and have been successfully used in various applications, including med-
icine, manufacturing, production, financial analysis, astronomy, and molecular biology [5]. Existing studies have identified
several advantages to the use of decision trees: no domain knowledge is needed for classification, they are able to handle
high dimensional data, they are intuitive and generally easy to comprehend, they are simple and fast, and they have good
accuracy [5].

Basically, a decision tree is nothing but a directed acyclic graph containing a root, a set of nodes, and a set of edges. Within
the decision tree, an internal node denotes the test of a decision attribute, a branch represents the outcome of this test, and a
leaf node is associated with a condition attribute label. Fig. 1 shows a decision tree with the condition attribute “B_Car”,
which indicates whether a customer will buy a car or not (1 = buy; 0 = not buy).

Most decision tree algorithms are designed for the classification of data with a single condition attribute. In many real
world applications, however, we need more than one condition attribute per record. For example, a bank not only needs
to evaluate a customer’s credit rating but also needs to be able to predict his/her likelihood to ask for a loan in the near fu-
ture. In medical diagnosis, the doctor needs to diagnose many kinds of diseases based upon test results and patient symp-
toms. In both cases, it is necessary to predict the values of multiple condition attributes according to a given set of decision
attributes.

To the best of our knowledge, no previous decision tree studies have ever addressed the issue of classifying multiple
condition attributes. This is not surprising, because if no costs are associated with the decision attributes or if there are
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Fig. 1. Example of a decision tree.

no budgetary concerns, the multiple condition attributes problem can be solved independently by building a decision tree for
each condition attribute. For example, if the physician needs to ascertain the potential for four different kinds of disease,
there is no need to build a decision tree to determine all four disease potentials simultaneously. Instead, separate decision
trees can be built to determine each of these four diseases.

Unfortunately, building independent decision trees for each condition attribute does not work when classifying multiple
condition attributes under a total budgetary constraint. The difficulty lies in the fact that these decision trees may share
some common decision attributes. For example, when determining multiple disease potentials there may be some common
tests that can be used. The first time the test is done, we, of course, need to expend money to obtain it. Afterwards however,
the previously obtained test results can be used to determine other potential diseases without accruing any additional cost.
In other words, the cost of a test occurs only once, no matter how many times its results are used. In these types of situations,
traditional approaches may encounter the following difficulties:

(1) It is difficult to determine how much of the budget should be allocated to classifying a condition attribute since there
are numerous budget allocation combinations for the condition attributes.

(2) Since the test results can be shared by multiple decision trees, these trees are not independent. Due to their inter-
dependency, they cannot be built independently.

To minimize these difficulties, we develop an algorithm which can be used to build cost-constrained decision trees to
classify multiple condition attributes. Our algorithm can assign a future record a label for each condition attribute, without
spending more on test costs. The structure and termination condition of the nodes in the decision tree are also altered to
adapt to this context. Fig. 2 shows an example of a cost-constrained decision tree with two condition attributes, B_Car
and Credit. In this tree, a label can be assigned to a condition attribute at an internal node, if the data in this node is discrim-
inating enough to determine the label (e.g., n3,ns,ng). A leaf node may include either one label (e.g., n7,112,n17) or two labels

(e.g., nyg,Nyg,Nog).

nio

{(Credit, 1)}| | {(Credit, 0),
(B_Car, 0)}

high hig low
np nig nig 120
. . . {(Credit, 0), {(Credit, 1),
{(Credit, 1)} {(Credit, 0)} {(Credit, 1)} (B_Car, 1)} (B_Car, 1)}
medium medium medium
ny3 3 9
. {(Credit, 0),
{(Credit, 1)} {(Credit, 0)} (B_Car, 1)}

Fig. 2. Example of a cost-constrained decision tree with multiple condition attributes.
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This study makes two significant contributions. First, we model a new decision tree problem, classifying multiple condi-
tion attributes under a cost constraint. Second, an algorithm is developed to solve the proposed problem. The remainder of
this paper is organized as follows. We first review some related work in Section 2. In Section 3, we formalize the problem
then introduce the algorithm in Section 4. The performance evaluation is presented in Section 5. Conclusions and suggestion
for future work are discussed in Section 6.

2. Related work

Many algorithms have been developed for decision tree induction. In most of these methods, an attempt is made to max-
imize classification accuracy without any consideration to cost; see for example, ID3 [14], C4.5 [15], CART [2], Quest [10], and
GATree [13]. Since classification in real world applications may involve different types of costs, such as misclassification
costs or test costs, much attention has been given to the cost-sensitive classification issue in recent decades. Discussions
of misclassification costs include [3,4,6]. Additionally, [11,12,16] have tried to balance classification accuracy and test costs.
In recent years, more and more attention has been focused on both misclassification costs and test costs, such as in
[8,9,17,18]. Instead of information gain, in the studies mentioned above, the sum of the misclassification and test costs
has been used as the splitting criterion for attribute selection. In some of these studies cost has been taken as an adjustment
function, in others cost has been regarded as a constraint, while in others, any kind of cost has been disregarded. All in all,
whether cost-sensitive or not, all these algorithms only classified a target record with a single condition attribute. As a con-
sequence, no previous algorithms have been able to solve problems where there are multiple condition attributes and where
a total cost constraint is specified.

