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Support vector machine recursive feature elimination (SVM-RFE) is a powerful feature selection algo-
rithm. However, when the candidate feature set contains highly correlated features, the ranking criterion
of SVM-RFE will be biased, which would hinder the application of SVM-RFE on gas sensor data. In this
paper, the linear and nonlinear SVM-RFE algorithms are studied. After investigating the correlation bias,
an improved algorithm SVM-RFE + CBR is proposed by incorporating the correlation bias reduction (CBR)
strategy into the feature elimination procedure. Experiments are conducted on a synthetic dataset and
two breath analysis datasets, one of which contains temperature modulated sensors. Large and compre-
hensive sets of transient features are extracted from the sensor responses. The classification accuracy
with feature selection proves the efficacy of the proposed SVM-RFE + CBR. It outperforms the original
SVM-REFE and other typical algorithms. An ensemble method is further studied to improve the stability
of the proposed method. By statistically analyzing the features’ rankings, some knowledge is obtained,
which can guide future design of e-noses and feature extraction algorithms.
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1. Introduction

Feature selection (FS) is a widely-used technique in pattern
recognition applications. By removing irrelevant, noisy, and redun-
dant features from the original feature space, FS alleviates the
problem of overfitting and improves the performance of the model.
The time and space cost of the learning algorithm can also be
reduced. More importantly, we can gain a deeper insight of the data
by analyzing the importance of the features [1,2]. Many researchers
have explored the use of FS techniques in electronic nose (e-nose)
systems and achieved good results [3-9].

In the context of classification, FS algorithms can be roughly
divided into three categories: filters, wrappers and embedded
methods, based on how they interact with classifiers [1,2]. Filters
evaluate each feature by predefined criteria, such as correlation
criteria and information theoretic criteria [1], which are indepen-
dent from classifiers. Wrappers treat classifiers as black boxes
and aim at finding a feature subset that has the minimum cross-
validation error on the training data. Examples of wrappers include
sequential forward selection [3], genetic algorithms, and simulate

* Corresponding author. Tel.: +852 27667271.
E-mail addresses: yank10@mails.tsinghua.edu.cn (K. Yan),
csdzhang@comp.polyu.edu.hk (D. Zhang).

http://dx.doi.org/10.1016/j.snb.2015.02.025
0925-4005/© 2015 Elsevier B.V. All rights reserved.

annealing [4]. Embedded methods generally include two kinds
of approaches. In some methods, such as a decision tree [7], the
training of the classifier intrinsically selects a subset of features.
Some methods estimate the importance of the features from the
coefficients in the classifiers, e.g. the algorithm in [5].

Support vector machine recursive feature elimination (SVM-
RFE) is an embedded FS algorithm proposed by Guyon et al. [10]. It
uses criteria derived from the coefficients in SVM models to assess
features, and recursively removes features that have small criteria.
It has both linear and nonlinear versions. The nonlinear SVM-RFE
uses a special kernel strategy [10,11] and is preferred when the
optimal decision function is nonlinear. As a backward elimina-
tion method, SVM-REFE is able to model the dependencies among
features. Compared to wrappers, SVM-RFE does not use the cross-
validation accuracy on the training data as the selection criterion,
thus is (1) less prone to overfitting; (2) able to make full use of the
training data; (3) much faster, especially when there are a lot of
candidate features. As a result, it has been successfully applied in
many problems, especially in gene selection [10-15].

However, there is still one problem in SVM-RFE that has not been
addressed. When some of the candidate features are highly corre-
lated, the assessing criteria of these features will be influenced, and
their importance will be underestimated. Inspired by [16], we call
this phenomenon “correlation bias”. It is a crucial problem espe-
cially for gas sensor features that are often correlated. In this paper,
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a simulated experiment is first employed to illustrate this problem.
Then a novel strategy, correlation bias reduction (CBR), is proposed
to reduce this potential bias in both linear and nonlinear SVM-RFE.
Finally, an ensemble method is suggested to improve the stability
of the feature selection results.

It is known that human breath contains biomarkers that can be
used for disease diagnosis [17]. E-nose systems have been applied
to analyze breath samples. In this paper, the proposed method is
evaluated on two breath analysis datasets. The first breath analysis
dataset was collected by an e-nose with 10 gas sensors, three of
which were metal oxide semiconductor (MOS) sensors under tem-
perature modulation (TM) [18]. The dataset contains 295 samples
from healthy subjects and 279 from diabetics. The second dataset
was collected by an e-nose with 12 MOS sensors [19]. The breath
samples were from healthy subjects and also subjects with dia-
betes, renal disease, and airway inflammation, respectively. Over
1000 features are extracted from the gas sensors’ responses. The
comprehensive feature set contains seven kinds of transient fea-
tures. Experimental results show that the Gaussian SVM-RFE is
better than the linear one, as well as other typical algorithms.
The proposed CBR strategy further enhances the accuracy. The
ensemble method is proved to have better stability. Furthermore,
systematic statistical analysis on the features’ rankings reveals use-
ful information about which sensors, feature types and TM voltages
are more important. For example, TM sensors significantly outper-
form the ones operated under constant temperature. Phase feature
extracted from TM sensors is proved to be the most effective fea-
ture. The information provides guidance for future e-nose and
feature designing.

