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Abstract. Attribute reduction is viewed as one of the most important
topics in rough set theory and there have been many researches on this
issue. In the real world, partially labeled data is universal and cost sensi-
tivity should be taken into account under some circumstances. However,
very few studies on attribute reduction for partially labeled data with test
cost have been carried out. In this paper, based on mutual information,
the significance of an attribute in partially labeled decision system with
test cost is defined, and for labeled data, a heuristic attribute reduction
algorithm TCSPR is proposed. Experimental results show the impact of
test cost on reducts for partially labeled data and comparative experi-
ments of classification accuracy indicate the effectiveness of the proposed
method.
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1 Introduction

Uncertainty is a common phenomenon in the world. Reasoning and knowl-
edge acquisition with uncertain or incomplete information is always a core sub-
problem of artificial intelligence. There have been plenty of theories on the prob-
lem of uncertainty, for example, probability theory [2], possibility theory [4,5],
fuzzy set [3], rough set [6,7], evidence theory [8,9], cloud model [1]. As an exten-
sion of set theory, rough set which was proposed by Polish computer scientist
Zdzislaw Pawlak [6] in 1982, is a soft computing tool to model imperfect knowl-
edge. In rough set, it is assumed that knowledge is based on the ability to classify
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objects and tabular representation of knowledge is often employed. Uncertainty
in this theory is represented by the boundary region of a set, and the boundary
region can be specified in terms of a pair of crisp sets which give the lower and
the upper approximation of the original set.

Recently, a deluge of data from a variety of sources has reached an unprece-
dented volume. However, there may exist incomplete data due to various rea-
sons. In decision systems of rough set, some values of the decision attributes may
be missing and the systems are actually partially labeled data. This could often
occur in reality. For example, for the information system of patients in a hospital,
some diagnoses of diseases may be missing due to the patients stop doing further
examinations. Knowledge acquisition from partially labeled data is akin to semi-
supervised learning which attracts plenty of researchers. To deal with partially
labeled data, some methods based on rough set have been proposed [10–13], and
incremental methods in dynamic system are studied [14–17].

The existing rough set-based methods for partially labeled data mentioned
above seek low classifying error rates or high accuracy and implicitly assume that
all classes or features have the same cost, nevertheless, this assumption may not
be suitable in real-world scenarios. For example, in a clinical diagnosis system,
it may cause some damage to a patient who is misclassified as cancer class,
but may result in serious damage if a patient who has cancer is misclassified
as non-cancer class and could not get treatment timely. Also, a patient often
needs to undertake a number of medical tests, in this case, money and/or time
for these tests are regarded as test costs and the costs may be various according
to different tests. From these two examples, we can infer that cost sensitivity
should be considered in some problems. In the cost sensitive settings, it is aimed
to minimize the total cost, rather than simply minimize the error rate. Turney
[18] concluded nine types of costs in inductive concept learning and in decision
systems, some researchers have done much research on decision cost [19–22] and
test cost [23,24]. However, there have been few studies about cost sensitive in
decision system with missing decision values. Motivated by these analysis, this
paper focuses on tackling the problem of attributes reduction for partially labeled
data with test cost sensitive. We first define the significance of an attribute in
the partially labeled decision system with test cost based on mutual information.
Next, for labeled data, a heuristic algorithm TCSPR for attribute reduction is
proposed. Then some attribute reduction experiments are conducted on several
data sets to find out the impact of test cost on reducts. In order to verify the
effectiveness of the proposed method, the quality of reducts are compared.

The remainder of the paper is organized as follows. Some preliminary con-
cepts and uncertainty measures based on information entropy in rough set are
briefly reviewed in Sect. 2. In Sect. 3, the definition of partially labeled decision
system with test cost is given and an attribute reduction algorithm TCSPR is
proposed. Section 4 illustrates some experiments and results. Section 5 concludes
the paper with some discussions.
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2 Preliminary

In this section, we present a review of some basic rough set concepts related to
this article. One can refer to references [6,7,25] for detail of the theory.

2.1 Rough Set

Definition 1. An information system is a tuple IS = (U,A, V, f), where U =
{x1, x2, . . . , xn} is a finite nonempty set of objects, and A = {a1, a2, . . . , am}
is a finite nonempty set of attributes, V is a nonempty set of values of ai ∈
A(i = 1, 2, . . . ,m), f : U → V is a nonempty set of information functions each
of which maps an object in U to a exact value in V .