3. Problem definition

Decision tree induction involves the building of a decision tree from a training dataset D, which consists of a collection of
records. A record dy, which is the kth record in D, consists of a number of decision and condition attribute values, as indicated
by the tuple in Fig. 3. It can be seen that there are m decision attributes and n condition attributes; a, (dy) is the value of the
xth decision attribute in dy, while ¢, (d) is the label of the yth condition attribute in d,. An example, training dataset D is
shown in Table 1. Within the training dataset in Table 1, “Age”, “Income”, and “Student” are decision attributes that can
be tested, while “Credit” and “B_Car” are condition attributes that must be determined.

A decision tree T is a directed acyclic graph that contains a root, a set of nodes, and a set of edges. Fig. 2 shows a decision
tree built from the training dataset in Table 1. We use n; to denote the ith node in decision tree T. An internal node n; in the
decision tree is associated with a decision attribute s (n;), which splits n;. For example, in Fig. 2, n; and ns are internal nodes,
where s (n;) = “Age” and s(n3) = “Income”.

An important difference between our decision tree and traditional decision trees is that the labels for the condition attri-
butes can be determined at an internal node if this internal node’s data is discriminating enough. Let CLpair be a pair com-
posed of a condition attribute and its assigned label. A CLpair takes the form of (c,,l,), where c, is a condition attribute and I,
is a label of c,. For example, consider node ns in Fig. 2 containing CLpair (“B_Car”, 1). This means that label 1 is assigned to
condition attribute B_Car at node ns. For any node n; in a decision tree, we use L (1;) to denote the set of CLpairs attached to n;,
and O(n;) to denote the set of condition attributes that have not yet been determined in node n;. Semantically, L(n;) indicates

La@ | o Jado | a@ | . | cido |

Fig. 3. Record format.

Table 1

Training data set D.

Record Age Income Student Credit B_Car
d; <=30 High No 0 0
d> <=30 High No 1 0
ds 31---40 High No 0 1
dy >40 Medium No 0 1
ds >40 Low Yes 0 1
de >40 Low Yes 1 0
d; 31---40 Low Yes 1 1
dg <=30 Medium No 0 0
dg <=30 Low Yes 0 1
dio >40 Medium Yes 0 1
diq <=30 Medium Yes 1 1
di 31---40 Medium No 1 1
di3 31---40 High Yes 0 1
dig >40 Medium No 1 0
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which labels have been assigned to which condition attributes in node n;, and O(n;) are the remaining condition attributes
that still have no values in node n; For example, O(n;)={"“Credit”, “B_Car”} and L(n;)=¢, O(ns3)={"Credit”} and
L(n3)={(“B_Car”, 1)}, O(ni0) = ¢ and L(n,q) = {(“Credit”, 0), (“B_Car”, 0)}.

There are many edges in a decision tree. We use an ordered pair (n;, n;) to denote an edge that links nodes n; and nj;, where
n; is the father node of n;. Either a single value or an interval of values of s (n;) is assigned to edge (n;,n;) to represent the test
conducted there. For example, (14, n3) in Fig. 2 is an edge that links n; and ns. The interval “30- - -40” is assigned to this edge
to represent the condition that the age must be fall within the interval “30---40".

As mentioned above, a decision tree is built from a training dataset D. Initially, all records in D are located at the root of
the decision tree. Afterwards, the dataset is partitioned according to each node’s tested attribute. The distribution of the re-
cords in Table 1, with respect to the decision tree in Fig. 2 is shown in Fig. 4.

We use D, to denote the set of records dy located in node n;. In Fig. 4 for example, we have D,, = {ds4,ds,ds,dyo,d14} and
Dy, = {dy,d,,dg}. We use Dy (ax=v) to denote the subset of records dy € D, satisfying a, (di)=v. For example,
Dy, (“income” = “high”) = {d;,d,}. In addition, we use Dy, (c, =) to denote another subset of dy € D,, satisfying c, (di)=1.
For example, D,, (“B_Car” = 0) = {ds,d14}.

Conducting tests on decision attributes always creates costs. TestCost(a,) represents the cost of conducting a test for deci-
sion attribute a,. In Table 2, we set test costs for all the decision attributes in Table 1.

The total test cost for a record accumulates as this record goes through the internal node. Thus, we use ArrCost(n;) to de-
note the total cost required for a record to travel from the root to node n;. For example, in Fig. 2, the value of ArrCost(ns) is 16.

Given a training dataset with multiple condition attributes, the problem of building a cost-constrained decision tree with
multiple condition attributes can be defined as building a decision tree that maximizes the classification accuracy of all con-
dition attributes. Additionally, the total cost of classifying a record cannot exceed a given threshold maxcost.

4. The algorithm

In this section, we propose a new algorithm to classify multiple condition attributes with a cost constraint. The outline of
our algorithm is shown in Fig. 5. The framework looks like C4.5, however, to adjust to the context of the new problem, we
propose a new splitting criterion, a new node structure, and an additional adjusting phase. In this section, we demonstrate
our algorithm by using it with the training dataset shown in Table 1. The test cost of each attribute is listed in Table 2 and the
total cost maxcost is set at 16.

The new splitting criterion, the multi-dimensional information gain, is the most important part of the new algorithm and
will be introduced in Section 4.3. It stems from two other concepts, information need and distance, which are discussed in
Section 4.2. Furthermore, to formally define the information need, we must transform a set of condition attributes into a

ny
dy, ds, dg,
dy, dis

high, low
np noo
ds, dg
n3 nie nig
dll ds dl(l

Fig. 4. Distribution of records in a decision tree.