The manuscript is organized as follows. Section 2 describes the
details of the linear and nonlinear SVM-RFE algorithm. Section 3
investigates the correlation bias problem and proposes SVM-
RFE + CBR. Section4 introduces the breath analysis datasets and
feature extraction methods. Section 5 shows the results of the FS
experiments and provides the feature analysis results. Section 6
concludes the paper.

2. SVM-RFE
2.1. Linear SVM-RFE

The output of SVM-REFE is a ranked feature list. Feature selection
can be achieved by choosing a group of top-ranked features. The
ranking criterion of SVM-REFE is closely related to the SVM model.
SVM is a popular algorithm for classification partially due to its high
accuracy and good generalization ability. It has been successfully
applied in many e-nose applications [9]. Therefore, ranking crite-
rion derived from its model will probably have good performance.

The intuition of SVM is to find a separating hyperplane with
the largest margin. In linear separable cases, the margin is twice
the distance between the separating hyperplane and the training
sample closest to it [20]. Given a set of training samples { x;, y;},
x;cR%,y;e{-1,1},i=1,...,n, the decision function of a linear SVM
is

f(x)=w-x+b. (1)

It can be proved that the margin M is simply 2/|w/|, thus maximiz-
ing the margin is equivalent to minimizing ||w |2 under constraints.
The dual form of the Lagrangian formulation of the problem can be
written as [20]:

n n
1
Lp = g ai-5 g Qi iYiX; - Xj, (2)
i=1 ij=1

where «; are the Lagrange multipliers. Solutions of ¢; can be found
by maximizing Lp under constraints «; >0 and Z?:1a,-y,- = 0. The

samples corresponding to nonzero «’s are known as support vec-
tors. Then the weight vector w can be obtained by

n
w= Zaiyixi- (3)
i1

The ranking criterion for feature k is the square of the kth element
of w,

Jk) = w. (4)

In each iteration of the recursive feature elimination (RFE), a
linear SVM model is trained. The feature with the smallest ranking
criterion is removed since it has the least effect on classification
[13]. The remaining features are kept for the SVM model in the
next iteration. This process is repeated until all the features have
been removed. Then the features are sorted according to the order
of removal. The later a feature is removed, the more important it
should be. When the feature dimension is high, removing features
one by one will be time-consuming. In such cases, more than one
feature can be removed in each iteration [10]. However, this strat-
egy may influence the precision [13] and cause the correlation bias
problem, which will be described in Section 3.1.

2.2. Nonlinear SVM-RFE

Most gene selection problems have much more features (sev-
eral thousand) than samples (less than 100), so linear SVM-RFE is
more suitable in these cases to avoid overfitting. But in many other
situations where the number of samples is larger, nonlinear SVM-
RFE can be expected to outperform the linear one since it can fit the
data with less bias.

Nonlinear SVM considers to map the features into a new space
with higher dimension:

xecR?— @(x)eR". (5)

In the new space, the samples are expected to be linearly separable.
Thus Eq. (2) can be rewritten as

o= a2 oy px) dlx,) (6)
i=1

ij=1

Note that the only form that &( x)’s are involved in the training
algorithm is their inner product. So we can replace &( x;)- &( x;)
with a kernel function K( ¥;, x;) without knowing the explicit form
of @.Thisis a particularly useful trick because it is hard to determine
the form of @ in real-world problems. There are several choices for
kernel functions, though, one common choice being the Gaussian
kernel

K(Xl‘,Xj) = e_VHxi—Xsz' 7

Since the form of @ is unknown, the weight vector w cannot be
obtained. However, linear SVM-RFE can be extended to nonlinear
cases via a special strategy. If the removal of a feature causes only
small changes in the objective function Eq. (6), the feature should
be removed [10,11]. This leads to the following ranking criterion
for feature k:

n n
1 1 - -
J) = 3> ciogyyK(xi, x) = 5 > ciegyyKx 0. &0 (8)
i,j=1 ij=1

The notation (—k) means the feature k has been removed, i.e.
x(=K) ¢ R4-1 The above criterion is the difference of Eq. (6) before
and after removing feature k while keeping the «’s unchanged. The
features with small J's will be eliminated in each iteration of RFE.
This criterion is applicable for all kinds of kernels. When the linear
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kernel is used (K( x;, X;)= X; - X;), it is equivalent to the linear SVM-
RFE. This nonlinear version of SVM-RFE costs a little more time than
the linear version, but some techniques can be applied to accelerate
it, which will be introduced in Section 3.3.

3. Improved SVM-RFE with correlation bias reduction
3.1. Correlation bias

Some classification applications contain highly correlated fea-
tures. For example, in gene classification, features represented by
probes that either have similar molecular functions or genomic
locations are highly correlated [16]. In e-nose applications, gas
sensors are known to be cross-sensitive. Besides, when multiple
transient features (e.g. the magnitude, derivative and integral at
different time points) are extracted from a gas sensor’s response,
high correlation often exists among these features. The correlation
brings adverse impacts to some feature selection algorithms. Tolosi
and Lengauer [16] evaluated feature importance based on Lasso
penalized logistic regression and random forest. They discovered
that the evaluation was biased in highly correlated feature groups.
Concretely, the features in the groups received smaller weights due
to the shared responsibility in the classification models. Therefore,
the importance of the features will be underestimated even if they
are highly relevant. The larger the group size, the larger the under-
estimation. This phenomenon is called “correlation bias” (CB) in
[16].

