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a b s t r a c t
Computer aided diagnosis (CADx) systems for digitized mammograms solve the problem of classiﬁcation
between benign and malignant tissues while studies have shown that using only a subset of features generated from the mammograms can yield higher classiﬁcation accuracy. To this end, we propose a mutual
information-based Support Vector Machine Recursive Feature Elimination (SVM-RFE) as the classiﬁcation
method with feature selection in this paper. We have conducted extensive experiments on publicly available mammographic data and the obtained results indicate that the proposed method outperforms other
SVM and SVM-RFE-based methods.
Ó 2009 Elsevier B.V. All rights reserved.

1. Introduction
According to the American Cancer Society (2008), breast cancer
is the second largest cause of cancer deaths and the most frequently diagnosed cancer in women. The report estimates 26% of
all new cancer cases and 15% of all cancer-related deaths are
caused by breast cancer in 2008. While the exact cause of breast
cancer is yet unknown, when detected early, breast cancer is a curable disease. For these reasons, early detection of breast cancer is
becoming increasingly important for its timely treatment and
eventual cure. The currently known most popular method for early
detection of breast cancer is the digital mammography which has
merits such as wide availability, relatively low cost, and non-invasiveness compared to other technologies such as ultrasound and
magnetic resonance imaging (Elmore et al., 2005). With digital
mammography, doctors can recognize non-palpable breast lesions
at low costs and thus it aides doctors’ ability to detect breast
cancer.
On the other hand, abnormal lesions found are not always easily
distinguished into benign or malignant ones, especially in the early
stages of breast cancer. One solution that has been shown to be
effective for this problem is the computer-aided diagnosis (CADx).
CADx functions as a second opinion to help doctors make more
accurate ﬁnal decisions by generating computational assessments
of mammograms and classifying benign and malignant ﬁndings
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in the ﬁlms. Common classiﬁcation methods used in CADx include
many classic machine learning algorithms such as linear discriminant analysis (Lo et al., 2003), Bayesian networks (Fischer and Lo,
2004), artiﬁcial neural networks (Lo et al., 2002; Wei et al., 2005;
Panchal and Verma, 2006) and support vector machines (SVMs)
(El-Naqa et al., 2002; Land et al., 2003; Wei et al., 2005). It has been
reported that 36.9% of unnecessary biopsies can be avoided
through the use of CADx while maintaining the same level of sensitivity in the detection of malignancy ﬁndings (Isaac and Lederman, 2006). In addition, by improving CADx systems, radiologists
using the systems are expected to reduce their variability in interpretations of mammograms (Jiang et al., 2001).
While CADx shows promising results for classifying an abnormality into benign or malignant, the diagnostic accuracy is not very
high as it stands. This is partly because, like other classiﬁcation
problems, it faces the challenge of feature selection since the number of features that can be extracted from mammograms is theoretically inﬁnite while using a feature selection scheme tailored
for the speciﬁc classiﬁcation algorithm is preferable (Lo et al.,
2006). To this end, we propose a new feature selection-based support vector machines (SVM) for this problem in this paper. Our
scheme is inspired by a mutual information-based feature selection method which minimizes redundancy among features and
maximizes relevance to classes (mRMR) (Ding and Peng, 2005).
We chose SVM-Recursive Feature Elimination (SVM-RFE) (Guyon
et al., 2002) as the base algorithm and have tested our scheme
on the dataset of mass and calciﬁcation lesions found in the Digital
Database of Screening Mammography (DDSM) (Heath and Bowyer,
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2001). The result showed that our scheme outperforms, or at least
is competitive to other classiﬁcation methods.
The rest of this paper is organized as follows. In Section 2, we
review SVM and SVM-RFE-based feature selection methods. In Section 3, we describe our method and in Section 4, we present the
experiment framework and the results of CADx using data obtained from digitized mammograms of DDSM. Finally, we present
conclusions and future works in Section 5.
2. Previous works
Consider a dataset of N examples x1 ; . . . ; xN each having P features represented as ff1 ; f2 ; . . . ; fP g. The feature value of kth feature,
1 6 k 6 P, from the ith example, 1 6 i 6 N, is denoted by xi;k . Let yi
be the class label of the ith example where yi 2 fþ1; 1g. In this
paper, we consider binary classiﬁcation since we are interested
in classifying benign and malignant examples.
2.1. SVM
SVM is a classiﬁer based on structural risk minimization principle. It searches for the hyperplane that maximizes the distance
from the hyperplane to the nearest examples in each class. An
attractive feature of SVM is that it can map linearly inseparable
data into higher dimensional space where they can be linearly separated. SVM tries to ﬁnd the decision hyperplane which can be
written as w  Uðxi Þ þ b ¼ 0 where w and b are classiﬁcation model
parameters and U is a mapping to a certain higher dimensional
space in which xi can be linearly separated. Then we can formalize
the training task for the model as an optimization task
minw ðkwk2 =2Þ subject to yi ðw  Uðxi Þ þ bÞ P 1. Since the task is a
convex optimization problem, we can rewrite the optimization formula to a Lagrangian function Lðw; b; kÞ and derive its dual form
e
LðkÞ as