Table 2

Test costs of decision attributes from Table 1.

ay TestCost (ay)
Age 6

Income 5

Student 10
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Input:

Training dataset D,

Test cost of each decision attributes TestCost(a,) ,
Threshold of total test cost maxcost,

Label assignment threshold &

Terminal node threshold ¢

Output:
A cost constrained decision tree with multiple condition attributes.

Process:
1. Build an initial tree
1.1. Starting with a single node, root
1.2. For each non-leaf node, n;
1.2.1. Perform label assignment test to determine if there /* see Section 4.5
are any labels that can be assigned.
1.2.2. Select an attribute according to splitting criterion to /* see Section 4.4
further split n;.
1.2.3. If terminal condition is satisfied, stop splitting and /* see Section 4.6
assign n; as a leaf node.
2. Update the bottom nodes in the tree built in stepl. /* see Section 4.7

Fig. 5. Outline of our algorithm.

multi-dimensional attribute. The transformation is described in Section 4.1. Finally, all other details are given in Sections
4.4-4.6 and 4.7.

4.1. Multi-dimensional attribute (MDA)

For node n;, let O(n;) = {cy,¢c3,. . .,Cw} be the set of condition attributes that have not yet been determined in node n;. In this
way, we can transform the attribute set O(n;) into a multi-dimensional attribute (MDA). For example, O(1;) = {c1,Ca, . . .,Cy} iS
transformed into Cypam,) = (€1,C2, . . ., Cw). Accordingly, the labels of a record dj in n; can be represented as an MDA label,
which is a vector with w elements. Thus, we have Cypag,) (dk) = (¢1(dk), C2(dk), - . ., cw(dk)), where ¢, (dy) is the label of ¢, in
di. We use MDL(n;) to denote the set of all possible MDA labels in n;, and let mdl,(n;) be the zth MDA label in MDL(n;). In
our example, since O(root) = {“Credit”, “B_Car”}, we have cyparoor) = (“*Credit”, “B_Car”), MDL(root) = {(0,0),(0,1),(1,0),(1,1)},
mdly(root) = (0,0), mdly(root) = (0,1), mdlz(root) = (1,0), and mdly(root) = (1,1). Therefore, the training dataset in root can be
transformed into the form seen in Table 3.

4.2. Information need and distance

After transforming the condition attributes into an MDA, the information need proposed in ID3 can be applied. Therefore,
the expected information for the labels in n; can be given by Info(D,,) = lez“i?””"”pzlogz (p,), where p, is the probability of an
arbitrary record in D,, with label mdl,(n;), and is estimated by

[records with label mdl,(n;) in Dy,]

D,

Table 3

Transformed root records.

Record Age Income Student (Credit, B_Car)
d; <=30 High No (0, 0)
d> <=30 High No (1,0)
ds 31.--40 High No (0, 1)
dy >40 Medium No 0, 1)
ds >40 Low Yes 0, 1)
ds >40 Low Yes (1,0)
d; 31--40 Low Yes (1, 1)
dg <=30 Medium No (0, 0)
dg <=30 Low Yes 0, 1)
dqo >40 Medium Yes (0, 1)
diq <=30 Medium Yes (1, 1)
di 31---40 Medium No (1, 1)
dq3 31--40 High Yes (0, 1)
dig >40 Medium No (1, 0)
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In Table 3, there are four different MDA labels (0,0), (0,1), (1,0), and (1,1) in MDL(root), and their ratios are 2/14, 6/14, 3/14,
and 3/14, respectively. Therefore, the value of Info(D;,) is 1.877.

Traditional information need, however, does not reflect the distance between two MDA labels, which may cause bias. For
example, let us look at the two datasets shown in Fig. 6. The information needs of the two datasets are identical. In D, how-
ever, all ¢; labels are the same, while in D,, the ratio of ¢; labels for 1 and 0 is 50:50. It is clear that D, is better than D,,
because D; can more easily correctly classify c; than D,. For this reason, the distance within a dataset should be considered
for the traditional information need.

To estimate the average distance within a dataset, we first define the distance between two records. Suppose d; and d, are
two records in n; and O(n;) = {c1,C,...,Ccw). Disy(di,d>), the distance between these two records in n; is defined as

2O here ¢ (dy) @ ¢(dy) = 0 if ¢(dy) = ¢,(da), else ¢,(dy) & ,(dz) = 1, and w is the number of elements in O(ny).

Consider the sample dataset D,, shown in Fig. 7. If O(n;) = {c1,c,}, the distance between d; and d; is %ﬂf*d) =1
The average distance within a dataset ADis(D,,) is the average distance between any two records in this dataset. Let d; and

dy be the jth and kth record in D,,, respectively. Now, we define the function of ADis(Dy,) as
D,

| .
. 2t 2okej(Disn,(dj, di))
ADis(Dy,) = [Dn,| % (IDn,| = 1) X% .

Although the above formula is correct, the computation may be time-consuming for large datasets. Since many labels in the
training dataset are the same, the number of different labels is usually much smaller than the total number of all records.
Therefore, we can rewrite the original definition of ADis(D;,) based on the distance between two MDA labels.

