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Machine learning is widely applied to gene expression pro¯les based molecular tumor classi¯-

cation, but sample imbalance problem is often overlooked. This paper proposed a subclass-

weighted neighborhood classi¯er to address the imbalanced sample set problem and a novel
neighborhood rough set model to select informative genes for classi¯cation performance

improvement. Experiments on three publicly available tumor datasets demonstrated that the

proposed method is obviously e®ective on imbalanced dataset with obscure boundary between

two subtypes and informative gene selection and it can achieve higher cross-validation accuracy
with much fewer tumor-related genes.

Keywords: Gene expression pro¯les; molecular tumor classi¯cation; imbalanced dataset;
weighted neighborhood classi¯er; Kruskal-Wallis rank sum test; neighborhood rough set model.

*Corresponding author.

Journal of Circuits, Systems, and Computers
Vol. 19, No. 1 (2010) 259�273

#.c World Scienti¯c Publishing Company

DOI: 10.1142/S0218126610006232

259

http://dx.doi.org/10.1142/S0218126610006232


1. Introduction

DNA microarray promises a novel tumor subtype diagnosis based on cancer-speci¯c

molecular markers. Modern medicine indicates that many or even all human diseases

may be accompanied by changes in expression levels of speci¯c genes,1 so a set of

di®erentially expressed genes can discriminate one subtype of tumors from others.

Compared with traditional tumor diagnosis, which is prone to human error and

cannot discriminate di®erent tumor subtypes with similar histopathology, gene

expression pro¯les (GEP) based tumor diagnosis is more accurate and reliable.2

Therefore, GEP can serve as promising tools for tumor classi¯cation, diagnosis and

therapeutics.

In fact, research on GEP-based tumor diagnosis has been active in biomedicine.

Numerous researchers have applied machine learning method to the GEP-based

tumor classi¯cation. For example, unsupervised methods including tumor sample

clustering by non-negative matrix factorization for gene selection,3 self-organizing

maps,4 and supervised methods, such as arti¯cial neural networks,5 support vector

machines (SVMs),6 rough set theory7 and k-nearest neighbor (k-NN),8 have been

successfully applied to tumor classi¯cation. However, many learning algorithms

overlook the sample imbalance problem in a tumor dataset. And the imbalance

problem may have a great in°uence on gene selection and practical tumor diagnosis.9

Furthermore, feature extraction such as independent component analysis10 can

improve the performance of classi¯cation model, but gene selection has more bio-

logical meanings. However, tumor-related gene selection poses another challenge in

tumor classi¯cation due to the curse of dimensionality that the number of genes far

exceeds the number of samples. If a sample contains n genes, 2n candidate gene

subsets must be checked to select optimal gene subsets with the highest accuracy and

the least cardinal number, which can improve the prediction performance of classi-

¯cation model, otherwise too many redundant or irrelevant genes can degrade the

classi¯cation accuracy,11 but this is a NP-hard problem in the case of no prior

knowledge. Particularly, the selected gene subsets may have important biomedical

meanings and be applied to the discovery of cancer biomarkers and drug targets.

Many gene selection algorithms such as sequential forward search (SFS),12 support

vector machine based recursive feature elimination,6 sequential forward °oating

search (SFFS) algorithm12 and Markov blanket-embedded genetic algorithm13 are

successfully applied to tumor classi¯cation. However, these methods are very time-

consuming because each candidate subset has to be evaluated before selected.

In recent years, a rough set theory14 that is suited to deal with the uncertainty of

decision system has been developed,15 and successfully applied to GEP-based gene

selection.16 Fang et al.17,7 utilized rough set approach to predict leukemia and found

eight tumor-related genes and eight informative rules on the leukemia dataset.

However, before gene reduction by classical rough set method, gene expression values

must be discretized, which can lead to information loss before classi¯cation. To avoid
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this problem, Hu et al.18 proposed a neighborhood rough set model based on �

neighborhood and neighborhood relations, which directly processes real values

without discretization as demonstrated by experiments on UCI datasets.

This paper applied the neighborhood rough set model to gene selection and

proposed a weighted neighborhood classi¯er (W-NEC) to address imbalanced tumor

dataset problem, which combines both the neighborhood classi¯er (NEC)18,19 and

the sample imbalance processing method in Ref. 20. Neighbor-weighted k-nearest

neighbor (NWk-NN) is proposed by Tan20 for categorization of imbalanced text

corpus. Our W-NEC and NWk-NN have much in common for subclass decision in

that both W-NEC and NWk-NN estimates the subclass of an unknown sample from

its weighted neighbors. However, there is di®erence between the two classi¯ers. For

NWk-NN classi¯er, the neighbor number of an unknown sample s is a constant k,

while for W-NEC classi¯er, the number of training samples within � neighborhood of

an unknown sample s vary with di®erent sample s. On the contrary, for W-NEC, the

range of �ðsÞ is a constant � in the process of classi¯cation, while for NWk-NN, the

range of k-nearest neighbors varies with di®erent unknown sample s. The purpose of

our method is both to alleviate the e®ect of sample imbalance and improve the

e®ectiveness of informative gene selection on tumor classi¯cation by using the

neighborhood rough set model.