Lðw; b; kÞ ¼ ðkwk2 =2Þ 

N
X

ki ðyi ðw  Uðxi Þ þ bÞ  1Þ

i¼1

e
LðkÞ ¼

N
X

ki  ð1=2Þ

i¼1

N
X

ki kj yi yj Uðxi Þ  Uðxj Þ

i;j

subject to the Karush–Kuhn–Tucker conditions

ki P 0;

ki fyi ðw  Uðxi Þ þ bÞ  1g ¼ 0

where ki are Lagrangian multipliers. The multipliers can be calculated by exploiting quadratic programming techniques or faster
heuristic algorithms. After they are calculated, we can determine
model parameters w and b by using the fact that
Uðxi Þ  Uðxj Þ ¼ Kðxi ; xj Þ where Kð; Þ is a kernel function. With all
the multipliers and model parameters determined, we can classify
a newly input test example xnew by investigating which side of
the hyperplane it resides. In summary, we can write this non-linear
SVM classiﬁer’s overall decision function h as

hðxnew Þ ¼ sign

N
X

the difference of the objective function for each removal of a
feature, while the function to be minimized can be expressed as

J ¼ ð1=2Þ

N
X

ki kj Hði; jÞ 

i;j

N
X

ki

i¼1

where Hði; jÞ ¼ yi yj Kðxi ; xj Þ. Taking the difference of the function for
each removal of the kth feature while leaving Lagrangian multipliers unchanged, we can compare the contribution provided by each
feature to minimization of the objective function. Ranking score for
the kth feature can be computed as

DJðkÞ ¼ ð1=2Þ

N
X

N
X

ki kj Hði; jÞ 

i;j

!
ki kj Hði; j; kÞ

where Hði; j; kÞ is Hði; jÞ without the kth feature. The overall recursive procedure of SVM-RFE is described in Fig. 1.
Note that computation time needed by the algorithm can be reduced if one removes multiple features in each iteration. However,
this may cause some information loss because eliminating a feature may change the importance of other features. Therefore, we
removed one feature at a time in this paper.
While SVM-RFE usually ﬁnds a feature subset that yields good
classiﬁcation performance, the feature subset found may not be
the best possible combination since SVM-RFE is a greedy method
that can only hope to ﬁnd the best possible combination for classiﬁcation. In particular, SVM-RFE does not necessarily make an effort
to minimize redundancy and maximize relevance of features for
every feature subset in the feature list R.
2.3. Minimum redundancy maximum relevance (mRMR)
Ding and Peng (2005) introduced a criteria to measure relevance and redundancy of features by using mutual information
called minimum redundancy maximum relevance (mRMR). To
compute mutual information for discrete data, we ﬁrst consider
the number of possible values Nfk and N fl each feature fk and fl
can take, respectively, where k; l 2 f1; . . . ; Pg. Let fk;q and fl;r be the
qth and rth possible value of feature fk and fl , respectively, where
q 2 f1; . . . ; N fk g and r 2 f1; . . . ; N fl g. Then we can deﬁne the mutual
information between the two features fk and fl ; Iðfk ; fl Þ, by using the
joint probability distribution pðfk;q ; fl;r Þ and individual marginal distributions pðfk;q Þ and pðfl;r Þ as

Iðfk ; fl Þ ¼

Nf
Nf
k X
l
X
q¼1 r¼1

pðfk;q ; fl;r Þ log




pðfk;q ; fl;r Þ
:
pðfk;q Þpðfl;r Þ

Since we cannot easily calculate the probabilities for each feature
value if the data is in the continuous domain, mRMR uses F-statistics for relevance and Pearson correlation coefﬁcient for redundancy. The F-test of a feature fk across all cm classes, m ¼ 1,
where c1 ¼ þ1 and c2 ¼ 1 can be formalized as