The distance between two MDA labels mdl;(n;) and mdl,(n;) is defined as Dis(mdl; (n;), mdl, (n;)) = Disy (d1,d>), where d,
and d, are any two records in node n; with MDA labels mdl, (n;) and mdl, (n;), respectively. Therefore, the original definition
of ADis(D,,) can be rewritten as

ADis(Dy,) = ‘Mf‘jm Z(Dis(mdlj(ni),mdlk(ni)) x w(mdl(n;), mdl(ny))), (1)
j=1 k<j

w(mdl; (n;), mdle (n;)) is the weight of the distance between these two MDA labels and w(mdl;(n;), mdl(n;)) =
IDn; (Cmpany) =mdl; (7)) % Dn; (Cppa(ny) =mdl (n))|
|Dn,v\><(‘Dni‘*])><% :
Consider the two datasets in Fig. 6. Although their information needs are identical, their average distances are different,
ADis(D,) = 0.33 and ADis(D,) = 0.67.

4.3. Multi-dimensional information gain

To classify multiple condition attributes, we propose a multi-dimensional information function, MDInfo. MDInfo is a mod-
ified version of the information need that uses the average distance as an adjusting factor to reflect the distance within a
dataset. MDInfo(Dy,), the multi-dimensional information function of the dataset D,,, is defined as

i

MDInfo(D,,) = ADis(Dy,) x Info(Dy,). 2)
D, D,
Info(D,) =1 Info(D,) =1
a1 (1,1
a1 a1
(1,0) 0,0)
(1,0) (0,0)

Fig. 6. Two sample datasets.

Record

Fig. 7. Sample dataset.
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Returning to the training dataset in Table 1, we now have Info(D,,.) = 1.877, and we can obtain the average distance within
the records in root using Eq. (1). There are four different classes (0,0), (0,1), (1,0), and (1,1) in MDL(root), and their numbers
are 2, 6, 3, and 3, respectively. Therefore, we obtain ADis(D,..) = 0.51 and MDInfo(D,.) = 0.96.

After evaluating the MDInfo value of the dataset in a node with Eq. (2), we then split the node and partition the dataset
using the decision attribute with the smallest MDInfo value. Suppose V, = {1, %x2, . . .}, which is the set of all possible values of
decision attribute a,. The dataset D,, can be partitioned into |V,| disjoint subsets. The MDInfo value of partitioning D,, with

decision attribute a, can be evaluated by MDInfo, (Dy) = 5% ‘D"(‘”,% x MDInfo(Dy, (ay = vy)).

For example, let us partition the dataset in root D,,,: With the decision attribute “Age”. Three sub-datasets are formed after
Dyoor is partitioned, as shown in Fig. 8. The values of MDInfo are 1.15, 0.33, and 0.58, respectively. Therefore, MDInfo-pge-
(Dyoot), the MDInfo value of partitioning D,,, with “Age”, is 0.71.

We use a multi-dimensional gain function MDGain,, (D,,) to evaluate the gain of conducting a test on ay in n;, where
MDGain,, (Dy,) is defined as MDGain,, (Dy,) = MDInfo(D,,) — MDInfo, (D,). Therefore, MDGain-age+(Dyoo), the gain of conduct-
ing a test on “Age” in D,y is 0.25.

4.4. Splitting criterion

The splitting criterion for our algorithm is shown in Fig. 9. For each non-leaf node, we select a decision attribute under the
cost constraint maxcost. Since the total cost is limited, we select the decision attribute with the best gain/cost ratio.

In our example, for the training dataset in Table 1, in order to select a decision attribute to split root, we compute the
multi-dimensional information gain for each decision attribute. As a result, MDGain-age"(Droor) = 0.25, MDGain“income"(Droot) =

—0.01, and MDGain-ssydent"(Droot) = 0.10. Since ArrCost(root)=0 and the maximum cost threshold maxcost = 16, all these attri-

MDGain-pge- (Droot ) ~ 0.04, MDGainincome (Droot) -,

butes satisfy the cost constraint. Next, we compute the gain and cost ratio and get TestCost(“hge™) T » TestCostCmeame

—0.002, and gogstsudenc (et ~ 0.01. Thus, “Age” is the most economical decision attribute to split root with. For each node

n; splitting from n;, the initial states of n; are L(n;) = ¢ and O(n;) = O(n;). Fig. 10 shows the temporary decision tree after split-
ting the root, where root is the first node n, in this decision tree.

We adopt the strategy used by C4.5 for dealing with the problem of numeric data and missing decision attribute values.
Accordingly, we will split a numeric decision attribute into two branches by testing all possible split-points. Suppose there
are n different values vy, 15, .., v, for a numeric decision attribute, where ; > y; for i > j. This means that n — 1 possible split-
points #1572 22203 Paolbtn w1ll be tested. The point which maximizes the gain/cost ratio is selected as the split-point of the
numeric dec1510n attrlbute On the other hand, records which contain missing values for the tested attribute are partitioned
and distributed into different branches according to the relative frequency of known values.

D, ("age'="<=30") D, ("age"="31..40") D, ("age"=">40")
d; 0 0 d; 0 1 dy 0 1
d, 1 0 d; 1 1 ds 0 1
dg 0 0 dyy 1 1 dg 1 0
dy 0 1 dyz 0 1 dy 0 1
dy 1 1 dyy 1 0

Fig. 8. Three datasets produced by partitioning D;,or.

For each non-leaf node n;
If there exists any decision attribute a, where
ArrCost(n,.)+TestC0st (aK)S maxcost and MDGain, (D
Select an attribute a,” which has the maximum value of
MDGaina\,(Dm )/ (TestCost (a,')+1) from decision attributes
which satisfy the total cost constraint to further split node n;.

)>0

n;

Else
Assign n; as a leaf, n; will be labeled with the major labels of records in n;.

Fig. 9. Splitting criterion.
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ArrCost(ny) =6 ArrCost(nz) =6 ArrCost(ng) =6

Fig. 10. Temporary decision tree after splitting the root.