2. Tumor Classi¯cation Model

2.1. Problem description

Let G ¼ fg1; . . . ; gng be a set of genes and S ¼ fs1; . . . ; smg be a set of samples. The

gene expression matrix can be represented asX ¼ fxi;jj1 � i � m; 1 � j � ng, where
xi;j is the expression level of gene gj on sample si, and usually n � m. The matrix X

is composed of m row vectors si 2 Rn; i ¼ 1; 2; . . . ;m. Here, m is the number of

samples and n is the number of genes. Each vector si in the gene expression matrix

may be thought of as a point in n-dimensional space, and each of the n columns

consists of an m-element expression vector for a single gene. Our task is to classify all

samples into subclass set � : f!1; !2; . . . ; !cg, and each subclass !i is labeled as li.

Here L ¼ fl1; l2; . . . ; lcg denotes a label set. Suppose !i; i 2 f1; . . . ; cg be the subset of
sample set S, satisfying !i \ !j ¼ �; i 6¼ j, [ c

i¼1!i ¼ S, which means that each vector

ideally belongs to only one subclass !i; i 2 f1; . . . ; cg.

2.2. Neighborhood-based rough set model

Let NDT ¼ hS;G [D;V ; fi be a neighborhood decision table, where S ¼
fs1; . . . ; smg is a nonempty sample set called sample space, and G ¼ fg1; . . . ; gng is a

nonempty set of genes also called condition attributes,D ¼ fLg is an output variable

called decision attribute, Va is a value domain of attribute a 2 G [D, f is an infor-

mation function, f : S � ðG [DÞ ! V , where V ¼ [a2G[DVa.
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Given 8 si 2 S and B � G, the neighborhood �BðsiÞ of si in the subspace B is

de¯ned as �BðsiÞ ¼ fsjjsj 2 S;�Bðsi; sjÞ � �g, where � is a threshold value, and �B

ðsi; sjÞ is a metric function in subspace B. Let s1 and s2 be two samples in n-

dimensional space G ¼ fg1; . . . ; gng, fðs; giÞ denotes the value of sample s in the ith

dimension gi. Then Minkowsky distance is de¯ned as

�pðs1; s2Þ ¼
Xn
i¼1

jfðs1; giÞ � fðs2; giÞjp
 !

1=p

; ð1Þ

where (1) if p ¼ 1, it is called Manhattan distance �1; (2) if p ¼ 2, it is called

Euclidean distance �2; (3) if p ¼ 1, it is called Chebychev distance.

Given a neighborhood decision table NDT, X1;X2; . . . ;Xc are the sample subsets

with decisions 1 to c, �BðxiÞ is the neighborhood information granules including xi,

and generated by gene subset B � G, then the lower and upper approximations of

the decision D with respect to gene subset B are respectively de¯ned as

LowerðD;BÞ ¼
[c
i¼1

LowerðXi;BÞ ; ð2Þ

UpperðD;BÞ ¼
[c
i¼1

UpperðXi;BÞ ; ð3Þ

where LowerðX;BÞ ¼ fxij�BðxiÞ � X;xi 2 Sg is the lower approximations of the

sample subset X with respect to gene subset B, and is also called the positive region

denoted by PosðD;BÞ, and UpperðX;BÞ ¼ fxij�BðxiÞ \X 6¼ �; xi 2 Sg is the upper

approximations of the sample subset X with respect to gene subset B. The decision

boundary region of D to B is de¯ned as

BNðD;BÞ ¼ UpperðD;BÞ � LowerðD;BÞ : ð4Þ
The dependency degree of D to B is de¯ned as the ratio of consistent objects

�ðD;BÞ ¼ CardðPosðD;BÞÞ=CardðSÞ, here we de¯ne �ðD; �Þ ¼ 0, and CardðSÞ
denotes the cardinal number of sample set S. Let a 2 B, then the signi¯cance of a

gene is de¯ned as

SIGða;D;BÞ ¼ �ðD;BÞ � �ðD;B� aÞ ð5Þ

or as SIGða;D;BÞ ¼ �ðD;B [ aÞ � �ðD;BÞ.

2.3. Improved neighborhood classi¯er

Hu18,19 designed a uniform theoretic framework for neighborhood-based classi¯er

(NEC) based on the neighborhood rough set model, which integrates feature selec-

tion with classi¯er construction, and classi¯es an unknown sample s in the selected

subspace based on themajority subclass in the neighborhood of the unknown sample s.