If A = C ∪ D, where C is a set of condition attributes and D is a decision
attributes set, the information system is called decision information system or
decision table and denoted as DS = (U,A = C ∪ D,V, f).

Definition 2. Let DS = (U,A = C ∪D,V, f) be a decision information system,
B ⊆ A be an equivalence relation (also called B-indiscernibility relation), for an
arbitrary set X ⊆ U , the lower approximation and upper approximation of X
with respect to B respectively are defined as:

B(X) = {x ∈ U |[x]B ⊆ X},
B(X) = {x ∈ U |[x]B ∩ X �= ∅},

where [x]B is the equivalence class including x with respect to B, and [x]B =
{y ∈ U |f(x, a) = f(y, a),∀a ∈ B}. If B(X) = B(X), X is B-definable, and if
B(X) �= B(X), X is rough with respect to B.

Definition 3. Let DS = (U,A = C ∪ D,V, f) be a decision information sys-
tem, and the objects in U are partitioned into r disjoint crisp subsets by decision
attributes set D, namely, U/D = {D1,D2, . . . , Dr}, then C-positive region of D
is defined as:

POSC(D) =
⋃r

i=1 C(Di),
and the boundary region of D w.r.t. C is defined as:

BNC(D) =
⋃r

i=1 C(Di) − ⋃r
i=1 C(Di).

For any B ⊆ A and X ⊆ U , the positive region POSB(X) is the collection
of the objects that can be certainly classified as members of X with respect to
relation B. The boundary region BNB(X), in a sense, is the undecidable area of
the universe and none of the objects in this region can be certainly classified into
X or ∼ X. In rough set theory, uncertainty can be represented by the boundary
region of a set.

2.2 Uncertainty Measure Based on Entropy and Reduct

In rough set theory, there are some algebraic measurement methods to express
the inexactness of object or set, such as accuracy, roughness, attribute depen-
dency degree. Inspired by Shannon’s information entropy, Miao gave the informa-
tion representation of the concepts and operations about rough set theory, and
proposed the heuristic reduction algorithm based on mutual information [26].
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Definition 4. Let DS = (U,A = C ∪ D,V, f) be a decision information sys-
tem, B ⊆ A and the objects in U are partitioned into m disjoint crisp subsets
{B1, B2, . . . , Bm} by B, then rough entropy of B is defined as:

H(B) = −
m∑

i=1

|Bi|
|U | log2

|Bi|
|U | ,

where |B| denotes the cardinality of B, and
m∑

i=1

|Bi| = |U | holds.

Definition 5. Let DS = (U,A = C ∪ D,V, f) be a decision information sys-
tem, U/C = {X1,X2, · · · ,Xm} and U/D = {Y1, Y2, · · · , Yn}, the entropy of D
conditioned on C is defined as:

H(D|C) = −
m∑

i=1

|Xi|
|U |

n∑

j=1

|Xi ∩ Yj |
|Xi| log2

|Xi ∩ Yj |
|Xi| . (1)

Let I(x; y) be the mutual information of x and y, the increment of mutual
information, which is defined as:

I(B ∪ {a};D) − I(B;D) = H(D|B) − H(D|B ∪ {a}), (2)

can be used to measure the attribute significance.

Definition 6. Let DS = (U,A = C ∪D,V, f) be a decision information system,
B ⊆ C, for ∀a ∈ C − B, the significance measure of a on B can be defined by
mutual information as:

SGF (a,B,D) = H(D|B) − H(D|B ∪ {a}).
If B = ∅, the significance measure of a is:

SGF (a,D) = H(D) − H(D|{a}).

SGF (a,B,D) expresses the importance of attribute a to decision D condi-
tioned on the given attributes B.

Reduct is a subset of attributes that maintains some particular properties
as the original data. For a given decision table, there may be multiple reducts.
Based on the definitions above, relative reduct can be defined as follows.

Definition 7. Let DS = (U,A = C ∪ D,V, f) be a decision information system
and B ⊆ C, B is a reduct of C relative to D iff:

(1) H(D|B) = H(D|C);
(2) ∀a ∈ B,H(a|B − {a}) > 0.

In a given decision table, the intersection of all attribute reducts is core, and
each element of a core should be in every reduct. The core may be an empty set.