The phenomenon has not been studied in SVM-RFE. However,
both linear and nonlinear SVM-RFE are affected due to the similar
reason for Lasso penalized logistic regression and random forest.
We have conducted a simulated experiment to illustrate the phe-
nomenon. A synthetic dataset is generated with 500 samples and
100 features. There are 22 latent variables z1, . . ., z3; that contribute
to the class label y. They are all drawn from the normal distribution
MO0, 1). The class label y is decided by

22
y = sign Zw,-zi +€ |, (9)
i=1

where € is a perturbation term drawn from M0, 0.01). wy, ..
are predefined weights. From each latent variable, a group of real
features x are generated:

. W22

xij=2i+67 j=1,...,ki; i=1,...,22. (10)
k; is the size of the ith group, €e~MO0, 0.01). So the features in each
group are highly correlated. The 22 groups of features are concate-
nated and constitute X1, . . ., Xgo. Xg1, - - -, X100 are pure noise features
drawn from M0, 1). The weights and sizes of the feature groups are
listed in Table 1. For example, x; —x2¢ belong to two groups with size
10andw = 1.

The 100 features are evaluated using the feature ranking crite-
ria introduced in Section2. Note that the RFE procedure is not
performed. In order to compare the criteria among groups, they
are normalized to [0,1]. The results for linear and nonlinear SVM-
RFE are displayed in Fig. 1. It is clear that both the group size
and the weight influence the criteria. Ideally, the criteria should
only depend on the weight, so the criteria for feature 1-40, 41-80
and 81-100 should be about 1, 0.5 and 0, respectively. However,
because of CB, the features in larger groups receive smaller criteria.
The features with group size 5 and 10 receive criteria comparable
to that of the noise features. In this case, if a batch of features are
removed in one iteration of RFE, features in large groups are likely
to be removed entirely.

3.2. Correlation bias reduction

Highly correlated features bring wrong estimations to sev-
eral embedded FS algorithms including SVM-RFE. They also affect
regression applications, causing large variance of the estimates and
inaccurate prediction [21]. In order to deal with the problem, some
methods have been proposed. An intuitive method is to replace
each group of highly correlated features with one representative
before selection or regression. For example, Park et al. [21] per-
formed hierarchical clustering on features and used the cluster
centroids for regression. Another idea is to perform selection or
regression on feature groups instead of single features. For exam-
ple, Sharma et al. [22] proposed to automatically group and select
correlated features based on a penalization scheme. However, the
scheme only applies to linear models.

Our method differs from the methods described above. It makes
use of the RFE procedure to reduce the influence brought by CB.
For efficiency, it is impractical for the RFE procedure to remove one
feature each time if the feature dimension is high. When a batch
of features are removed in one iteration of RFE, a group of corre-
lated features may be removed entirely. This may either because the
features are truly irrelevant, or because their ranking criteria have
been incorrectly underestimated. In both conditions, we can move
a representative feature of the group back to the surviving feature
list. Then it can be evaluated again in the next iteration without the
influence of CB. The group representative can be chosen as the fea-
ture with the highest criterion in this iteration. This strategy does
not change the candidate feature set or the ranking criterion, but
monitors and corrects the potentially wrong decisions due to CB.

The details of the correlation bias reduction (CBR) algorithm are
shown in Algorithm 3.1. Ut is the list of features to be removed
in one iteration of RFE. F" is the list of features that survives. The
purpose of the algorithm is to move potentially useful features from
Foul back to F". In order to identify highly correlated feature groups
in 7°4 two thresholds T, and T are used. We start from examining
the feature with the highest criterion in 7°% and denote it as feature
k. If there exist more than Ty features (including k) whose absolute
correlation coefficient with k is larger than T, they are identified as
a group. If none of the group members are in 7", k should be moved
to " since it has the highest criterion in the group. This operation
is repeated on all features in F°U¢, In Algorithm 3.1, | F] represents
the number of elements in F.

Algorithm 3.1. CBR(F", Fout)

Input: Feature list 7 and 7°“; Thresholds T, and T,.
1: Sort F°" according to the descending order of the ranking criteria.
2: for p=1to |F°"'| do
3: Suppose feature k is the pth element of the sorted 7°*, let
GO — (i e FoU|corr(i, k)| > T¢);
G — {j e F"||corr(j, k)| > Te}.
4: if|g°“| > Ty and |G"| == O then
5: FOU o Fout _k;
F o k.,
6: endif
7: end for
Output: Modified 7" and 7°%.