Their experimental results on UCI datasets show that NEC classi¯er outperforms
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the popular CART learning algorithm and k-NN classi¯er, and a little weaker than

SVM based on three norms. The NEC classi¯er algorithm can be described in Algo. 1.

Algorithm 1: Neighborhood classifier (NEC)
Input: Training set hS;G [ fLgi, unknown sample s, threshold �,

the selected norm.
Output: Class label of sample s.
1: Compute the distance between s and si 2 S with the selected

norm.
2: Find the samples in the neighborhood �ðsÞ of sample s.
3: Find the class !i with the majority training samples in �ðsÞ,

i.e. !� ¼ arg max!j2�ðcardð!j \ �ðsÞÞÞ, where i 2 f1; . . . ; cg and � ¼
f!1; !2; . . . ; !cg.

4: Label the unknown sample s with the label l� 2 L corresponding
to the class !�.

An example with an imbalanced two-subclass dataset for NEC is shown in Fig. 1,

from which we can see that the unknown sample is assigned to Class 1 label because

within � neighborhood of the unknown sample represented by square there are nine

samples of Class 1 and only four samples of Class 2, while the unknown sample may

belong to Class 2. In NEC algorithm, threshold � can be computed as Eq. (6).

� ¼ minð�ðxi; sÞÞ þ w � rangeð�ðxi; sÞÞ; 0 	 w � 1 ; ð6Þ
where xiði ¼ 1; . . . ;mÞ is the training sample set, minð�ðxi; sÞÞ denotes the minimal

value of distance between xi and the unknown sample s; rangeð�ðxi; sÞÞ denotes the
value range of �ðxi; sÞ, and w is a weight value.

However, the NEC classi¯er overlooks sample imbalance problem. When classi-

fying the imbalanced tumor dataset, NEC classi¯er tends to assign the subclass label

of majority samples in the neighborhood set �ðsÞ to each unknown sample s. As a

result, the more samples a subclass has, the higher the classi¯cation accuracy for this

subclass is. This can lead to the decrease of classi¯cation accuracy in the case of that

the number of samples in a subclass is very small. Therefore, based on the idea in

neighborhood of 

unknown sample s

Unknown 

sample s

δ

Class 1

Class 2

Fig. 1. A diagram with two imbalanced subclasses for neighborhood classi¯er.
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Ref. 20 that k-NN classi¯er is improved to deal with imbalanced dataset, we proposed

an improved NEC classi¯er to alleviate the e®ect of sample imbalance in dataset on

classi¯cation performance. We called this improved NEC classi¯er as weighted NEC

(W-NEC).

Furthermore, we designed two weighting methods to evaluate subclass weight for

each subclass ! 2 � in dataset. The two methods are represented by Eqs. (7) and (8)

called Weight1 and Weight2 methods, respectively.

Weight1ðiÞ ¼ 1=ððcardð!iÞ=minfcardð!jÞjj ¼ 1; . . . ; cgÞ1=ExponentÞ ; ð7Þ

Weight2ðiÞ ¼ 1� log sigmðcardð!iÞ=minfcardð!jÞjj ¼ 1; . . . ; cgÞ ; ð8Þ

where i 2 L and sigmðxÞ ¼ 1=ð1þ expð�xÞÞ is sigmoid function. W-NEC classi¯er

can be obtained by only revising Step 3 in the NEC algorithm as follows.

!� ¼ arg max
!j2�

ðWeightðjÞ � cardð!j \ �ðsÞÞÞ : ð9Þ

Assuming that all subclasses in tumor dataset are evenly balanced, Weight1ðiÞ,
i 2 L is always equal to 1 and Weight2ðiÞ, i 2 L is always approximately equal to a

constant 0.2689. In this case, W-NEC classi¯er is the same as the NEC classi¯er.

Therefore, applyingWeight1 orWeight2 method to tumor dataset, we assigned small

weight to the majority subclass and vice versa. Intuitively, the goal of alleviating the

e®ect of sample imbalance problem on the tumor classi¯cation is attained. However,

we did not theoretically determine which weighting method of the two is the best for

tumor classi¯cation and whether the W-NEC classi¯er is superior to the NEC

classi¯er or not.

2.4. Algorithm framework

Although the classic rough set theory based feature reduction is e®ective, its

classi¯cation performance is not obviously improved compared with other gene

selection methods due to the information loss from the discretization of gene ex-

pression values before tumor classi¯cation. Therefore, the neighborhood rough set

model is introduced to tumor classi¯cation, in which the discretization procedure can

be omitted, so no information loss occurs before gene reduction. The framework of

our algorithm consists of three steps.