2.3 Test Cost Sensitive Rough Set

Definition 8 ([27]). A test cost sensitive decision system is a tuple TDS =
(U,A = C ∪ D,V, f, c), where U,A,C,D, V and f have the same meanings as
in definition 1, c : C → R+ ∪ {0} is the test cost function and R+ is the set of
positive real numbers.
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Assuming that the test cost of every attribute is independent, test cost func-
tion can be represented by a vector c = [c(a1), c(a2), · · · , c(a|C|)], where c(ai)(i =
1, 2, . . . , |C|) is the test cost of attribute ai, and for ∀B ⊆ C, c(B) =

∑

a∈B

c(a).

3 Attribute Reduction for Partially Labeled Data

3.1 Partially Labeled Decision System

In a partially labeled decision system, some values of the decision attributes are
missing. In the light of test cost, partially labeled decision system can be defined
as:

Definition 9. A partially labeled decision system with test cost is a tuple
TPDS = (U = L ∪ N,A = C ∪ D,V, f, c), where U,A,C,D, V, f and c have
the same meanings as in definition 8. L denotes the set of labeled objects, and
N denotes the set of unlabeled objects.

Then, we can define the significance of attribute a on B in a partially labeled
decision system with test cost as follows:

SGF (a,B,D, c(a), λ) = (H(D|B) − H(D|B ∪ {a}))c(a)λ, (3)

where H(D|B) and H(D|B∪{a}) are the entropy of D conditioned on B and
B ∪ {a} respectively, and they can be calculated by equation (1) in which the
number of objects |U | should be replaced by the number of labeled objects |L|.
c(a) is the test cost of attribute a, and c(a) ≥ 0. λ is a parameter that can adjust
the weight of test cost and λ ≤ 0. If λ = 0, the significance of attribute a on B
is based on conditional entropy as shown in definition 6. c(a1), c(a2), · · · , c(a|C|)
and λ can be specified in real application by domain experts.

3.2 Attribute Reduction Algorithm

It has been proved that finding a minimal reduct of a decision table with exhaus-
tive algorithm is NP-hard in rough set [28], and correspondingly, computing the
minimal test cost of a reduct will have the same complexity. Actually, some
heuristic algorithms have been proposed, and most of them are greedy.

In this paper, a heuristic algorithm (TCSPR) for attribute reduction of par-
tially labeled data based on test cost sensitive is as Algorithm 1. In the algorithm,
based on the objects with labeled, we first find the core of the attributes set.
Then in each iterative step of the while loop, after the computation of signifi-
cance of every attribute in the unselected attributes subset, choose the attribute
with highest significance and add it to the reduct set, until the end condition
holds. The significance is computed based on Eq. (3).
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Algorithm 1. A heuristic attribute reduction algorithm for partially labeled data
with test cost sensitive, called TCSPR

Input: TPDS = (U = L ∪ N, A = C ∪ D, V, f, c), λ
Output: An attributes subset B as a relative reduct
U ← L;
B ← ∅;
for all a ∈ C do

if POSC−{a}(D)! = POSC(D) then
B ← B

⋃{a};
end if

end for
tempA ← C − B;
while H(D|B)! = H(D|C)

for all a ∈ tempA do
compute SGF (a, B, D, c(a), λ);

end for
select a′ with maximal SGF (a′, B, D, c(a′), λ);
B ← B

⋃{a′};
tempA ← tempA − {a′};

end while
return B;

3.3 Complexity Analysis

If the core is a reduct of the attributes set, then it is the minimal reduct. Let
m be the number of condition attributes, l be the number of labeled objects,
namely m = |C|, l = |L|, the computational complexity of finding the core is
O(ml), and this is the best case of finding a reduct. In the worst case, the reduct
is the whole condition attributes, correspondingly the computational complexity
is O(m2l2).

4 Experiments

In this section, some experiments are conducted on several data sets from UCI
repository [29] with the following purposes: (1) to find out the impact of param-
eter λ on the reducts of partially labeled data, (2) to find out the impact of test
cost on the reducts of partially labeled data, (3) to compare the classification
accuracy of classifiers trained from partially labeled data.

4.1 Data Sets and Experiment Environment

According to the experimental requirements of attribute reduction, we adopt 4
data sets with task of classification, as shown in Table 1. The datasets are pre-
processed as follows: (1) we delete the eleventh attribute of dataset mushroom
because of missing attribute values, (2) the continuous attributes in the dataset
wine and ionosphere are discreted by Weka using 3 bins. All the attributes are
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Table 1. Summary of datasets

Name #attributes #objects #classes

wine 13 178 3

zoo 16 101 7

mushroom 21 8124 2

ionosphere 34 351 2

identified by natural numbers for convenience. All the experiments are imple-
mented in MATLAB on a PC with CPU 2.60 GHz and 4 GB memory.