The larger Tg, the fewer groups will be identified. In practice,
we find that setting T; to 1 or 2 achieves comparable accuracy.
Larger values of Tg will degrade the accuracy since some groups of
correlated features are eliminated too early. T¢ is the correlation
threshold. We will explore the effect of different T, values on the
accuracy in Section 5.2. The experimental results in Section 5 prove
that the CBR strategy improves the performance of SVM-RFE.
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Table 1
Weights and sizes of the feature groups in the synthetic dataset.
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Parameter Real feature index
1-20 21-30 31-36 37-40 41-60 61-70 71-76 77-80 81-100
Weight w 1 1 1 1 0.5 0.5 0.5 0.5 0
Group size k 10 5 2 1 10 5 2 1 1
17 17
Single Single
0.9 [ ]Average 0.9r [_JAverage
0.8r 0.8F
45 0.7r 5 0.7r
£ o6 £ o6l
(6] (&)
3 0.5r g 05F
N N
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Feature Index
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Feature Index
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Fig. 1. Normalized feature ranking criteria of (a) linear (Eq. (4)) and (b) nonlinear (Eq. (8)) SVM-RFE in the synthetic dataset. The curves represent the criteria of each single
feature. The bars show the average criteria of the features in the groups with the same size and weight (see Table 1). It is clear that if the group size increases or the weight

decreases, the criterion decreases.

3.3. Efficient implementation of SVM-RFE with CBR

This section describes some details on the implementation of the
proposed algorithm. First, the number of features that are removed
in each iteration of RFE should be determined. In this paper, a
method that simultaneously considers the time cost and preci-
sion is used [11]. At the beginning of the algorithm, one half of
the remaining features are removed in each iteration. When the
number of the remaining features is less than an elimination num-
ber threshold T,, they are removed one by one in the following
iterations for better precision.

A technique can be applied to accelerate the calculation of the
ranking criterion for nonlinear SVM-RFE (Eq. (8)) with Gaussian
kernel. First, Eq. (8) is expressed in a matrix form:

1 .7 T (-
J(k)= 5(B'HB ~ B HPB). (11)
Here, B is the column vector of signed «’s, i.e. B;=c;y;. Only the
nonzero ¢'s are included. H is the kernel matrix, H; = K( x;, x;). Only
the support vectors are included. For the Gaussian kernel, we have
Hj= e~ 7Si, where Si=1l X — ;|| 2. It is easy to prove that

SR _ ah)

(—k), 2

(12)

k k)\2
=5; — () =Y, (13)

where xfk) € R is the kth feature of the ith support vector. When

computing ng’k), we can use Eq. (13) to replace the original Eq. (12),

since the matrix S can be cached and reused, and computing the
scalar operation in Eq. (13) is much easier than the vector norm in
Eq. (12). According to experiments using Matlab, Eq. (13) is about
5 times faster.

The complete algorithm of SVM-RFE with CBR is summarized in
Algorithm 3.2.

Algorithm 3.2. SVM-RFE with CBR

Input: A set of training samples with feature dimension d;
An SVM training algorithm (linear or nonlinear); Te.
1: Initialize the list of surviving features 7" « {1, ..., d};
the list of eliminated features 7%t « ¢.
2: while 7" + ¢ do

3: Train an SVM model with the features in 7",
4: Calculate the features’ ranking criteria with Eq. (4), or Eqs. (11) and 13.
5:  Sort F" according to the descending order of the ranking criteria.
6: if 7" > T, then
7: r = min(floor(|7"|/2), | 7" — Te),
8: else
9: r=1.
10: endif
11: Femeving . the last r elements in F™;
F" « the first |7"| — r elements in F".
12: ifr>1then
13: Call Algorithm 3.1:(F", Fremoving) . CBR(F™", Fremoving),
14: endif
15:  Fout []_-removing‘}-out].

16: end while
Output A ranked list of features F®ed = 7°Ut the most important feature in the
first place.

3.4. Stability improvement with ensemble method

The stability of an FS algorithm is a topic of recent interest
[23-27]. A stable FS algorithm is important for data mining appli-
cations such as bioinformatics. Stability describes the sensitivity of
a method to variations in the training set [27]. If the training set
is perturbed, the difference in selected features should not be too
large. The Jaccard index is a widely-used criterion to measure the
difference between two selected feature subsets Aand B[26,25,27]:

_JANB

S(A,B)_lAuBI.

(14)

Its value ranges from O to 1, with 0 meaning that the two sub-
sets have no overlap and 1 meaning that they are identical. When
evaluating the stability of an FS algorithm, we can use the N-fold
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Table 2
Summary of the sensor array used in dataset 1 [18].
No. Model Manufacturer Function
1 TGS4161 CO,
2 TGS822 Figaro Inc.,
3 TGS826 Japan
4 TGS2610-D0O0
5 SP3S-AQ2 FIS Inc., Japan VOCs (e.g.
6 GSBT11 Ogam Inc,, Korea acetone), Hz,
7 WSP2111 Winsen Inc., China €O, NH5, H>S,
8 TGS2600-TM Figaro Inc., ete.
9 TGS2602-TM Japan
10 WSP2111-TM Winsen Inc., China
11 Humirel Inc., Temperature
12 HTG3515CH France Humidity

cross-validation strategy. After N subsets have been selected based
on N training sets, the Jaccard index is computed for all N(N — 1)/2
pairs of subsets. The final stability is the average over all pairs [27].
To improve the stability of FS algorithms, one of the popular
ideas is to use an ensemble method [24,26], i.e. to aggregate the
outputs of the single feature selectors. In this paper, we apply this
method to SVM-RFE +CBR. Part (9/10 in this paper) of the train-
ing samples are randomly picked to generate a ranked feature list.
The process is repeated M times, then the average rank of each fea-
ture is used to determine its final rank. In this way, the features
with stably good performance are more likely to rank higher. Note
that the stability issues and performance of the ensemble method
will be separately discussed in Section 5.5. The results described in
Sections 5.1-5.4 are obtained without the ensemble method.

