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Abstract—In this paper we propose a feature similarity based
redundancy reduction (FSRR) algorithm for high-dimensional
gene expression data analysis. FSRR has two steps. First, the
relevance of each feature is evaluated. Second, based on the
relevance, the redundant features are removed by feature
similarity. The efficiency and effectiveness of our algorithm is
established through an experimental study using gene expression
data. Four state-of-art feature ranking algorithms and three
feature similarity measures are compared and discussed in our
work. The results indicate that our algorithm has the capability of
finding a well-suited feature set and improving the classification
accuracy.

1. INTRODUCTION

Feature selection is an important technique in mining large
data set. Obtaining a smaller set of representative features,
remaining the characteristics of the data, is very helpful to save
processing time and build more accurate learning system.

Many feature selection methods have been proposed [1].
They can be broadly grouped into two categories: filter model
and wrapper model. In filter model, features are evaluated
based on the general characteristics of the data without relying
on any mining algorithms. On the contrary, wrapper model
requires one mining algorithm and uses its performance to
determine the goodness of feature sets. The wrapper model
searches features better suited to the mining algorithm thus
achieves higher accuracy. However, it is more computationally
expensive than filter model.

The major challenge of gene expression data analysis is the
large number of genes compared to the small number of
samples in a typical experiment. Only some of the genes are
informative while many other genes are redundant [2]. These
redundant genes introduce unnecessary noise to the microarray
analysis and result in computational difficulties for clustering
and classification. Therefore, removing redundant and
irrelevant genes and finding a subset of discriminative genes is
crucial for gene expression data analysis. Feature ranking
methods are widely used for gene selection. However, the
implementation involves two problems:

(1) How many genes should be selected? People use top
ranked genes heuristically but cannot determine the optimal
feature set.

This work is supported in part by NIH under P20 GM065762.

X. Fu, F. Tan, H. Wang, Y-Q. Zhang, and R. Harrison are with the
Department of Computer Science, Georgia State University, Atlanta, GA.
30303, USA. Fax: (404) 463-9912 (e-mail:xful @gsu.edu, ftan@gsu.edu
hwangl0@gsu.edu, zhang@taichi.cs.gsu.edu, cscrwh@asterix.cs.gsu.edu)

(2) Which genes are enough to describe the pattern of data and
which genes are redundant or even noisy?

Top ranked genes may be highly correlated and cannot
cover all characteristics of data. Therefore only using top
ranked features cannot achieve good performance. In this
paper, we suggest a two-step algorithm, named as FSRR, for
feature selection by taking feature relevance and redundancy
into consideration. The features have been ranked in the non-
increasing order of relevance. FSRR starts with the top feature
(the most relevant feature) and filter features one by one in
order based on the feature similarity between a feature and the
selected feature set. Therefore FSRR has the ability to select
both top ranked features and low ranked features. We test our
algorithm using four feature ranking algorithms (t-test[2],
fisher[3], SVM-RFE[4] and AROM-SVM]5]) and three
feature similarity measures (Correlation coefficient, Least
square regression error, and Maximal information compression
index [6]) with Prostate cancer data[7].

The rest of the paper is organized as follows. In Section 2,
we introduce the feature ranking and feature similarity and
present our algorithm. Experiment results are shown in Section
3. Conclusion is drawn in Section 4.

2. ALGORITHM

2.1. Feature ranking and feature similarity

Feature selection methods search for the best feature set in
order to reduce dimensionality and improve the classification
accuracy. Exhaustive search on all possible subsets of features
can reveal the optimal feature set but is too time-consuming,
sometimes unfeasible for larger number of features. Therefore,
heuristic search is necessary. To carry out heuristic search, we
need to know which features are relevant and which are
redundant. Feature ranking methods generally evaluate the
relevance of each feature using a scoring function and sort the
features in the decreasing order of relevance. Feature ranking
reveals the relevance of features but give no information about
the redundancy. Redundancy can be observed by measuring
the similarity between features. We make use of linear
dependency as the similarity measure in our work. For a
linearly separable data, it is known that if feature set A has
linear dependency with feature set B, the data is still linearly
separable if feature set A is removed [8]. Using both feature
ranking and feature similarity, we present a feature selection
algorithm for better classification.

2.2. FSRR
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Given a set of features ranked in non-increasing order of
relevance by a feature ranking algorithm, FSRR starts with the
top feature and filter features one by one in order based on the
feature similarity between a feature and the selected feature
set. Therefore FSRR is able to select both top ranked features
and low ranked features. The pseudo code of our algorithm is
shown in Figure 1.

Input: data
Output: feature set

1. Let L={f},f,,...,fn}, n is the number of features.
Features in L are sorted in non-increasing order of
relevance given by a feature ranking algorithm.

2. Let feature set={ f;}

3. foreachf,€Landi €[2,n]

4 sum=0;

5. siz=length(feature_set);

6. for each f; € feature_set and j €[1,siz]

7 sum=sum-+ Similarity(f;, f;)

8 end for

9. if sum/siz < 0

10. feature set ={ feature_set, f; }

11. end for

Feature 1. Pseudo code of FSRR.