4.5. Label assignment test

Table 4 shows D(n3) which is the dataset in node ns. In D(n5), all labels of the condition attribute “B_Car” are 1. Thus, the
records in ns can be classified as “B_Car=1" and the condition attribute “B_Car” can be eliminated from ns.

Before selecting an attribute to further split a node, we first perform a label assignment test. For the records in node n;, let
ml(n; c,) be the majority label of condition attribute c,. If the ratio of ml (n; c,) exceeds the label assignment threshold 0, mi
(n;cy) can be assigned and ¢, can be eliminated from n;. That is, L(n;) = L(n;) U (c,,ml(n; ¢cy)) and O(n;) = O(n;) — ¢, After the
label assignment test, L(ns) = {(“B_Car”, 1)} and O(n3) = {“Credit”}.

4.6. Termination condition

A node n; will stop splitting and be labeled a leaf node when one of the following conditions is satisfied: (1) after label
assignment, no condition attributes are left in n;. In other words, O(n;) = ¢. (2) According to the splitting criterion in Section
4.4, no attribute can be selected for further splitting. (3) The number of records in n; is less than the terminal node threshold
. In this case, n; is labeled with the records’ majority labels in the parent node of n;. Fig. 11 shows the output of the first step
obtained using our algorithm. We use a square to represent a leaf node. There are seven leaf nodes and the budget does not
allow any beneficial tests.

4.7. Updating the bottom nodes

In the initial decision tree, those nodes whose descendants are all leaves are called bottom nodes, such as n, and ns in
Fig. 11. Originally, we used the best “gain/cost” ratio to pick a splitting attribute. Since no further tests will be conducted after

Table 4

Dataset in node ns.

di Age Income Student Credit B_Car
ds 31---40 High No 0 1

d 31---40 Low Yes 1 1

dia 31---40 Medium No 1 1

dis 31---40 High Yes 0 1

ArrCost(n;) =0

ny
(Credit, 0)
(B_Car, 1)
High,
ArrCost(ny) ~
ns 3 ng ng Ny nyo ArrCost(ng) = 6
(Credit, 0)] | (Credit, O)| | (Credit, O)[]| . .. - .
(B_Car, 0)||(B_Car, 0)| |(B_Car, 1) (Credit, 0)[ |(Credit, 1)| | (Credit, 1)

ArrCost(ns) ~ ArrCost(ny) = 11

Fig. 11. Output of the first step of our algorithm.
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splitting a bottom node, however, we should choose an attribute that provides the largest gain. Therefore, we update the bot-
tom nodes in the tree built in Step 1 as follows. For each bottom node n;, select a decision attribute a, that has the maximum
MDGain,, (Dy,) from the decision attributes satisfying ArrCost(n;) + TestCost(a,) < maxcost to further split node n;. Each child
node of n;, n;, is a leaf node. Condition attribute c,, which has not yet been determined in n;, will be determined according
to the majority label of ¢, in n;. The final decision tree is shown in Fig. 12. After this step, we replace “Income” with “Student”
in ny because MDGain:seygent (Dn,) = 0.77, which is larger than MDGainncome: (Dn,) = 0.55.

5. Performance evaluation

The performance of our algorithm is evaluated by implementing four different methods, which are listed in Table 5. We
evaluate the four methods under different cost constraints and different numbers of condition attributes.

We conducted experiments on five datasets obtained from the UCL Machine Learning repository. These datasets were
chosen because they were used in [17] and their cost data was also donated in [17]. The datasets’ properties are listed in
Table 6. There is only one condition attribute in each of these datasets. Therefore, we randomly selected several decision
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Fig. 12. Final decision tree built by our algorithm.

Table 5
Four experimental methods.
Methods Description
M1 Sequentially build a decision tree for each condition attribute by C4.5 without a cost constraint
M2 Sequentially build a decision tree for each condition attribute by C4.5 with the budget equally allocated among all condition attributes. When
a decision attribute has been tested in the preceding decision tree, the test cost of this attribute will be set to 0
M3 Same as M2 but with the difference that the condition attributes which have been predicted can be incorporated as decision attributes with
test cost 0
M4 Use the proposed method to build a cost-constrained decision tree with multiple condition attributes
Table 6
Five datasets used in the experiments.
Dataset Number of decision attributes Number of instances Class distribution
BUPA liver disorders 5 345 Drinks < 3: 169 (48.99%)
Drinks > 3: 176 (51.01%)
Heart disease 13 303 <50% diameter narrowing: 164 (54.13%)
>50% diameter narrowing: 139 (45.87%)
Hepatitis prognosis 19 155 Die: 32 (20.65%)
Live: 123 (79.35%)
Pima indians diabetes 8 768 Healthy: 500 (65.10%)
Diabetes: 268 (34.90%)
Thyroid disease 20 3772 Hypothyroid: 93 (2.47%)

Hyperthyroid: 191(5.06%)
Normal: 3488 (92.47%)
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attributes and assigned them as condition attributes in the experiments. Numerical decision attributes which were selected
as condition attributes were discretized into categorical variables. We also removed records which contain missing value in
any condition attribute.

We ran a cross validation in each experiment. Datasets were randomly split into ten parts. Ten pairs of the training and
test datasets were generated, where the test dataset involved one partition and the training dataset involved the other nine
partitions. We built decision trees with the training datasets and tested the trees with the test datasets. The final result from
each experiment is the average of the results obtained with the ten pairs of training and test datasets.