4. Datasets and feature extraction

Breath analysis is an important application of e-nose systems. It
is a noninvasive and convenient way to assist disease screening. In
this section, the breath analysis datasets used in this paper and the
feature extraction methods will be introduced.

4.1. Dataset 1

4.1.1. Description

Dataset 1 consists of breath samples from healthy and diabetic
subjects. Diabetes is a great threat to human health. Researchers
have found that the disease is related to abnormal concentration
of acetone and some other volatile organic compounds (VOCs) in
breath [28]. Abreath analysis system was proposed by Yanetal.[18]
to measure breath samples of healthy people and diabetics. They
developed an e-nose with a carbon dioxide sensor, a temperature-
humidity sensor and 9 metal oxide semiconductor (MOS) sensors.
All of them are commercially available. The details of the sensor
array are listed in Table 2. The carbon dioxide sensor was utilized
to compensate for the difference in proportion of alveolar air. The
MOS sensors were carefully selected for better accuracy in diabetes
identification [29]. It is worth noting that three of the MOS sensors
were operated under temperature modulation (sensor 8-10 with
the notation “~-TM” in Table 2). They were heated by a staircase volt-
age oscillated between 3V and 7 V. Fig. 2 illustrates the waveform
of the heating voltage and compares typical responses of a TM sen-
sor and an ordinary sensor. The duration of each breath sample was
144 5. The measurement procedure includes 4 stages, which are also
shown in Fig. 2. The baseline values of the sensors are recorded in
the baseline stage. In the injection stage, the breath sample is drawn
from a gas bag to the gas room. In the reaction stage, the responses
of the sensors approach their steady states. The gas room is purged
with clean air in the purge stage.

A total of 295 healthy and 279 diabetes breath samples were
collected. Before feature extraction, the samples are preprocessed.

== QOrdinary sensor
= = =TM sensor
——— TM heating voltage

Voltage (V)

Fig. 2. Typical curves in dataset 1. Solid line: the heating voltage of temperature
modulated (TM) sensors. Dashed line: a typical response curve of a TM sensor. Dash
dot line: a typical response curve of an ordinary sensor. The vertical dotted lines
separate the four stages of the sampling procedure: (a) baseline stage; (b) injection
stage; (c) reaction stage; (d) purge stage.

Preprocessed Response

20 40 60 80 100 120 140
Time (s)

20 40 60 80 100 120 140
Time (s)

Fig. 3. Average preprocessed responses of the two classes in dataset 1 [18]. Left:
healthy; right: diabetes. The sensor models can be found in Table 2.

First, the baseline values are subtracted from the sensor responses.
Humidity compensation is necessary because breath samples con-
tain water vapor. Linear humidity-response models are built for
each sensor, then applied to rectify the samples [18]. Fig. 3 exhibits
the average preprocessed samples of healthy and diabetic subjects.
Only the carbon dioxide sensor (S1) and MOS VOC sensors (S2-S10)
are drawn. For S2-S10, the responses in diabetes samples are larger
than that in healthy samples, showing that the concentration of
VOCs in breath of diabetics is higher than that of healthy subjects.
Besides, the curve shape of S8 is significantly different between the
two classes.

4.1.2. Transient feature extraction

Traditional features of gas sensors are their steady-state
responses. However, additional useful information is carried in the
transient responses [30,9]. Transient responses are often related
to the change of gas flow (injection/purge) or temperature (for
TM sensors). In this paper, 1712 transient features are extracted
from sensor 1-10 in dataset 1. The feature set includes magnitude,
difference, derivative, 2nd derivative, integral, time constant and
phase features. It is a larger and more comprehensive feature set
than previous studies [3,6,7], which enables us to (1) enhance the



358 K. Yan, D. Zhang / Sensors and Actuators B 212 (2015) 353-363
Table 3
Feature description for ordinary sensors in dataset 1.
Feature type Description #Features
Down-sampled values of the curve’s magnitude M. 21
Magnitude The maximum magnitude. 1
Down-sampled values of the normalized magnitude M, M = M/ max(M). 21
Difference The difference F of magnitude M, F; = M(t.1) — M(t;), t=[0, 8, 36, 64,92, 120],i=1, ..., 5. 5
Derivati Down-sampled values of the curve’s derivative D. 21
erivative The maximum and minimum derivative. 2
2nd derivative The maximum and minimum 2nd derivative in both injection and purge stage. 4
Integral The integral of the 5 intervals of the curve, the intervals are the same with the difference feature. 5
The time when the magnitude reaches 30%, 60%, 90%, and 100% of its maximum value (T3, Teo, Too, Timax ), and 90%, 60%, and 30% of its 7
Time constant maximum value in the purge stage (T_g0, T_60, T_30)-
The time when the derivative reaches its maximum and minimum values. 2
The time when the 2nd derivative reaches its maximum and minimum values in both injection and purge stage. 4
Phase feature The phase feature is proposed in [35]. First, the response if,/’&rar}sformed to the phase space, which is spanned by its magnitude and 5
i1

derivative. Then, the phase features are defined by P; = fM(t

N DdM, tis the same with the difference feature.