In Figure 1, 0 is a constant. Similarity is a function
computing similarity between the two features. If the average
similarity between a feature and the feature set is less than a
certain value, this feature is added into the feature set,
otherwise ignored. The worst case of this algorithm is O(n®).

3. EXPERIMENTS

In this section, we experimentally evaluate our algorithm by
comparing four feature ranking algorithms and three feature
similarity measures on Prostate cancer data.

3.1 Data set

We choose the Prostate cancer data from UCI databases [7].
This dataset contains independent training dataset and testing
dataset. The training set contains 52 prostate tumor samples
and 50 normal prostate samples with around 12600 genes. The
testing dataset has 25 tumor and 9 normal samples that are
obtained from a different experiment. The data are normalized
into the range of [0,1].

3.2 Feature ranking algorithms

In this paper, we study four state-of-art feature ranking
algorithms. t-test[2], fisher[3], SVM-RFE[4] and AROM-
SVM]S5].

3.2.1. Filter-model algorithms

t-test: each sample belongs to one class + or -. For each
feature f;, the mean and standard deviation are calculated using
only the samples labeled +. Then a score T(f}) is given by :
| = |
T(f)=
@ (o))
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Where n.. is the number of samples labeled as 1.

Those features with the highest scores are considered as the
most discriminatory features.

fisher: ‘fisher’ is a classical measure to assess the degree of
separation between two classes. It is similar to t-test. The score
function is defined as:

(= uy
T(fy =it

3.2.2. Wrappe- model algorithms

SVM-RFE: this method is proposed by Guyon et al.[4] and
based on the concept of margin maximization.

The improtance of each feature is determined by its influence
on the predefined object function. The objective function J is
given by J=|w|? /2.
w, = (4, () = 1, (D) o, (+) + o, (=) » Where 4 and o,
are mean and standard deviation of the feature i for all samples

of class(+) and class(-).
SVM-RFE is a backward feature elimination method using

For feature i,

2 . _ .
W, as the ranking criterion. Features are removed in an

iterative procedure. In each iteration, the SVM is trained and
the features that minimize the change of objective function are
removed (typically only one feature).

AROM-SVM: Weston et al.[5S] suggested minimizing the
zero-norm || W||0:cardina1ity ( {wj : wj # 0} ) instead of
minimizing the /;-norm or [,-norm as in standard SVMs. An

approximately method was proposed to solve the [y-norm
formulation of SVMs. The method works in a backward

elimination procedure using | w, | as the ranking criterion.

3.3. Feature similarity measures

We present three similarity measures to reduce redundancy for
feature selection.

3.3.1. CC (Correlation coefficient):
cov(x, y)

pxy)= 4/ var(x) var(y)

Where x and y are two features. cov() represents the
covariance between two features. var() indicates the variance
of a feature.




is used as the similarity measure. | P (X,y)|

| P (X))l
ranges on [0,1]. If two features are linear dependent, |
P (X,y)| is 1. If two features are completely uncorrelated,

| p(X,y)| is0. Larger | p(X,y)| value indicates higher
dependency.

3.3.2. LSRE (Least square regression error):

The dependency between two features x and y is the mean
square error given by

2
e(x,y) = var(y)(1- p(x,y)")
e(x,y) ranges on [0, var(y)]. If two features are linear
dependent, e(x,y) is 0. If two features are completely

uncorrelated, e(x,y) is var(y). Larger e(x,y) value

indicates less dependency.

3.3.3. MICI (Maximal information compression index):

24,(x,y) = var(x) + var(y) —
\/ (var(x) + var(y))* — 4var(x) var(y)(1 — p(x, y)*)

ﬂz is the eigenvalue for the direction normal to the principle
component direction of features x and y. /12 ranges on [0,
0.5(var(x)+var(y))]. If two features are linear dependent, ﬂz is
0. If two features are completely uncorrelated, /12 is

0.5(var(x)+var(y)).Larger ﬂz value indicates less dependency.

3.4. Validation and classifier

We evaluate the various feature ranking methods and
similarity measures using Leave-one-out cross-validation
(LOO) and testing accuracy. LOO is a technique where a
classifier successively learns on m-1 samples and tested on the
remaining one. This is repeated m iterations and each sample
is left out once. Testing accuracy requires the whole data set is
partitioned into training set and testing set. The classifier is
first trained with training data and then tested with testing data.
The two validation measures differ in the choosing training
data and testing data. However, how to separate the whole data
into training and testing data is an open problem. LOO is
known to be a high variance estimator of generalization error
[9]. The performance of these two measures is discussed based
on our experiments in Section 3.5.

SVM (Support Vector Machine) with linear kernel is used
as the classifier. SVM has been compared with other models
[4,10,11] and is believed to be robust with sparse and noisy
data. Our feature selection and classification experiments are
completed in the Spider [12] environment running on a PC
with Pentium 4(2.64MHz) and 512M RAM.