Step 1: Adopt Kruskal�Wallis rank sum test21 to calculate the p-value for each

gene, and then rank all genes according to their p-values by ascending order, and

lastly simply selecting P top-ranked genes.

Step 2: Adopt the forward attribute reduction based on neighborhood model

(FARNeM)18,19 as shown in Algo. 2 to conduct gene reduction using the P top-

ranked genes, and then the informative gene subsets are obtained.

264 S.-L. Wang et al.



Algorithm 2: FARNeM
Input: NDT ¼ hS;G [D;V ; fi and � neighborhood
Output: red //reduction of gene set
1: 8a 2 A, compute neighborhood relation Na;
2: red ¼ �; //red is the pool to contain the selected genes
3: for each 8 ai 2 A� red

Compute SIGðai;D; redÞ ¼ �ðD; red [ aiÞ � �ðD; redÞ;
4: Select ak, and satisfy SIGðak;D; redÞ ¼ maxiðSIGðai;B; redÞÞ;
5: if SIGðak; red;DÞ > 0

red ¼ red [ ak;

go to 3
else return red.

In FARNeM algorithm, �ðD;BÞ ¼ CardðLowerðD;BÞÞ=CardðSÞ denotes the

dependency of decision feature D to condition feature B, and SIGða;B;DÞ ¼
�ðD;B [ aÞ � �ðD;BÞ denotes the signi¯cance of feature a with respect to B. The

FARNeM appends the optimal informative gene into the reduction set in each loop

until the dependence does not increase. Given a � value, one optimal gene subset can

be selected by running the FARNeM only once. Usually, di®erent optimal gene

subset corresponds to di®erent � value (it is possible that the same gene subsets

correspond to di®erent � value in some cases), so the selected gene subsets are

diverse.

Step 3: Classify tumor samples by W-NEC and evaluate with unknown samples to

obtain the classi¯cation accuracy and gene subsets with the highest accuracy.

3. Experiments

3.1. Tumor datasets

In our experiments, we adopted three tumor datasets: Leukemia dataset,22 Colon

dataset23 and Small Round Blue Cell Tumor (SRBCT) dataset.5 The leukemia and

colon datasets that contain only two subclasses are described in Table 1.

SRBCT dataset which contains 88 samples and 2,308 genes for each sample were

downloaded from http://research.nhgri.nih.gov/microarray/Supplement. According

to the suggestion in original paper, the datasets were divided into 63 training samples

and 25 test samples. The 63 training samples contain 23 Ewing family of tumors

Table 1. Description of the two tumor datasets in our experiments.

Tumor dataset #Gene #Sample Subtype 1 Subtype 2

Leukemia 7129 72 47 (ALL) 25 (AML)
Colon 2000 62 40 (Tumor) 22 (Normal)
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(EWS), 20 rhabdomyosarcomas (RMS), 12 neuroblastomas (NB), and eight Burkitt

lymphomas (BL). The 25 test samples contain six EWSs, ¯ve RMSs, six NBs, three

BLs. Five non tumor-related samples are removed in our experiments. The imbalance

of these three datasets is obvious, i.e., one subtype's number is two to three times of

the other one, even though it is not the extreme of imbalance in dataset.

3.2. Parameters optimization

In our experiments, four parameters need to be optimized. First, 4-fold cross-

validation (CV) method was adopted to evaluate our classi¯cation model on the

three datasets, respectively. Second, in forward attribute reduction algorithm, the

range of � neighborhood is from 0.01 to 1 with the increment of 0.01, and for each �

value we can obtain a gene subset. Third, the range of w in Eq. (6) is from 0 to 1

increased by 0.01. Last, the range of parameter Exponent in Eq. (7) is from 1 to 6 by

0.5. Our ¯nal goal is to ¯nd the best combination of these parameters.

4. Experimental Results and Analysis

4.1. Comparison of W-NEC with NEC and other related classi¯ers

To validate the e®ectiveness of Kruskal�Wallis rank sum test (KWRST) and to

evaluate the classi¯cation ability of W-NEC, we respectively selected from 5 to 100

top-ranked genes to be used as the input of the two classi¯ers. Figures 2�4 show the

classi¯cation accuracy of W-NEC with Weight1 and NEC with di®erent numbers of

top-ranked genes on the three tumor datasets, respectively. We found that the ac-

curacy obtained by W-NEC on the three datasets is equal to or higher than that by

NEC. Especially, for the colon dataset that is di±cult to be classi¯ed, W-NEC
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Fig. 2. The comparison of classi¯cation accuracy on colon tumor dataset using W-NEC and NEC
classi¯er with di®erent genes pre-selected by KWRST.
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classi¯er is obviously superior to NEC in the classi¯cation accuracy rate. We con-

cluded that our W-NEC obviously improves the classi¯cation performance on the

dataset with complex boundary between its every two subclasses.