4.2 Impact of Parameter λ on Reduct

Because there are no existent test costs of datasets in Table 1, we first assume
some values of them. The test costs can be produced by many methods, and here
we adopt normal distribution with the mean is 0, and the variance is 1. Then
we scale the costs between 1 and 100. Let the test costs of all the attributes be
the numbers in Table 2.

Table 2. Test costs of datasets

dataset #attributes test cost
wine 13 42 49 54 59 64 71 1 61 100 46 93 79 71
zoo 16 61 100 67 41 1 52 52 28 70 55 60 35 31 36 21 34

mushroom 21 48 70 1 54 45 17 32 45 100 86 16 91 52 38 51 36 37 65 63 63 51
ionosphere 34 84 29 69 39 47 39 24 27 51 1 78 54 81 67 74 8 24 43 61 96 48 100

74 97 62 36 8 63 85 48 40 47 21 41

With the test costs in Table 2, we let labeled ratio be 0.2, 0.4, 0.6, 0.8, and
1.0 respectively, the reducts produced by Algorithm 1 with different λ (λ =
0,−0.5,−1,−2,−4) are shown in Table 3. When λ = 0, we do not consider the
test costs of attributes and the significance of attribute is based on conditional
entropy in reality. Here, we assume the objects of different class in the labeled
data are of the same proportion as the objects of different class in the whole
dataset. When the labeled ratio is 1.0, that is the dataset and there are no
unlabeled data.

In the wine and zoo datasets, when the labeled ratio is up to 0.4, the changes
of reducts based on different λ (λ = −0.5,−1,−2,−4) are small. In the mush-
room dataset, the core of attributes is {5} when the labeled ratio is less than
or equal to 0.8, however the core is {1, 3, 5, 9, 13, 14} when the labeled ratio is
bigger than 0.85, owing to the huge difference between the core, the reducts are
very different. In the ionosphere dataset, it seems that the difference between
reducts are mainly caused by labeled ratio and λ has tiny impact on the reducts.
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Table 3. Reducts on different λ with the same cost

dataset ratio core reduct
λ = 0 λ = −0.5 λ = −1 λ = −2 λ = −4

w
in

e

0.2 ∅ {2,11,13} {2,7,11,13} {2,7,11,13} {1,2,4,7,10 1,2,4,7,10}
0.4 {13} {2,5,10,11,12,13} {1,2,7,9,11,13} {1,2,4,7,9,10,13} {1,2,3,4,7,8,10,13

} {
} {1,2,3,4,7,8,10,13}

0.6 {3,13} {1,3,9,11,13} {1,3,7,9,11,13} {1,2,3,7,8,10,13} {1,2,3,7,8,10,13} {1,2,3,7,8,10,13}
0.8 {1,3,13} {1,3,4,9,11,12,13} {1,3,7,8,10,11,13} {1,2,3,4,7,8,10,13 1,2,3,4,7,8,10,13} {1,2,3,4,7,8,10,13}
1.0 {1,3,13} {1,3,4,9,11,12,13} {1,2,3,4,7,8,10,13} {1,2,3,4,7,8,10,13

} {
} {1,2,3,4,7,8,10,13} {1,2,3,4,7,8,10,13}

z
o
o

0.2 ∅ {1,6,13} {4,5,6,13} {4,5,6,13} {4,5,6,13,14} {4,5,6,13,14,15,16}
0.4 {6} {1,6,8,13} {4,5,6,8,13} {4,5,6,8,13} {4,5,6,8,13} {4,5,6,8,13,16}
0.6 {6,13} {3,4,6,11,13} {4,5,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13,16}
0.8 {6,13} {3,4,6,8,13} {4,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13,15,16}
1.0 {6,13} {3,4,6,8,13} {4,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13} {4,5,6,8,12,13,16}

m
u
sh

ro
o
m 0.2 {5} {1,5} {3,5} {3,5} {3,5} {3,5}

0.4 {5} {5,19} {3,5,11,21} {3,5,7,8,11} {3,5,7,8,11} {3,5,7,8,11}
0.6 {5} {5,19} {3,4,5,11} {3,5,7,8,11} {3,5,7,8,11} {3,5,7,8,11}
0.8 {5} {3,5,19} {1,3,4,5,11} {3,5,7,11,12} {1,3,5,7,8,11} {1,3,5,7,8,11}
1.0 {1,3,5,