08
< 06
% ' Difference
j=
uEv 0.4
02
0
Time (s)
x10°
6 T T T
4,
2
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0
- . | | | | | N | L
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Fig. 4. Examples of the difference, integral, and phase feature for (a) ordinary sensors and (b) TM sensors.

classification accuracy, for the best feature subset in a large can-
didate set should be better than that in a small set; (2) perform a
systematic statistical analysis on the features; (3) testify the per-
formance of the proposed FS algorithm in a large correlated feature
set.

The features extracted from each ordinary sensor are described
in Table 3. There are altogether 98 features. The difference, integral,
and phase features are calculated on 5 intervals of the curve (1 in
injection stage, 2 in reaction stage, and 2 in purge stage), which are
illustrated in Fig. 4(a). The shape of a TM sensor’s response is more
complex and informative. However, the features defined in Table 3
can still be used to describe the transient of the curve. Because
the response of a TM sensor has 18 “stairs”, transient features are
extracted on every stair. The features are similar to those in Table 3,
but the features related to the 2nd derivative in the purge stage and
the time constant features T3q, Tsg, Tog, T_90, T—g0, and T_3g are not
included. The feature dimension for each TM sensoris 18 x 19 =342.

4.2. Dataset 2

The second dataset was collected by a breath analysis system
designed by Guo et al. [19]. It was equipped with a carbon dioxide
sensor and 11 MOS sensors. The details of the sensor array are listed
in Table 4. All sensors are commercially available from Figaro Inc.,

Table 4
Summary of the sensor array used in dataset 2 [19].
No. Model Gas Sensitivity (ppm)
1 TGS2600 H;, CO and VOCs 1-30
2 TGS2602 VOCs 1-30
3 TGS2611-C00 VOCs 500-10,000
4 TGS2610-C00 VOCs 500-10,000
5 TGS2610-D00 VOCs 500-10,000
6 TGS2620 VOCs and CO 50-5000
7 TGS825 H,S 5-100
8 TGS4161 CO, 350-10,000
9 TGS826 NH3 30-300
10 TGS2201 NO and NO, 0.1-10
11 TGS822 VOCs 50-5000
12 TGS821 H, 10-1000

Japan. They were operated under constant heating voltage. The sen-
sor array is able to detect biomarkers of several kinds of diseases.
There are 135 healthy samples, 181 diabetes samples, 167 renal dis-
ease samples, and 126 airway inflammation samples in the dataset.
Typical samples in the dataset are displayed in Fig. 5. The duration
of each breath sample was 90s. The data preprocessing algorithm
includes baseline subtraction and signal normalization [19]. After
preprocessing, 1140 transient features are extracted. The features
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Fig. 5. Typical samples in dataset 2. Left: healthy; right: airway inflammation. The
sensor models are in Table 4.

are similar to the ones for ordinary sensors in dataset 1, but not as
many since the sample duration of dataset 2 is shorter.

5. Results and discussion

The performance of the proposed method (without ensemble)
on the three datasets will be described and compared in Sec-
tions 5.1-5.4. Section 5.5 will discuss the stability of the FS methods
and investigate the performance of SVM-RFE + CBR with ensemble.
Some useful information will be provided in Section 5.6 by analyz-
ing the feature importance.

5.1. Synthetic dataset

The synthetic dataset has been described in Section3.1. It
contains several groups of highly correlated features. A 10-fold
cross-validation was conducted on the dataset to evaluate the algo-
rithms. First, feature ranking was performed on the training sets.
Then, linear SVM classifiers based on the top-ranked features were
used to classify separate test sets. Finally, the average classification
accuracy and the standard deviation are calculated. Because the
relationship between the features and the class label is linear, we
adopted linear SVM-RFE to rank the features. The penalty parame-
ter C of the SVM models was empirically set to 23 for both SVM-RFE
and classification. For the RFE procedure, the elimination number
threshold is T, =22. For the CBR strategy, the group size threshold
is Tg=1; the correlation threshold is T, =0.9.

In Fig. 6, three algorithms are compared. Besides the linear SVM-
RFE with or without CBR, the “slowest” SVM-RFE is also explored,
which removes the features one by one in the RFE procedure (equiv-
alent to setting T, =00). Theoretically, this method is not affected by
correlation bias. The left figure shows how many latent variables
have been included in the top-ranked features. Recall that the 80
relevant features in the dataset are generated from 22 latent vari-
ables. We can see that the original SVM-REFE fails to include all the
variables in the top 30 features, probably because some of the fea-
ture groups are eliminated too early due to CB. Both SVM-RFE + CBR
and the slowest SVM-RFE succeed to include all the variables in the
top 30 features. The right figure compares the accuracy of the three
algorithms. This result shows that SVM-RFE + CBR is comparable to
the slowest SVM-RFE and better than the original SVM-RFE in the
synthetic dataset. It proves the ability of the CBR strategy to reduce
the influence of CB. Besides, the slowest SVM-RFE becomes imprac-
tical to use when the feature dimension is high. When running the
experiment on dataset 1 using Matlab, SVM-RFE + CBR needed 100s
to rank the 1712 features in one cross-validation, while the slowest

24 1
22 ,2r= 0.95
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Fig. 6. FS results on the synthetic dataset. Left: the number of latent variables

identified in the top-ranked features. Right: average classification accuracy of the
top-ranked features. The error bars represent the standard deviations.
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Fig.7. Average accuracy of (a) linear and (b) nonlinear SVM-RFE with CBR in dataset
1 with varying correlation threshold T.. When T, =1, the algorithm is equivalent to
the original SVM-RFE without CBR. The error bars represent the standard deviations.