We propose two measures, AvgAcu and MDAAcu, to evaluate the decision trees. AvgAcu is the average accuracy of n con-
dition attributes. Let pc, (di, T) be the predicted label of the yth condition attribute in decision tree T for dy, and let ¢, (dy) be
the true label of the yth condition attribute in d,. Then

_ deetest datasetZycory (T7 dk) Cory(T-, d’() =1, pey, (dlﬁ T) = Cy(dl<)7
Avgheu(T) = cory(T,d) =0,  pc,(de, T)#cy (dy).

[test dataset| x n

In many actual applications, however, all condition attributes have to be labeled correctly to make an appropriate decision.
For example, even if a bank could accurately evaluate their customer’s credit rating, it would be difficult to create a good
marketing plan if the customer’s likelihood to ask for a loan could not be predicted correctly. Therefore, we propose MDAAcu.
MDAAcu is the ratio of records for which all condition attributes are correctly classified. The equation for MDAAcu is

corMDA(T7 dk) = 17 vy(pcy(dk* T) = Cy(dk))7
cormpa(T,di) =0, 3y (pc,(di, T)#cy(d))-

de ctest dataset COTMDA (T7 dk)
MDAA(T) = |test dataset]|

5.1. Performance evaluation under different cost constraints

To evaluate our method under different cost constraints, we set a different maxcost for each of the experiments. To esti-
mate a reasonable upper boundary for the maxcost of a dataset, we first build a decision tree for each condition attribute by
C4.5 without a cost constraint. For each condition attribute, let the largest test cost spent to reach a leaf node be called its
tcost, and let MaxTotalCost be the sum of the tcost for all condition attributes. We can use this as a reasonable estimation of
the upper boundary of the maxcost of a dataset. Accordingly, to observe how the scarcity of cost impacts performance, we set
the maxcost at MaxTotalCost, 90% x MaxTotalCost, ..., and 20% x MaxTotalCost, successively.

For experiments on the first four datasets, the label assignment threshold 0 is set to 90% and the terminal node threshold
@ is set to 3. Because of the skewed class distribution in the Thyroid Disease dataset (92.47% of the records are in the “nor-
mal” class), the label assignment threshold 0 is set to 95% and the terminal node threshold ¢ is set to O for experiments with
this dataset. In addition to the original condition attribute, we randomly select a decision attribute to be another condition
attribute. We implement the four methods with these two condition attribute datasets under different cost constraints. The
results are shown in Table 7, where the columns show the levels of the cost constraint from 100% x MaxTotalCost to
20% x MaxTotalCost, the rows show the various alternatives, and the cell values are the accuracies expressed as a percentage.

The results for M1 are shown in the first row in Table 7, where the value before the parentheses indicates the accuracy
while the value in parentheses indicates the total cost spent, i.e., MaxTotalCost. (Note that we first obtain the accuracy by
applying C4.5 for each condition attribute without a cost constraint. Then, we accumulate the costs spent in all trees, to ob-
tain the total cost spent to classify multiple condition attributes.) From the results of Table 7, we see that the proposed meth-
od M4 outperforms M2 and M3 for all datasets. It can also be seen that our method is very robust with respect to cost
constraints even for a small budget. The results achieved with our method are near those obtained with an abundant budget.
This proves that our method is very effective at using limited costs to achieve the best possible accuracy. Furthermore, we
found that our method surpasses M1 for three datasets (Heart Disease, Hepatitis Prognosis and Pima Indians Diabetes) while
achieving comparable accuracy for the other two datasets, but with much less cost. These results indicate that the multi-
dimensional attribute, which our algorithm uses to find the best split-point and select the splitting attributes, has good dis-
crimination ability.

M3, which incorporates the previously predicted condition attributes as decision attributes, is an extended version of M2.
However, the performance of M3 is roughly the same as that of M2. This result indicates that a condition attribute classified
in a prior decision tree may not be helpful to later ones. The reason may be that the predictions made previously may not
always be correct.

Table 8 shows the budget utilization rates by the four methods for the five datasets, where the columns indicate the levels
of the cost constraint from 100% x MaxTotalCost to 20% x MaxTotalCost, the rows indicate the various alternatives and the
cells show the budget utilization rates expressed as a percentage.

According to the results in Table 8, the budget utilization rates of M2 and M3 are relatively low. The reason for this result
may be that allocating the budget in advance is difficult. If too much budget is allocated to a condition attribute which does
not need so much, the result may be waste. On the other hand, if too little is allocated to a condition attribute which needs a
lot more, performance may be damaged. Since M2 and M3 allocate the budget equally among all condition attributes with-
out considering their differences, there must be some condition attributes that get more than they really need. It is no won-
der that the budget utilization rates of M2 and M3 are relatively low. In turn, the low budget utilization rate leads to the bad



Y.-L. Chen et al./Information Sciences 179 (2009) 967-979 977

Table 7
AvgAcu and MDAAcu obtained for each method in datasets: (a) BUPA liver disorders, (b) heart disease, (c) hepatitis prognosis, (d) pima indians diabetes, and (e)
thyroid disease.