To compare the classi¯cation ability among the three classi¯ers: NEC, W-NEC

with Weight1 and W-NEC with Weight2, we adopted principal component analysis

(PCA) to extract principal components (PCs) from 25 or 50 top-ranked genes to be

used as the input of the classi¯ers. The accuracy on the three classi¯ers is shown in

Table 2, from which we can see that W-NEC withWeight1 is better than or as well as

NEC classi¯er, but W-NEC with Weight2 is not consistently superior to NEC clas-

si¯er, which indicates that W-NEC with Weight2 is not steady in performance.

After selecting the gene subsets with minimum cardinal number by using

FARNeM, we adopted W-NEC with Weight1 to evaluate them. Table 3 shows
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Fig. 3. The comparison of classi¯cation accuracy on leukemia dataset using W-NEC and NEC classi¯er.
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Fig. 4. The comparison of classi¯cation accuracy on SRBCT dataset using W-NEC and NEC classi¯er.
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various selected gene subsets and their corresponding 4-fold CV accuracy by using

W-NECwithWeight1 on each gene subset, fromwhich we can see that seven genes can

obtain 95.16% accuracy on the colon dataset, and two genes can obtain 100% accuracy

on the leukemia dataset, and six genes can obtain 100% accuracy on SRBCT dataset.

Comparison with some other related tumor classi¯cation methods in accuracy is

shown in Table 4, which indicates that our approach obtains almost the best results

Table 2. The comparison of classi¯cation accuracy of the three classi¯ers.

CV accuracy (%)

Dataset #Top-ranked genes #PCs NEC W-NEC (Weight1) W-NEC (Weight2)

Colon 25 2 90.32 90.32 90.32
3 90.32 90.32 87.10

4 88.71 90.32 90.32

50 2 88.71 90.32 88.71

3 88.71 88.71 87.10

4 83.87 83.87 82.23

Leukemia 25 2 97.22 98.61 98.61

3 97.22 97.22 98.61

4 94.44 94.44 94.44

50 2 97.22 97.22 97.22

3 97.22 97.22 97.22
4 95.83 97.22 97.22

SRBCT 25 2 100.00 100.00 98.80
3 100.00 100.00 100.00

4 100.00 100.00 100.00

50 2 100.00 100.00 100.00
3 100.00 100.00 100.00

4 100.00 100.00 100.00

Table 3. 4-Fold CV accuracy using W-NEC classi¯er with Weight1 method.

Dataset Selected genes CV Acc. %

Colon fJ05032, M36634g 93.55
fM63391, Z50753, U22055, Z48541, T51023, T62972, T62947g 95.16

fJ02854, X12671, Z50753g 93.55

Leukemia fX95735, HG1612-HT1612g 100
fM23197, M31523, M27891g 100

fM23197, M11722g 100

fM23197, Y07604, M31523g 100

fX95735, M31211, Y07604g 100

SRBCT f383188, 491565, 796258, 812105, 207274, 295985g 100

f207274, 1435862, 812105, 377461g 98.80
f383188, 1435862, 812105, 207274, 859359g 98.80

f841641, 383188, 812105, 207274, 1474684g 98.80

f383188, 811000, 812105, 207274, 770394g 98.80
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among the listed approaches. For the colon dataset, our approach outperforms the

other ones except the JCFO (linear kernel), and for the leukemia and SRBCT

datasets our approach is also equal to or better than other methods in accuracy.

Moreover, our gene selection method can obtain near minimum gene subset with a

range of 2�7 genes for classi¯cation (shown in Table 3). For example, Khan et al.5

selected 96 informative genes obtaining 100% accuracy and Deutsch24 adopted

evolutionary algorithm and k-NN classi¯er to select 12 informative genes obtaining

100% classi¯cation accuracy. Experiments on the three datasets also show that

gene selection by a neighborhood rough set model obviously outperforms that by a

classic rough set theory. Therefore, compared with some other related works, our

method performs well in imbalanced dataset and is simple and easy to interpret

biomedically.

4.2. Function analysis of the selected genes

Biologically experimental results also prove that most of the selected gene subsets are

related to carcinogenesis and tumor histogenesis. For leukemia, Zyxin is a gene

correlated to leukemia of ALL and Zyxin protein possesses LIM domain which is

known to interact with leukemogenic bHLH proteins.25 CD33 is a marker of leukemia

(ALL) and is also a member of the sialic acid-binding immunoglobulin-like lectin

(Siglec) family of inhibitory receptors and a therapeutic target for acute myeloid

leukemia.26 The NM23 gene is isolated as a metastasis suppressor gene that exhibits

low expression in high-level metastatic cancer cells. Its gene is related to the

Table 4. The comparison of performance by using di®erent classi¯ers on the three tumor datasets.

Methods Dataset CV Acc.% Ref.