!
ki yi Kðxi ; xnew Þ þ b

i¼1

for a predeﬁned kernel function K where signðÞ is the sign function.
In this paper, we will consider linear and Gaussian radial basis function (RBF) kernels.
2.2. SVM-RFE
SVM-RFE is a wrapper feature selection method which generates the ranking of features using backward feature elimination.
Based on the Optimal Brain Damage (OBD) algorithm (LeCun
et al., 1990), the ranking criterion of SVM-RFE is deﬁned using

ð1Þ

i;j

Fig. 1. Algorithm SVM-RFE.
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X

Fðfk Þ ¼
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!,
Nm ðlm  lÞ2

r2

ð2Þ

m¼1

where l is the mean of feature fk over all examples,
P lm is the mean

2
2
of feature fk within the class cm and r2 ¼
m¼1 ðN m  1Þrm =
ðN  2Þ where Nm is the number of examples of the class cm and
rm is variance of the class cm . If we assume the optimal subset of
features of S ¼ ff1 ; f2 ; . . . ; fP g is R, the maximum relevance of the
whole dataset can be written as maxR ðRelevanceR Þ where

RelevanceR ¼ ð1=jRjÞ

X

Fðfk Þ:

fk 2R

For the Pearson correlation coefﬁcient for redundancy, we just compute the correlation coefﬁcient of all feature pairs. If we deﬁne
Corrðfk ; fl Þ as the correlation coefﬁcient value between two features
fk and fl , the minimum redundancy of the whole dataset can be
written as minR ðRedundancyR Þ where

X

RedundancyR ¼ ð1=jRj2 Þ

jCorrðfk ; fl Þj:

fk ;fl 2R

To get a single objective function to optimize both criteria, Ding and
Peng (2005) suggested two kinds of combinations. One of them is
difference based criterion (DBC) which can be computed by subtracting RedundancyR from RelevanceR , and the other is quotient
based criterion (QBC) which is deﬁned as the ratio of RelevanceR
to RedundancyR , i.e.,

DBC ¼ RelevanceR  RedundancyR
QBC ¼ RelevanceR =RedundancyR
Then we only have to ﬁnd a feature subset R that maximizes DBC or
QBC. Since QBC showed better performance than DBC in the result
of mRMR (Ding and Peng, 2005), we used QBC criterion in this
paper.
2.4. SVM-RFE with mRMR
Recently, Mundra and Rajapakse (2007) suggested a modiﬁed
SVM-RFE using mRMR criteria embedded into the algorithm. They
slightly changed the ranking criterion so that SVM-RFE can ﬁnd a
subset of features with minimum redundancy and maximal relevance to classes. From here on, we will refer this SVM-RFE with
mRMR criteria as ‘‘SVM-RFE (mRMR).” In addition to the ranking
criterion deﬁned by SVM-RFE, SVM-RFE (mRMR) calculates
mRMRðkÞ, the QBC version of mRMR criterion for a single kth feature deﬁned as

mRMRðkÞ ¼ Fðfk Þ=ð1=jSjÞ

X

jCorrðfk ; fl Þj

ð3Þ

fl 2S

where S is the set of features that are remained in each iteration.
Then it normalizes both SVM-RFE criterion and mRMR criterion of
each feature using maximum value of each criterion deﬁned as

DJ  ¼ max DJðkÞ

ð4Þ

mRMR ¼ max mRMRðkÞ

ð5Þ

k

k

Fig. 2. Algorithm SVM-RFE (mRMR).

The overall algorithm of SVM-RFE (mRMR) is described in Fig. 2.
While SVM-RFE (mRMR) empirically showed slight improvement compared to SVM-RFE and SVM using mRMR as the feature
selection method, it does not consider the characteristics of SVMRFE as a wrapper method which utilizes the objective function of
its base classiﬁcation algorithm, namely, SVM. SVM-RFE (mRMR)
assumes that the relevance of each feature to classes and the
redundancy between features are of the same importance regardless of the base classiﬁers. However, if the base classiﬁer only concentrates on one aspect more than the other or just ignores it,