Dataset Measurement Method Maxcost (form100% x MaxTotalCost to 20% x MaxTotalCost)
100% 90% 80% 70% 60% 50% 40% 30% 20%
BUPA liver disorders AdvAcu M1 72.05 (maxcost: 31.67)
M2 72.05 70.88 70.88 70.88 69.55 69.55 65.29 65.29 65.29
M3 72.20 70.88 70.88 70.88 69.55 69.55 65.29 65.29 65.29
M4 73.23 72.20 72.20 70.14 71.47 72.49 72.64 72.64 65.29
MDAAcu M1 48.52 (maxcost: 31.67)
M2 48.52 47.64 47.64 47.64 46.47 46.47 37.94 37.94 37.94
M3 48.52 47.64 47.64 47.64 46.47 46.47 37.94 37.94 37.94
M4 50.29 48.52 48.52 4441 46.76 49.70 50.00 50.00 37.94
Heart disease AdvAcu M1 63.96 (maxcost: 469.70)
M2 62.75 62.75 62.06 62.24 62.24 62.75 58.79 58.96 58.96
M3 62.58 62.58 62.06 62.06 62.06 62.24 57.93 58.44 58.44
M4 65.68 65.68 65.68 65.68 65.68 65.68 66.03 65.86 65.34
MDAAcu M1 43.10 (maxcost: 469.70)
M2 43.10 43.10 43.79 4413 4413 44.82 40.68 39.65 39.65
M3 4413 4413 44.48 44.48 44.48 44.82 42.75 43.10 43.10
M4 47.24 47.24 47.24 47.24 47.24 47.24 47.93 47.93 45.86
Hepatitis prognosis AdvAcu M1 66.66 (maxcost: 50.38)
M2 66.99 66.99 68.33 66.99 66.33 65.99 65.66 62.66 61.66
M3 68.66 67.99 69.66 67.99 66.33 65.99 65.66 62.66 61.66
M4 71.99 71.99 71.99 71.99 71.99 71.99 71.99 71.66 70.99
MDAAcu M1 41.33 (maxcost: 50.38)
M2 42.00 40.66 4333 40.66 42.66 40.66 40.00 34.66 32.66
M3 44.66 42.66 45.33 42.00 42.66 40.66 40.00 34.66 32.66
M4 49.33 49.33 49.33 49.33 49.33 49.33 49.33 48.66 47.33
Pima Indians diabetes AdvAcu M1 74.73 (maxcost: 45.39)
M2 74.21 75.72 75.98 7217 7217 7217 7217 7217 7217
M3 74.34 75.32 75.65 7217 7217 7217 7217 7217 7217
M4 75.85 76.44 76.31 76.31 76.31 76.31 72.82 72.82 72.82
MDAAcu M1 57.23 (maxcost: 45.39)
M2 56.05 58.81 59.47 53.81 53.81 53.81 53.81 53.81 53.81
M3 56.71 58.02 58.55 53.81 53.81 53.81 53.81 53.81 53.81
M4 60.13 60.65 60.39 60.39 60.39 60.39 55.39 55.39 55.39
Thyroid disease AdvAcu M1 83.96 (maxcost: 75.11)
M2 82.89 81.23 81.23 82.42 82.62 81.16 81.16 81.16 81.16
M3 82.95 81.23 81.23 82.42 82.62 81.16 81.16 81.16 81.16
M4 82.62 82.62 83.55 83.28 84.01 84.08 83.02 82.82 81.63
MDAAcu M1 68.06 (maxcost: 75.11)
M2 66.04 63.39 63.39 65.78 66.18 64.72 64.72 64.72 64.72
M3 66.18 63.39 63.39 65.78 66.18 64.72 64.72 64.72 64.72
M4 65.51 65.51 67.37 66.84 68.3 68.43 66.84 66.57 65.25

performance; so, as seen in Table 7 the performance of M2 and M3 is inferior to that of M4. To sum up, the advantage of our
M4 method lies in the fact that it can fully utilize the budget without waste, which naturally results in a good performance.

5.2. Performance evaluation with different numbers of condition attributes

We now evaluate our method with different numbers of condition attributes. We first randomly drew four decision attri-
butes from each dataset. Then, we put each of them back and treated each as an additional condition attribute. This set of
experiments was conducted on only three datasets, Heart Disease, Hepatitis Prognosis, and Thyroid Disease, because the
other datasets did not have enough decision attributes. The value of maxcost was set at 50% x MaxTotalCost and the settings
of assignment threshold 0 and terminal node threshold ¢ were the same as in Section 5.1. The results are shown in Table 9,
where columns represent the number of condition attributes, the rows give the various alternatives and the cell values show
the accuracies expressed as a percentage.

As seen in Table 9, as the number of condition attributes increases, the predicted accuracies decrease. This is true for all
three methods. The performance of our method (M4), however, is better performance when the number of condition attri-
butes is greater than one. A comparison of Tables 7 and 9 shows that our method (M4) greatly outperforms the others in
terms of MDAAcu measurement. This may be because other methods, which necessitate the building of an independent tree
for each condition attribute, ignore the interdependence of the condition attributes. For example, let us look at the dataset
shown in Fig. 13. The majority labels for C;, C, and Cs are “1”, “1”, and “1”, respectively. In this dataset, however, the labels
for these three condition attributes are never “1” at the same time. As observed from this example, classifying each condition
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Budget utilization rates obtained from the four methods for datasets: (a) BUPA liver disorders, (b) heart disease, (c) hepatitis prognosis, (d) pima Indians
diabetes, and (e) thyroid disease.