9,13,14}
{1,3,4,5,9,13,14,
21}

{1,3,5,7,9,13,14,
21}

{1,3,5,7,9,11,13,
14,21}

{1,3,5,7,9,11,13,
14,17}

{1,3,5,7,9,11,13,
14,17}

io
n
o
sp

h
e
re 0.2 ∅ {4,15,20,22,34} {4,7,8,10,16,27,

33}
{4,8,10,16,17,27,
33}

{4,7,8,10,16,27,
33}

{4,7,8,10,16,27,
33}

0.4 {5} {1,4,5,14,25,28,
34}

{5,6,8,10,12,16,
25,32,33}

{5,8,10,16,17,18,
25,27,32,33}

{5,8,10,16,17,18,
25,27,32,33}

{5,8,10,16,17,18,
25,26,27,32,33,34}

0.6 {4,5,6,18,
23,26,34}

{1,4,5,6,8,9,14,18,
23,25,26,29,34}

{4,5,6,10,12,16,18,
23,25,26,27,32,33,
34}

{4,5,6,10,12,16,17,
18,23,25,26,27,32,
33,34}

{4,5,6,10,12,16,17,
18,23,25,26,27,32,
33,34}

{4,5,6,7,10,12,16,
17,18,23,25,26,27,
32,33,34}

0.8 {4,5,6,8,
18,22,23,
26,32,34}

{1,4,5,6,8,9,18,22,
23,24,25,26,29,32,
34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

1.0 {4,5,6,8,
18,22,23,
26,32,34}

{3,4,5,6,8,9,10,11,
18,22,23,24,26,27,
29,31,32,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

{4,5,6,7,8,10,12,
14,16,18,22,23,25,
26,27,32,33,34}

From Table 3, we can find that as the ratio raises, the core of a dataset
expands, and this may result in the change of reduct. The changes are tiny in
some datasets, such as wine and zoo, but huge in mushroom and ionosphere. The
reducts are very different when λ = 0 compared to the reducts based on test
costs (λ = −0.5,−1,−2,−4). Meanwhile, the attributes with the smallest test
cost, namely the attribute 7 in wine dataset, attribute 5 in zoo dataset, attribute
3 in mushroom dataset and attribute 10 in ionosphere dataset respectively, are
almost in all the reducts with different ratio and λ, but do not appear in the
cores and reducts when λ = 0. The results in this table also indicates that the
impact of λ on the reducts of partially labeled data may be limited, and the
reducts almost the same when λ = −1 and λ = −2 in some datasets, however
there may be some fluctuation when λ = −0.5 and λ = −4 compared to λ = −1.

4.3 Impact of Test Cost on Reduct

In the experiments above, we find the impact of λ on the reducts of partially
labeled data based on the same test cost. Here, we let λ = −1, and conduct some
experiments to show the impact of test costs on the reducts of partially labeled
data. We let labeled ratio be 0.2, 0.4, 0.6, 0.8 and 1.0 respectively, test costs
be produced randomly and satisfy normal distribution, the reducts produced by
Algorithm 1 with different test costs are shown in Table 4.

In wine and ionosphere datasets, the reducts expand when labeled ratios raise
in general. In zoo, the numbers of attributes in reduct change a little, mainly be
5 or 6. But the numbers change a lot in mushroom, for example, the reduct is
{1,5} when the ratio is 0.2 and test cost is [1 40 51 76 1 78 17 63 85 73 100 97
38 70 27 14 94 61 59 94 82], and the reduct is {5,19} when the ratio is 0.6 and
test cost is [31 53 57 77 39 1 26 70 22 62 45 71 4 39 19 100 59 70 22 34 38].
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Table 4. Reducts on different test cost with the same λ

dataset ratio test cost reduct
wine 0.2 48 70 1 54 45 17 32 45 100 86 16 91 52 {3,7,11,13}

41 68 36 39 95 92 93 67 1 68 100 60 79 {3,4,8,9,12}
0.4 1 100 58 73 14 38 45 60 14 61 24 52 65 {1,3,5,9,11,13}