simple wrapper method is obviously not a preferred application.
We present two intuitive explanation why SVM falls under this
type of classiﬁer.
First, since the base classiﬁer SVM is a maximal margin classiﬁer that maximizes margin between classes and the hyperplane,
the optimization process of SVM itself can be interpreted as a process of maximizing examples’ relevance to classes. This means that
the elements of model parameter w are optimized to features’ relevance to classes, not redundancy between features.
Second, SVM does not always penalize redundant features as
can be seen in the following example. Let’s reconsider the formalized optimization task of SVM, speciﬁcally, minw ðkwk2 =2Þ. For
non-separable cases, SVM can employ slack variables ni to penalize
non-separable examples on the margin to trade off between trainP
ing error and generalization error as minw;W ðkwk2 =2 þ W ni¼1 ni Þ.
However, since SVM inherently uses only a subset of examples,
i.e., support vectors, these penalization factors only affect the
examples on the margin. This means when determining each feature’s importance by calculating the parameter w, SVM may ignore
feature redundancy information that might have hidden in nonsupport vectors.
Li and Yang (2005) have partially explained this fact by using a
modiﬁed logistic regression approximating SVM (Zhang et al.,
2003) and their conclusion on the weakness of SVM in redundant
feature elimination is identical to the intuitive explanation stated
above: SVM penalizes redundant features of examples those are
exactly on the margin only and ignores the others.
Thus we can infer that what SVM lacks of has more to do with
feature redundancy and not with relevance to the classes. Therefore, the relevance and redundancy criteria of mRMR should be
treated separately if we want to embed them into SVM-RFE. As a
consequence, to obtain the subset of features that yield the highest
classiﬁcation accuracy with SVM-RFE and mRMR, we propose an
algorithm that searches for features in two directions: a backward
search that recursively eliminates least relevant features, and a forward search that ﬁnds a combination of features with minimum
redundancy.
3. SVM-RFE with correlation
To achieve the goal just mentioned in the previous section, we
ﬁrst modiﬁed the algorithm of SVM-RFE (mRMR) and designed
an iterative algorithm that separates the relevance and redundancy
criteria. A sketch of the modiﬁed algorithm consists of the next ﬁve
steps. First, compute the relevance measure (F-test) and the original SVM-RFE criterion ðDJðkÞÞ for every kth feature. Second, nor
malize each by using the maximum values DJ  ; FðSÞ deﬁned as
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DJ ¼ max DJðkÞ

ð6Þ

k



FðSÞ ¼ max Fðfk Þ;
fk

fk 2 S

ð7Þ

Third, sort every feature in the current working feature set S by
using the sum of the normalized values. Fourth, from the topranked feature, iteratively re-sort the other lower ranked features
in S in ascending order, according to the absolute Pearson correlation coefﬁcient between the top-ranked feature and each lower
ranked one. Fifth, eliminate the bottom-ranked feature from S and
put it into the head of ranked feature list R, and then continue iteration like in SVM-RFE. With this algorithm, we can obtain most
non-redundant subset of features with respect to the top feature
with maximum relevance to classes.
Though the above algorithm is quite straightforward, it is still
possible that in some cases, chosen features may not yield the best
accuracy in SVM. For example, consider four features, say,
f1 ; f2 ; f3 ; f4 2 S that are ranked in this order as a consequence of
the third step of the above algorithm. Assume that f2 is more correlated to f3 than f4 is. The above algorithm will ﬁrst pick feature f1
and sort the other as ½f1 ; f4 ; f3 ; f2 . In the next step, the algorithm will
pick feature f4 and compare Corrðf4 ; f2 Þ and Corrðf4 ; f3 Þ. Since
Corrðf4 ; f2 Þ < Corrðf4 ; f3 Þ, the rank will be sorted as ½f1 ; f4 ; f2 ; f3 . However considering f1 and f4 have already been chosen in the subset,
feature f3 is more preferable than f2 in the sense of minimizing
redundancy.
To resolve this issue, we introduce a notion of average to the
second step of the algorithm. Speciﬁcally, instead of considering
only the top feature in the working set, we will average correlation
coefﬁcients of features in the already chosen feature subset so that
the newly added feature is not redundant to any of the features in
the subset. From here on, we will refer to this SVM-RFE with averaged correlation as ‘‘SVM-RFE (Corr)”. The overall modiﬁed algorithm is described in Fig. 3 where fl0 and fm0 are the lth and the
mth feature, respectively, in the sorted feature list S and
ACorrðfm0 Þ is the average correlation coefﬁcient value for feature
fm0 . Note that we used notation FðkÞ instead of Fðfk Þ for better readability of the algorithm.