Dataset Method maxcost (form100% x MaxTotalCost to 20% x MaxTotalCost)
100% 90% 80% 70% 60% 50% 40% 30% 20%
BUPA liver disorders M1 100.00
M2 77.04 59.48 66.91 76.47 75.73 90.88 0.00 0.00 0.00
M3 77.04 59.48 66.91 76.47 75.73 90.88 0.00 0.00 0.00
M4 100.00 84.72 95.31 97.37 89.22 90.88 56.80 75.73 0.00
Heart disease M1 100.00
M2 84.28 93.59 82.04 72.27 84.32 94.58 97.23 21.26 31.88
M3 86.03 95.53 80.39 71.97 83.96 94.16 94.47 21.26 31.88
M4 87.79 97.49 86.45 98.81 84.32 94.54 98.87 95.65 97.13
Hepatitis prognosis M1 100.00
M2 82.14 87.97 95.86 98.35 97.42 76.63 81.23 95.03 0.00
M3 82.14 87.97 95.86 98.35 97.42 76.63 81.23 95.03 0.00
M4 98.02 98.87 98.24 94.71 97.52 96.24 99.36 100.00 98.04
Pima Indians diabetes M1 100.00
M2 100.00 50.24 54.03 14.29 16.67 20.00 25.00 33.33 50.00
M3 100.00 50.24 54.03 14.29 16.67 20.00 25.00 33.33 50.00
M4 100.00 98.64 69.45 79.37 92.60 90.44 25.00 33.33 50.00
Thyroid disease M1 100.00
M2 100.00 74.58 83.91 90.54 71.23 28.53 35.66 47.54 0.00
M3 100.00 74.58 83.91 90.54 71.23 28.53 35.66 47.54 0.00
M4 96.01 98.76 94.84 99.46 96.23 98.23 99.44 99.08 96.94
Table 9
AvgAcu and MDAAcu obtained from each method for datasets: (a) heart disease, (b) hepatitis prognosis, and (c) thyroid disease.
Dataset Measurement Method Number of condition attributes
1 2 3 4 5
Heart disease AdvAcu M2 76.66 73.66 72.44 66.33 64.19
M3 76.66 73.50 72.33 66.25 65.53
M4 74.66 75.83 75.11 68.08 69.26
MDAAcu M2 76.66 55.33 39.00 18.66 11.00
M3 76.66 54.99 39.00 18.66 15.33
M4 74.66 58.99 46.00 25.33 21.33
Hepatitis prognosis AdvAcu M2 85.71 68.92 70.00 75.53 70.57
M3 85.71 68.92 70.00 75.53 70.57
M4 88.57 78.21 78.80 80.17 69.28
MDAAcu M2 85.71 42.85 32.14 34.28 19.28
M3 85.71 42.85 32.14 34.28 19.28
M4 88.57 59.28 51.42 45.00 19.28
Thyroid disease AdvAcu M2 96.81 90.14 93.14 94.46 95.41
M3 96.81 90.14 93.14 94.46 95.41
M4 93.76 92.52 94.60 95.55 96.28
MDAAcu M2 96.81 80.63 80.23 79.04 78.38
M3 96.81 80.63 80.23 79.04 78.38
M4 93.76 86.64 86.07 85.27 84.74

attribute independently may result in a low accuracy when classifying all condition attributes simultaneously. This phenom-
enon emphasizes the necessity of building a cost-sensitive decision tree to simultaneously classify multiple condition

attributes.

According to the results of the experiments as discussed above, it can be seen that our method outperforms the others due
to the following reasons:

(1) Multiple condition attributes are integrated into a single multi-dimensional attribute. In this way, all condition attri-
butes are taken into account to compute the multi-dimensional information gain for finding the most efficient test
under cost constraints. Therefore, when a numeric decision attribute is considered, we find the best split-point accord-
ing to the multi-dimensional attribute rather than a single condition attribute. As a result, our method offers better
performance than previous approach even when adopting the same strategy for dealing with numeric decision

attributes.
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C C; Cs
1 0 1
1 0 1
1 0 1
1 1 0
1 1 0
0 1 1
0 1 1
0 1 1

Fig. 13. Sample dataset.

(2) There are numerous budget allocation combinations and strategies for the condition attributes. Unfortunately, it is dif-
ficult to efficiently allocate the budget in advance among these condition attributes. In view of this difficulty, the pro-
posed method is able to classify all condition attributes within a single decision tree. This approach removes the
difficulty of budget allocation, and the experiment results show that our method utilizes the budget efficiently.

6. Conclusions and future work

Cost-sensitive classification has become a popular topic in recent years. Although it has been studied extensively, existing
studies have only classified a target record with a single condition attribute. In this study, we propose a new algorithm for
building a cost-constrained decision tree with multiple condition attributes. Along with the algorithm, we propose a new
splitting criterion, tree structure, and node termination condition. The results of the experiments show that our algorithm
performs well under different cost constraints and for different numbers of condition attributes, especially when all condi-
tion attributes must be labeled correctly.

In future, we consider the following possible extensions. First, according to the experiment results, the overfitting prob-
lem may impair our algorithm’s performance. Therefore, it may be necessary to add a tree pruning method to the algorithm
as a post-processing phase. Second, we will consider batch testing, where a number of samples are tested at the same time.
In this situation, the cost of conducting tests on a batch of samples may differ from the sum of test costs for many single
samples. Therefore, we will attempt to propose new algorithms that can build decision trees for batch testing. Finally, deci-
sion trees, such as ID3 and C4.5, classify categorical labels, while regression trees, such as CART, CHAID and QUEST, predict
continuous values. These two lines of research are closely related but distinct. In this paper, we only focus on decision trees.
How to further extend our techniques to regression trees is worth further investigation in the future.
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