69 100 97 29 66 17 1 94 55 53 93 80 70 {4,5,6,7,9,11,13}
0.6 85 97 64 63 100 1 52 28 56 89 94 36 53 {1,3,6,8,10,12,13}

70 57 75 77 37 60 1 100 46 29 58 22 65 {2,3,5,7,10,11,12,13}
0.8 42 100 78 1 63 24 48 57 70 48 87 44 61 {1,3,4,5,6,10,12,13}

68 52 74 59 29 1 100 33 53 65 53 25 37 {1,3,5,6,9,11,12,13}
1.0 46 100 21 77 61 42 15 41 47 1 57 23 47 {1,3,7,8,10,11,13}

51 23 37 52 1 68 100 66 36 54 20 87 66 {1,2,3,5,9,10,11,12,13}
zoo 0.2 36 37 23 100 11 25 17 1 35 32 95 33 5 97 84 34 {3,7,8,13}

36 61 68 78 65 81 80 42 49 54 59 64 71 1 61 100 {1,10,13,14}
0.4 72 1 12 55 62 32 67 85 71 17 37 34 47 39 35 100 {2,3,6,10,14}

51 57 72 4 24 78 74 23 100 60 67 66 44 1 58 10 {4,6,8,13,14}
0.6 100 37 85 51 75 57 44 50 77 83 77 43 28 64 67 1 {4,6,8,12,13,16}

48 100 42 31 21 1 34 55 22 53 67 32 59 61 46 96 {4,6,9,12,13}
0.8 31 65 38 43 68 83 63 87 38 66 47 42 1 76 100 70 {1,3,6,9,12,13}

90 51 13 23 25 82 35 52 10 44 1 28 72 100 64 52 {3,4,6,9,11,13}
1.0 99 90 1 19 46 45 25 50 43 100 52 34 58 50 77 63 {3,4,6,9,13}

3 58 33 26 20 63 39 1 100 33 49 52 8 75 49 46 {1,3,4,6,8,13}
mushroom 0.2 27 71 59 50 55 16 49 86 53 52 35 50 56 60 43 46 95 1 100 58 73 {1,5,18}

1 40 51 76 1 78 17 63 85 73 100 97 38 70 27 14 94 61 59 94 82 {1,5}
0.4 39 80 100 75 87 80 58 71 48 84 40 42 47 1 96 72 48 94 28 63 59 {5,14,19}

56 56 14 44 39 67 84 85 14 48 1 5 45 100 17 58 37 85 6 46 65 {5,11,19}
0.6 31 53 57 77 39 1 26 70 22 62 45 71 4 39 19 100 59 70 22 34 38 {5,19}

99 56 87 1 54 39 16 81 74 66 23 100 76 56 66 57 10 56 39 34 29 {4,5,7,11,17}
0.8 33 1 66 56 44 44 27 67 42 29 74 40 32 38 26 20 100 81 52 17 26 {2,5,10,20,21}

60 87 29 1 25 74 76 78 62 70 52 89 28 78 42 56 80 94 34 100 83 {3,4,5,19}
1.0 38 33 32 29 42 43 73 100 59 33 65 48 1 78 53 46 61 51 4 35 35 {1,3,5,9,13,14,19,21}

31 100 21 33 26 11 42 39 95 40 15 98 86 41 1 34 43 56 40 62 60 {1,3,4,5,9,11,13,14}
ionosphere 0.2 76 100 92 73 49 50 98 24 66 15 94 90 67 65 1 82 9 5 69 42 78 85 90

49 79 70 89 81 91 63 63 94 11 54
{8,10,15,18,24,33}

27 46 68 71 32 44 57 48 60 62 34 50 9 78 41 28 49 24 53 42 100 78
1 63 24 48 57 70 48 87 44 61 68 56

{8,13,16,18,20,23,34}

0.4 13 28 54 17 75 27 100 14 52 1 25 29 58 74 55 35 70 70 50 63 58 17
69 27 28 51 37 42 64 77 40 56 39 53

{1,4,5,8,10,22,24,25,34}

55 34 51 58 48 80 34 32 12 64 63 45 63 50 52 48 55 48 100 23 10 24
25 38 43 42 57 54 61 80 70 21 1 64

{5,8,9,12,20,21,24,25,32,33}

0.6 22 66 44 53 67 46 57 61 75 55 82 42 40 90 26 41 68 45 82 71 49 19
57 1 48 64 47 66 100 68 49 60 53 3