3.5. Experimental results

3.5.1. LOO accuracy

The LOO accuracy of t-test, “fisher’, SVM-RFE, and AROM-
SVM is obtained by using top-ranked genes (features). It is
shown in Table 1. The highest accuracy of each method is in
bold.

Table 1. LOO accuracy on Prostate cancer data

# of Top t-test fisher | SVM-RFE | AROM-SVM
features

10 92.64 90.44 97.79 100.00

20 88.97 91.17 97.05 100.00

50 91.91 93.38 100.00 100.00

100 95.58 94.11 100.00 100.00

200 95.58 94.11 100.00 100.00

500 92.64 93.38 100.00 100.00

1000 95.58 94.11 100.00 100.00

2000 96.32 96.32 100.00 99.26

From Table 1, we can see that AROM-SVM achieves the
best LOO accuracy compared with the others. SVM-RFE gives
closer LOO accuracy to AROM-SVM but a little bit lower.
The performance of T-test and ‘fisher’ is close to one another
but is not as good as SVM-RFE or AROM-SVM. From Table
1, we obtain two observations. First, filer-model algorithms are
not as good as wrapper-model algorithms. Second, more
features is helpful to achieve higher LOO accuracy if the
number of features are confined in a reasonable range. Are
these observations correct? More experiments need to been
done before drawing a conclusion.

3.5.2. Testing accuracy
We further use the testing accuracy to assess the four feature
ranking methods and the results are described in Table 2. The

highest accuracy of each method is in bold.

Table 2. Testing accuracy on Prostate cancer data

#ofTop | toct fisher | SVM-RFE | AROM-SVM
features

10 91.17 91.17 8529 8823

20 73.52 73.52 97.05 8823

50 64.70 64.70 97.05 94.11

100 64.70 61.76 97.05 94.11

200 64.70 64.70 91.17 91.17

500 67.64 67.64 94.11 94.11

1000 73.52 70.58 94.11 91.17

2000 73.52 73.52 94.11 91.17

The results of testing accuracy are much different from
those of LOO accuracy. First, accuracy varies a lot with the
number of features while the change is little in LOO accuracy.
Second, SVM-RFE and AROM-SVM are not much superior to
the other two methods when considering the topl0 features.
Third, all algorithms have much higher LOO accuracy than the
testing accuracy. In terms of accuracy using top10 features, t-
test and ‘fisher’ are better than SVM-RFE and AROM-SVM in
this experiment. If we compare them using the accuracy of
top20 features, SVM-RFE is the best (97.05%) and AROM-
SVM’s accuracy is the second (88.23%) and t-test and ‘fisher’
are the worst (73.52%).

Since using how many features for classification is an open
problem, people in general use top10, top20 or top50 features
in data analysis. Now it is hard to tell whether one method is
better than another because the performance of a method



varies with the validation measures. Using different validation
measures, we sometimes get conflict conclusions. The
observations obtained from LOO accuracy are doubtable. The
experimental results indicate that testing accuracy is more
helpful to compare the performance of the four feature ranking
algorithms than LOO accuracy.

From the experimental results in Table 1 and Table 2, some
rough trends can be observed. However, how many features
should be used to achieve the best accuracy is still unknown.
To tackle this problem, FSRR uses the feature similarity to
remove redundancy, thus select a suitable feature set for better
classification. The testing accuracy of FSRR wusing three
different similarity measures is demonstrated in Table 3.

Table 3. Testing accuracy of FSRR using three different
similarity measures on Prostate cancer data.

t-test fisher SVM-RFE AROM-SVM
CC 92.65 92.65 69.12 92.65
LSRE | 94.12 94.12 72.79 91.92
MICI | 91.91 91.91 79.42 92.65

All the accuracy is obtained by using three features (genes).

CC, LSRE, and MICI are the three feature similarity
measures introduced in section 3.3. All the accuracy in Table 3
is obtained by using three features. The highest accuracy of
each method is in bold. From Table 3, we can see that the
three similarity measures are all helpful to t-test, ‘fisher’, and
AROM-SVM and result in much higher accuracy in the three
algorithms than in SVM-RFE. Comparing the results in both
Table 2 and Table 3, we can see that all of the three similarity
measures improve the accuracy of t-test and ‘fisher’.
Especially, LSRE is the best of the three similarity measures.
When applying CC to SVM-RFE, it gives the lowest
accuracy(69.12%). The experiment results demonstrate that
FSRR is robust when working with t-test, ‘fisher’, and AROM-
SVM while cannot improve the performance of SVM-RFE.
Since FSRR is an unsupervised feature selection algorithm, the
most appropriate way to use FSRR is to let it work with t-test
or ‘fisher’ such filter-model feature ranking algorithms.

4. CONCLUSION

In this paper, we propose an algorithm which reduces the
redundancy by feature similarity measures. Three feature
similarity measures are presented and tested on four feature
ranking algorithms (t-test, fisher, SVM-RFE, and AROM-
SVM) with gene expression data. Our experimental results
demonstrate that reducing redundancy by feature similarity can
select very small feature set and achieve good performance in
working with t-test and ‘fisher’. It is efficient and effective for
unsupervised feature selection.
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