Signal to noise ratio þ SVM Colon 90.30 [31]

Leukemia 94.10

Genetic Algorithm (GA) þ k-nearest neighbor (k-NN) Colon 94.10 [8]

Leukemia 84.60

JCFO (linear kernel) Colon 96.80 [32]

Leukemia 100

Partial least square þ Quadratic discriminant analysis Colon 91.90 [33]
Leukemia 96.40

Classical rough set þ SVM-RBF Colon 87.10 [34]
Leukemia 97.22

Gene selection based on gene regulation probability þ SVM Colon 81.82 [35]

Leukemia 100

The signi¯cance of gene to tumor þ ANN SRBCT 100 [5]

Evolutionary algorithm þ k-NN SRBCT 100 [24]

Kruskal-Wallis rank sum test þ neighborhood rough set Colon 95.16 Ours

model þ W-NEC Leukemia 100
SRBCT 100
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prognosis of acute myelogenous leukemia (AML) and non-Hodgkin's lymphoma

(NHL).27 For colon tumor, gene M36634 (Vasoactive Intestinal Peptide, VIP) is

closely related to colon tumor.28 VIP can enhance the proliferation of colon cell lines

Lovo and HT29 and AOM (adenosine 3', 5'-monophosphate, ornithine decarbox-

ylase) induced colon tumor growth, as well as the increase of ornithine decarboxylase

(ODC) mRNA. GCAP-II gene has a high level of expression in human colon, which

indicates a pivotal role in cGMP-mediated functions of the colon, and it stimulates

cGMP generation in T84 cells (colonic carcinoma cell line).29 The heterogeneous

nuclear ribonucleoprotein K (hnRNP K) protein is an RNA-binding protein involved

in many processes that regulate gene expression. K protein is upregulated in the

malignant processes and has been shown to modulate the expression of genes

involved in mitogenic responses and tumorigenesis. A single G-to-A base substitution

at position 274 in this gene was found in tumors and surrounding mucosa, but not in

individuals that had no colorectal tumor.30

4.3. The e®ects of di®erent parameters on tumor classi¯cation

We studied the e®ects of di®erent parameters on the performance of our classi¯cation

models. With Exponent values ranging from 1 to 6.8 with an increment of 0.2, the

classi¯cation accuracy do not vary much, which indicates that the classi¯cation

accuracy is not sensitive to the Exponent value, so the Exponent value in W-NEC

with Weight1 method can be ¯xed to 1 for the three tumor datasets.

For every � neighborhood value in FARNeM algorithm, we can obtain an optimal

gene subset. Therefore, when � neighborhood takes values from 0.01 to 1 with the

increment of 0.01, 100 gene subsets can be obtained. Then we adopted W-NEC

classi¯er to evaluate the 100 gene subsets to obtain their 4-fold CV accuracy.

Figures 5 and 6 show the classi¯cation accuracy with di®erent � neighborhood values

on the three datasets respectively, from which we can see that the classi¯cation
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(a) Colon dataset
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(b) Leukemia dataset

Fig. 5. The classi¯cation accuracy varying with � neighborhood on the two tumor datasets.
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accuracy rate is sensitive to � neighborhood value. We found that the range of

optimal � neighborhood value is di®erent on di®erent datasets and that the optimal

or near optimal � neighborhood take values within the range [0.5�0.9] for the three

datasets.

5. Conclusions and Future Work

Usually, complex methods are not necessarily better than the simplest one in per-

formance and the loss of biomedical meaning deriving from the utilization of over-

complexmethodsmay be not signi¯cantly be counterbalanced by a little improvement

in prediction performance.36This paper proposed a simple subclass-weighted classi¯er,

W-NEC, that is improved from NEC to deal with the problem of sample imbalance in

tumor dataset. Two subclass-weighted methods, Weight1 and Weight2 methods, are

designed, respectively. The experiments on three tumor datasets show that W-NEC

withWeight1 is superior to NECwhileW-NECwithWeight2 is not always superior to

NEC.Especially,W-NECcan improve the classi¯cation accuracy of imbalanced tumor

datasets when the boundary between every two subtypes in the dataset is not clear.

The main advantage of the proposed method is its simplicity to biomedical in-

terpretation, but its disadvantage is that there are two parameters to be set, and

¯nding the best combination of the two parameters is a time-consuming task.

Therefore, our future work is to ¯nd the best combination of the two parameters

without increasing the computational cost. Another work is to design better

subclass-weighted method to further improve the classi¯cation performance of

imbalanced dataset.

Acknowledgment

This work was supported by the National Science Foundation of China (60973153 and

30700161), the Knowledge Innovation Program of the Chinese Academy of Sciences

(0823A16121) and the China Postdoctoral Science Foundation (20090450707).