{1,4,5,6,10,12,18,22,23,24,
25,26,34}

45 87 54 70 30 57 71 21 64 51 31 55 7 1 25 30 25 11 63 15 58 76 55
58 46 18 54 80 100 44 14 60 65 50

{1,4,5,6,8,12,13,14,18,20,21,
23,25,26,31,34}

0.8 26 90 1 39 22 36 55 52 35 65 62 62 40 70 62 100 71 73 50 23 41 34
38 60 38 31 41 46 57 30 55 51 76 45

{1,3,4,5,6,8,9,18,22,23,24,
,26,29,32,34}

41 11 5 54 38 60 19 100 49 75 39 40 65 61 13 1 14 4 47 33 35 6 68
58 43 74 20 57 55 55 24 54 30 19

{3,4,5,6,8,11,12,16,18,20,22,
23,24,26,27,32,33,34}

1.0 39 81 46 58 39 56 1 41 35 43 58 55 98 51 57 32 53 36 62 78 69 48
31 89 100 64 43 84 50 53 78 36 25 69

{1,4,5,6,7,8,9,10,11,14,18,
22,23,26,29,32,33,34}

46 39 48 61 59 23 55 40 25 9 51 28 37 18 1 40 35 64 55 60 19 15 7
48 100 53 19 55 11 4 53 19 44 68

{4,5,6,8,9,10,11,14,15,18,
21,22,23,26,27,29,32,33,34}

From Table 4, we find that the attributes in reducts vary a lot according to
different test costs except the attributes in core, which indicates that test cost
has great impact of reduct. Furthermore, the attribute with low cost probably
be a member of reduct and this is consistent with the conclusion in Sect. 4.2.

4.4 Quality of Reducts

From partially labeled data based on reduct, one can train classifier and use
it to predict the classification of new objects. Here, some experiments are con-
ducted to show the prediction performance of the classifiers. First, the numbers
of attributes based on different reduction algorithms are shown in Fig. 1, where
Pawlak stands for reduction based on attribute dependency degree, and Entropy
stands for reduction based on entropy. Obviously, TCSPR gets more attributes
than other algorithms in most cases.

Then, based on the reduced partially labeled data from three different meth-
ods (Pawlak, Entropy and TCSPR), we use decision tree model and CART algo-
rithm to train classifier. To avoid randomness, 10-fold cross-validation is adopted
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Fig. 1. Relationship between number of attributes and labeled ratio

and this is done 10 times. The relationships between classification accuracy of
unlabeled data and ratio of labeled objects are shown in Fig. 2, where accuracy is
the mean of the 100 experimental results, and “original” indicates the classifica-
tion accuracy of the classifier trained by the whole dataset. Generally speaking,
for all the three methods, there are some identical phenomenons in Fig. 2: in the
wine and zoo datasets, the classification accuracy raises as the ratio of labeled
data increases, and this accords with the common recognition; In the mushroom
dataset, the classification accuracy is already near to 1 when the ratio is 0.1,
and when the ratio increases, the accuracy decreases till the ratio is 0.8, then
the accuracy goes up sharply when the ratio is 0.9; However, in the ionosphere
dataset, the classification accuracy fluctuates according to the ratio. Figure 2
also shows that the accuracies of Pawlak and Entropy are closer, especially in
the zoo and mushroom datasets, which indicates that the great impact of test
cost on classification accuracy. In mushroom dataset, the classification accuracy
of TCSPR is much superior than that of the other two methods, and in zoo
dataset, the classification accuracy of TCSPR is higher than that of the other
two methods when ratio is less than 0.6, however it approaches to other two
in other settings. So, on the premise of not reducing the classification accuracy
obviously, considering test cost for partially labeled data and finding the reduct
with minimal test cost, which can be studied in future, are meaningful.
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Fig. 2. Relationship between classification accuracy and labeled ratio

5 Conclusion

Based on rough set theory, this paper focuses on the attributes reduction of
partially labeled data with test cost sensitive. Based on mutual information and
the test cost of every condition attribute, we give the definition of attribute
significance. Then a heuristic algorithm (TCSPR) for attribute reduction based
on the significance is proposed. Experiments indicate the impact of labeled ratio
and test cost on the reducts, and the effectiveness of our algorithm is verified too.
In the future, more comparative experiments should be conducted to analyze the
quality of the reducts, and further work can concentrate on incremental attribute
reduction of partially labeled data with test cost sensitive.
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