The asymptotic time complexity analysis explains practical
merit of the method. Lines 1 through 8 can be computed in exactly
the same time as that of SVM-RFE or SVM-RFE (mRMR) which depends on the sizes of both P and N. Additional computation, i.e.,
lines 9 through 16, may take additional P2 times but note that
the calculation of the F-test and the Pearson correlation coefﬁcient,
which only requires simple comparisons, can be cached in advance.
4. Results
4.1. Datasets
In this study, we used data from the Digital Database of Screening Mammography (DDSM) which is the largest publicly available
database of mammographic data. DDSM contains more than 2500
cases of mammograms in total that are obtained between 1988
and 1999 from medical institutions in the US. We collected both
mass and calciﬁcation data from Massachusetts General Hospital
(MGH), Washington University in St. Louis (WU) and Wake Forest
University School of Medicine (WFUSM) to evaluate the classiﬁcation accuracies. Each case of mammogram contains one or more
abnormality ﬁndings each of which is either malignant or benign.
Mammography images in the database are digitized images from
ﬁlm-screening mammograms using three different types of digitizers: Howtek 960 of MGH, Howtek MultiRad850 of WU and Lumisys
200 Laser of WFUSM. Table 1 summarizes the number of abnormality ﬁndings from each institution.

Table 1
Dataset information.
Institution

MGH
WU
WFUSM
Total

Fig. 3. Algorithm SVM-RFE (Corr).

Mass

Calciﬁcation

Benign

Malignant

Benign

Malignant

482
154
163
799

365
115
255
735

381
41
188
610

323
98
159
580
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Table 2
BI-RADS mammographic features.
Feature type

Description or numeric value

Mass shape
Mass margin
Calciﬁcation Type

no mass(0), round(1), oval(2), lobulated(3), irregular(4)
no mass(0), well circumscribed(1), microlobulated(2), obscured(3), ill-deﬁned(4), spiculated(5)
no calc.(0), milk of calcium-like(1), eggshell(2), skin(3), vascular(4), spherical(5), suture(6), coarse(7), large rod-like (8), round (9), dystrophic
(10), punctate(11), indistinct(12), pleomorphic(13), ﬁne branching(14)
no calc.(0), diffuse(1), regional(2), segmental(3), linear(4), clustered(5)

Calciﬁcation
distribution
Density
Assessment

1, 2, 3, 4
1, 2, 3, 4, 5

Breast Imaging Reporting and Data System (BI-RADS) of the
American College of Radiology is a widely used standard for reporting mammograms by trained radiologists (Balleyguier et al., 2007).
It is reported to be effective in predicting malignancy (Orel et al.,
1999) and for this reason, BI-RADS descriptors shown in Table 2
along with subtlety value and patient age were used as the set of
features describing each abnormality ﬁnding in this study. This
set of eight features all can be extracted from the annotation ﬁles
of the mammographic images in DDSM. Four of the six BI-RADS
descriptors, namely, mass shape, mass margin, calciﬁcation type
and calciﬁcation distribution, were encoded into numerical values,
shown inside the parentheses in the table, using a rank ordering
system (Lo et al., 2003) in order to be used in a CADx system. In
addition to these eight features, we used 14 statistical features utilized in a study which have shown their effectiveness for CADx systems (Panchal and Verma, 2006). These statistical features use gray
level values of abnormal lesion ﬁndings in mammographic images
and their exact formulae are summarized in the reference (Verma
and Zhang, 2007). After extracting and calculating feature values,
we normalized these features because raw values of some statistical features are enormous compared to those of the BI-RADS-based
features and thus inhibit SVM from learning the whole dataset
effectively. For all datasets, we performed ﬁve-fold cross-validation and computed the averaged area under ROC curves, Az , generated by the classiﬁcation algorithms described in Sections 2 and 3.