0 0.2 0.4 0.6 0.8 1
70

75

80

85

90

95

100

Delta neighborhood value

4-
fo

ld
 c

ro
ss

-v
al

id
at

ed
 a

cc
ur

ac
y 

ra
te

Fig. 6. The classi¯cation accuracy with various � neighborhood on SRBCT dataset.

Weighted Neighborhood Classi¯er for the Classi¯cation of Imbalanced Tumor Dataset 271



References

1. M. Schena, DNA Microarrays: A Practical Approach (Oxford University Press,
New York, 2000).

2. L. M. Fu and C. S. Fu-Liu, Multi-class cancer subtype classi¯cation based on gene
expression signatures with reliability analysis, FEBS Lett. 561 (2004) 186�190.

3. C. H. Zhang, D. S. Huang, L. Zhang and X. Z. Kong, Tumor clustering using non-negative
matrix factorization with gene selection, IEEE Tran. Inform. Tech. Biomed. 13 (2009)
599�607.

4. D. G. Covell, A. Wallqvist, A. A. Rabow and N. Thanki, Molecular classi¯cation of
cancer, unsupervised self-organizing map analysis of gene expression microarray data,
Mol. Cancer Therap. 2 (2003) 317�332.

5. J. Khan, J. S. Wei, M. Rign�er, L. H. Saal, M. Ladanyi, F. Westermann, F. Berthold,
M. Schwab, C. R. Antonescu, C. Peterson and P. S. Meltzer, Classi¯cation and diagnostic
prediction of cancers using gene expression pro¯ling and arti¯cial neural networks,
Nat. Med. 7 (2001) 673�679.

6. I. Guyon, J. Weston, S. Barnhill and V. Vapnik, Gene selection for cancer classi¯cation
using support vector machines, Mach. Learn. 46 (2002) 389�422.

7. J. W. Fang and J. W. Grzymala-Busse, Mining of microRNA expression data: A rough
set approach. LNCS 4029 (2006) 899�908.

8. L. Li, C. R. Weinberg, T. A. Darden and L. G. Pedersen, Gene selection for sample
classi¯cation based on gene expression data: Study of sensitivity to choice of parameters
of the GA/KNN method, Bioinformatics 17 (2001) 1131�1142.

9. K. Yang, J. Z. Li, C. K. Wang and H. Gao, Evaluation models for the e®ect of sample
imbalance on gene selection, Proc. 1st Int. Multi-Symp. Computer and Computational
Sciences, Hangzhou, China (2006), pp. 56�63.

10. D. S. Huang and C. H. Zheng, Independent component analysis based penalized dis-
criminant method for tumor classi¯cation using gene expression data, Bioinformatics
22 (2006) 1855�1862.

11. H. L. Huang, C. C. Lee and S. Y. Ho, Selecting a minimal number of relevant genes from
microarray data to design accurate tissue classi¯ers, BioSystems 90 (2007) 78�86.

12. M. M. Xiong, X. Z. Fang and J. Y. Zhao, Biomarker identi¯cation by feature wrappers,
Genome Res. 11 (2001) 1878�1887.

13. Z. X. Zhu, Y. S. Ong and M. Dash, Markov blanket-embedded genetic algorithm for gene
selection, Pattern Recogn. 40 (2007) 3236�3248.

14. Z. Pawlak, Rough sets, Int. J. Comput. Info. Sci. 11 (1982) 341�356.
15. K. Thangavel and A. Pethalakshmi, Dimensionality reduction based on rough set theory:

A review, Appl. Soft Comput. 9 (2009) 1�12.
16. H. Midelfart, J. Komorowski, K. Norsett, F. Yadetie, A. K. Sandvik and A. Laegreid,

Learning rough set classi¯ers from gene expressions and clinical data, Fundamenta
Informaticae 53 (2002) 155�183.

17. J. W. Fang and J. W. Grzymala-Busse, Leukemia prediction from gene expression data:
A rough set approach, LNCS 4062 (2006) 758�765.

18. Q. Hu, D. Yu and Z. Xie, Numerical attribute reduction based on neighborhood granu-
lation and rough approximation, J. Software 19 (2008) 640�649.

19. Q. Hu, D. Yu and Z. Xie, Neighborhood classi¯ers, Expert Syst. Appl. 34 (2008) 866�876.
20. S. Tan, Neighbor-weighted K-nearest neighbor for unbalanced test corpus, Expert Syst.

Appl. 28 (2005) 667�671.
21. W. H. Kruskal and W. A. Wallis, Use of ranks in one-criterion variance analysis, J. Amer.

Stat. Assoc. 47 (1952) 583�621.