SVM-REFE did not finish it in 9h. So we will not compare the result
of the latter method in the breath analysis datasets.

5.2. Dataset 1

Similar to the synthetic dataset, 10-fold cross-validation was
carried out for dataset 1. Gaussian SVM was adopted for classifica-
tion with parameters C=23 and y =2-5.In both linear and nonlinear
SVM-REFE algorithms, we set C=23 since it has good performance.
The kernel parameter y was searched among {273,274, .., 210}
for nonlinear SVM-RFE with or without CBR. Finally we found that
the best accuracy is achieved in both situations when y =2-8, Other
parameters for RFE and CBR were: T, =60, Ty =2.

In Fig. 7, performance of linear and nonlinear SVM-RFE are com-
pared. The shown performance is the best accuracy among the top
60 feature subsets. The x-axis of the figure is the correlation thresh-
old T, in CBR strategy. When T =1, the algorithm is equivalent to
the original SVM-RFE without CBR. Table 5 shows the classifica-
tion accuracy of several feature extraction/selection methods. The
parameters of the methods have been optimized. In the princi-
pal component analysis (PCA) method, the ratio of variance [18]
was searched from 80% to 99.9%. In the min-redundancy max-
relevance (mRMR) method, the features were discretized to three
levels to compute the mutual information [31]. When hierarchical
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Table 5

Performance comparison of various methods in dataset 1. The stability is the average Jaccard index.
Algorithm #Features Sensitivity (%) Specificity (%) Average accuracy (%) Stability
All transient features 1712 87.04 + 6.36 90.74 + 5.59 88.89 + 4.86 -
PCA +transient features 58 90.74 + 5.01 90.00 + 4.95 90.37 + 2.44 -
PCA +magnitude [18] 40 92.59 + 4.62 90.74 + 6.11 91.67 + 4.56 -
mRMR [31] 40 90.37 + 4.68 91.85 + 4.55 91.11 £ 3.24 0.5183
Sequential forward selection [3] 28 83.70 £+ 6.10 88.15 + 10.88 85.93 £+ 6.25 0.1088
Original linear SVM-RFE 57 90.37 + 7.03 88.15 + 4.20 89.26 + 3.79 0.2201
Linear SVM-RFE + CBR (T, =0.65) 17 90.74 + 7.66 92.60 + 3.51 91.67 + 3.24 0.2238
Original nonlinear SVM-RFE 30 93.33 +£ 5.74 93.33 + 4.20 93.33 + 3.40 0.4996
Nonlinear SVM-RFE + HC 36 94.07 + 5.30 94.07 + 4.95 94.07 + 3.50 0.4228
Nonlinear SVM-RFE + CBR (T, =0.9) 31 94.44 + 6.11 95.56 + 3.40 95.00 + 3.39 0.4572

Bold values indicate best results.

clustering (HC) was applied before SVM-RFE, the number of clus-
ters was searched between 800 and 1700. In clinical applications,
sensitivity and specificity measures are important, so they are also
listed in Table 5. Sensitivity is the proportion of correctly classified
patients in all the patients, while specificity is the proportion of
correctly classified healthy subjects in all the healthy subjects. The
accuracy is presented as “mean + standard deviation”.

5.3. Dataset 2

There are three subproblems in dataset 2: discriminating
healthy samples from diabetes, renal disease, and airway inflam-
mation samples, respectively. 10-Fold cross-validation was carried
out for each problem. The experimental configurations were simi-
lar to those in Section 5.2. The kernel parameter was also separately
tuned in nonlinear SVM-RFE with or without CBR. The value of T,
was searched among 0.5, 0.55, ..., 0.95 for better accuracy. The
results are shown in Tables 6-8.

5.4. Discussion

Fig. 7 shows that the CBR strategy improves the average accu-
racy of both linear and nonlinear SVM-RFE when T¢ is not less
than 0.6. The improvement seems not very obvious because the
standard deviation (SD) is relatively large. However, when observ-
ing the detailed results of datasets 1 and 2 (Tables 5-8), we find
that SVM-RFE + CBR has comparable or lower SD than the original
SVM-RFE. Moreover, the sensitivity, specificity, and average accu-
racy of SVM-RFE + CBR are consistently better than that of SVM-RFE.
So the CBR strategy is effective in terms of accuracy. The SD of other
feature extraction/selection methods such as PCA, SFS, and mRMR
is comparable to SVM-RFE, which is probably caused by the fact
that the number of training samples is limited. We also find that
the accuracy of nonlinear SVM-RFE is always better than the linear
one, which is because of the nonlinear nature of the data. The best
T. value varies between 0.65 and 0.9 depending on the dataset and
the algorithm (linear or nonlinear).