4.2. Empirical results
First, we compared several kernels’ performance to choose
which kernel is most suitable for the DDSM dataset. We applied
simple SVM classiﬁer to all datasets we have prepared and found
optimal parameters for the kernels. The optimization was done
by exhaustive search using Leave-One-Out cross-validation error
on each dataset. The result is summarized in Table 3. While we
actually compared three kinds of kernels, namely, linear, polynomial and RBF, we only present linear and RBF results here because
polynomial kernels were extremely slow to train, showed poor
performance, and there are few studies reasoning polynomial kernel to be effective for mammogram classiﬁcations. Note that in
four out of six datasets, RBF kernels outperformed linear kernels
signiﬁcantly while average difference is almost twice if we compare the difference between datasets that RBF kernel is better
and datasets that linear kernel is better. Moreover, the training
time took much shorter with RBF kernel than the linear counterpart. For this reason, we consider RBF kernels only hereafter.
The overall classiﬁcation result of digitized mammograms
from the DDSM is summarized in Table 4. It is observed that
SVM-RFE (Corr) outperforms all other SVM-RFE-based methods
in most cases. SVM-RFE (Corr) also showed better performance
than SVM (mRMR) and the SVM classiﬁer using mRMR criterion
as the ﬁlter method of Ding and Peng (2005). Figs. 4–6 illustrate
the overall performance of the algorithms for mass lesions with
respect to different number of features used. They also show
the convergence speed of the classiﬁcation algorithms where
the term convergence here refers to the number of features
needed to reach within 5% of the maximum value of Az . For example, we interpret the convergence speed of one method to be faster than the other when the number of features needed to be
within 5% of the maximum value of Az is smaller than the other.
In terms of the convergence speed, SVM-RFE (mRMR) dominated
others in many cases.
Figs. 7–9 illustrate the similar performance curves for calciﬁcation lesions in which SVM-RFE (Corr) clearly outperforms SVM-RFE

Table 3
Comparison of kernels in terms of maximum Az value.
Institution

Lesion type

Linear

RBF

MGH

Mass
Calciﬁcation

0.90055
0.72712

0.88805
0.77497

WU

Mass
Calciﬁcation

0.91115
0.95215

0.93642
0.91710

WUFSM

Mass
Calciﬁcation

0.88476
0.79821

0.92474
0.89738

Table 4
Comparison of methods by Az value and number of features used.
Institution

MGH

Lesion Type

Mass

Calciﬁcation

WU
Mass

Calciﬁcation

WUFSM
Mass

Calciﬁcation

SVM

0.88805
22

0.77497
22

0.93642
22

0.91710
22

0.92474
22

0.89738
22

SVM (mRMR)

0.91369
11

0.78024
19

0.93642
22

0.97432
17

0.92474
22

0.89738
22

SVM-RFE

0.88849
11

0.77497
22

0.94173
20

0.93436
19

0.93037
17

0.89859
21

SVM-RFE (mRMR)

0.91639
7

0.77497
22

0.94356
17

0.95023
11

0.93764
16

0.90364
15

SVM-RFE (Coir)

0.91958
14

0.80051
15

0.94389
14

0.97114
13

0.92958
16

0.90402
18
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Fig. 4. Az with different number of features for mass of MGH.

Fig. 7. Az with different number of features for calciﬁcation of MGH.

Fig. 5. Az with different number of features for mass of WU.

Fig. 8. Az with different number of features for calciﬁcation of WU.

Fig. 6. Az with different number of features for mass of WFUSM.

Fig. 9. Az with different number of features for calciﬁcation of WFUSM.

(mRMR). In Fig. 9, SVM-RFE (Corr) outperformed SVM-RFE (mRMR)
even in terms of the convergence speed. Moreover, unlike SVM
(mRMR) which yielded good performance only in the calciﬁcation

dataset from WU while presenting extremely poor or unstable result in the others, SVM-RFE (Corr) showed relatively stable performance in all datasets we have used for the experiments.

S. Yoon, S. Kim / Pattern Recognition Letters 30 (2009) 1489–1495

5. Conclusion
In this work, a modiﬁed SVM-RFE-based feature selection method for the mammography classiﬁcation problem was proposed.
With two baseline algorithms, extensive experiments using real
datasets were conducted to estimate the effectiveness of the proposed method. From the empirical results, we found the following:
SVM-RFE (Corr) showed the best performance in most of the datasets we used. In particular, SVM-RFE (Corr) outperformed SVM-RFE
(mRMR) in terms of classiﬁcation accuracy supporting our intuition that the separation of redundancy and relevance might be
helpful in feature selection process of SVM-RFE. As a side note,
we observed that SVM-RFE (mRMR) converges faster than other
methods while it does not yield the best performance.
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