272 S.-L. Wang et al.



22. T. R. Golub, D. K. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J. P. Mesirov,
H. Coller, M. L. Loh, J. R. Downing, M. A. Caligiuri, C. D. Bloom¯eld and E. S. Lander,
Molecular classi¯cation of cancer: Class discovery and class prediction by gene expression
monitoring, Science 286 (1999) 531�537.

23. U. Alon, N. Barkai, D. A. Notterman, K. Gish, S. Ybarra, D. Mack and A. J. Levine,
Broad patterns of gene expression revealed by clustering analysis of tumor and normal
colon tissues by oligonucleotide arrays, PNAS. USA 96 (1999) 6745�6750.

24. J. Deutsch, Evolutionary algorithm for ¯nding optimal gene sets in microarray prediction,
Bioinformatics 19 (2003) 45�52.

25. I. Wadman, J. X. Li, R. O. Bash, A. Forster, H. Osada, T. H. Rabbitts and R. Baer,
Speci¯c in vivo association between the bHLH and LIM proteins implicated in human
T cell leukemia, EMBO J. 13 (1994) 4831�4839.

26. S. J. Orr, N. M. Morgan, J. Elliott, J. F. Burrows, C. J. Scott, D. W. McVicar and J. A.
Johnston, CD33 responses are blocked by SOCS3 through accelerated proteasomal-
mediated turnover, Blood 109 (2007) 1061�1068.

27. N. Niitsu, Y. Honma, K. Iijima, T. Takagi, M. Higashihara, U. Sawada and J. Okabe-
Kado, Clinical signi¯cance of nm23-H1 proteins expressed on cell surface in non-
Hodgkin's lymphoma, Leukemia 17 (2003) 196�202.

28. M. Tatsuta, H. Iishi, M. Baba, R. Yamamotor, H. Ueharah and A. Nakaizumia,
Attenuation of vasoactive intestinal peptide enhancement of colon carcinogenesis by
ornithine decarboxylase inhibitor, Cancer Lett. 93 (1995) 219�225.

29. O. Hill, Y. Cetin, A. Cieslak, H. J. Magert and W. G. Forssmann, A new human gua-
nylate cyclase-activating peptide (GCAP-II, uroguanylin): Precursor cDNA and colonic
expression, Bioch. Bioph. Acta 1253 (1995) 146�149.

30. K. Klimek-Tomczak, M. Mikula, A. Dzwonek, A. Paziewska, J. Karczmarski, E. Hennig,
J. M. Bujnicki, P. Bragoszewski, O. Denisenko, K. Bomsztyk and J. Ostrowski, hnRNP K
protein mRNA in colorectal adenocarcinoma and surrounding mucosa, Brit. J. Cancer 94
(2006) 586�592.

31. T. S. Furey, N. Cristianini, N. Du®y, D. W. Bednarski, M. Schummer and D. Haussler,
Support vector machine classi¯cation and validation of cancer tissue samples using
microarray expression data, Bioinformatics 16 (2000) 906�914.

32. B. Krishnapuram, L. Carin and A. Hartemink, Gene expression analysis: Joint feature
selection and classi¯er design, Kernel Methods in Computational Biology, eds.
B. Sch€olkopf, K. Tsuda and J.-P. Vert (MIT Press, Cambridge, MA, 2004), pp. 299�317.

33. D. V. Nguyen and D. M. Rocke, Tumor classi¯cation by partial least squares using
microarray gene expression data, Bioinformatics 18 (2002) 39�45.

34. S. L. Wang, H. W. Chen, F. R. Li and D. X. Zhang, Gene selection with rough sets for the
molecular diagnosing of tumor based on support vector machines, Int. Computer Symp.
2006, Taiwan, China (2006), pp. 1368�1373.

35. H. Q. Wang and D. S. Huang, Regulation probability method for gene selection, Pattern
Recogn. Lett. 27 (2006) 116�122.

36. B. Haibe-Kains, C. Desmedt, C. Sotiriou and G. Bontempi, A comparative study of
survival models for breast cancer prognostication based on microarray data: Does a single
gene beat them all? Bioinformatics 24 (2008) 2200�2208.

Weighted Neighborhood Classi¯er for the Classi¯cation of Imbalanced Tumor Dataset 273


	WEIGHTED NEIGHBORHOOD CLASSIFIER FOR THE CLASSIFICATION OF IMBALANCED TUMOR DATASET
	1. Introduction
	2. Tumor Classification Model
	2.1. Problem description
	2.2. Neighborhood-based rough set model
	2.3. Improved neighborhood classifier
	2.4. Algorithm framework

	3. Experiments
	3.1. Tumor datasets
	3.2. Parameters optimization

	4. Experimental Results and Analysis
	4.1. Comparison of W-NEC with NEC and other related classifiers
	4.2. Function analysis of the selected genes
	4.3. The effects of different parameters on tumor classification

	5. Conclusions and Future Work
	Acknowledgment
	References