In Table 5, when all the transient features are used, the accuracy
is not very good. Although it contains useful features for clas-
sification, the transient feature set also contains irrelevant and
redundant features, which will hinder the training of the clas-
sifier. PCA can reduce the redundancy within features, so the
accuracy is improved in the method “PCA +transient features”. In
the “PCA+magnitude” method, PCA is applied to the magnitude
of the whole curve as presented in [18]. Its accuracy is even better,
possibly because there are less irrelevant features in the magnitude.

A proper FS method can be used to identify the effective fea-
tures and discard the irrelevant and redundant ones. We compared
a few FS methods that are able to handle redundancy in candi-
date features. The mRMR method proposed by Peng et al. [31] is
a popular filter method which selects relevant and nonredundant

features based on a mutual information criteria. The widely-used
sequential forward selection (SFS) algorithm [3] iteratively exa-
mines each feature and selects the one that maximizes the
cross-validation accuracy in the training set. If there is redundancy
in features, the time cost of SFS will increase, but the accuracy will
not be affected. The drawback of the two methods is that they use
greedy strategies, thus are prone to be trapped in local optima. As
a wrapper method, SFS often overfits the training set, especially
when the sample size is much smaller than the feature dimen-
sion, which results in a low accuracy in Table 5. Additionally, it is
often impractical to use wrapper methods such as SFS and genetic
algorithm on high dimensional FS problems due to the large time
cost.

Besides the proposed CBR strategy, there is an alternative way
to deal with the correlation bias problem in SVM-RFE. The intu-
itive idea is to filter the redundant features before FS. Following
[21], we implemented a method which uses hierarchical clustering
to group the correlated features. The feature closest to the group
center is kept in each group. Then the filtered features (about 1500
in dataset 1) are ranked using nonlinear SVM-RFE. Table 5 shows
that this method generates a higher accuracy (94.07%) than the
original nonlinear SVM-RFE (93.33%). However, the proposed non-
linear SVM-RFE + CBR achieves the best accuracy 95.00% with fewer
features.

5.5. Stability analysis and the ensemble method

The stability of the FS algorithms listed in Tables 5-8 is the aver-
age Jaccard index (see Section 3.4) of the top 60 features. The overall
stability is not high, which is mainly because there are many highly
correlated features, hence the same accuracy can be achieved by
different feature subsets. In Table 5, mRMR achieves the highest
stability. The other algorithms all depend on the training of the
SVM classifier, thus will be more sensitive to the perturbation of
the training set. This result is consistent with [27], where SVM-RFE
was found to be less stable than univariate filter methods. The sta-
bility of nonlinear SVM-RFE is better than the linear one due to
the nonlinear nature of the data. The stability of SVM-RFE + CBR is
slightly lower than SVM-RFE. The possible reason is that the CBR
strategy moves several features back to the surviving feature list
in each RFE iteration, which increases the uncertainty of the algo-
rithm, since deciding which feature to move can be sensitive to
sample perturbation if several features are highly correlated and
have similar ranking criteria.

In order to improve the stability of SVM-RFE + CBR, the ensem-
ble method introduced in Section 3.4 was investigated. Fig. 8 shows
the accuracy and stability of the ensemble method as the ensemble
size (the number of ranking processes to be aggregated) changes.
The results were obtained by 10-fold cross-validation followed by
averaging over 10 repetitions. It can be seen that as the ensem-
ble size increases, the average accuracy and standard deviation do
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Table 6

Performance comparison of various SVM-RFE strategies in dataset 2: distinguishing between healthy and diabetes samples. The stability is the average Jaccard index.
Algorithm #Features Sensitivity (%) Specificity (%) Average accuracy (%) Stability
Linear 59 90.00 + 8.15 90.00 + 8.92 90.00 + 6.07 0.0531
Linear +CBR (T. =0.7) 43 90.00 + 7.30 90.77 + 8.73 90.38 + 6.35 0.0525
Nonlinear 52 97.69 + 3.72 99.23 + 2.43 98.46 + 2.69 0.4131
Nonlinear +CBR (T =0.9) 56 99.23 + 2.43 99.23 + 2.43 99.23 + 1.62 0.4087

Bold values indicate best results.

Table 7

Performance comparison of various SVM-RFE strategies in dataset 2: distinguishing between healthy and renal disease samples. The stability is the average Jaccard index.
Algorithm #Features Sensitivity (%) Specificity (%) Average accuracy (%) Stability
Linear 60 92.31 £+ 8.11 86.92 + 8.92 89.62 + 5.75 0.0494
Linear+CBR (T,=0.7) 50 92.31 £ 5.13 90.00 + 7.30 91.15 £ 5.14 0.0490
Nonlinear 40 96.92 + 7.43 97.96 + 5.19 97.31 + 4.23 0.4077
Nonlinear + CBR (T, = 0.85) 32 98.46 + 3.24 98.46 + 3.24 98.46 + 1.99 0.3510

Bold values indicate best results.

Table 8
Performance comparison of various SVM-RFE strategies in dataset 2: distinguishing between healthy and airway inflammation samples. The stability is the average Jaccard
index.
Algorithm #Features Sensitivity (%) Specificity (%) Average accuracy (%) Stability
Linear 54 83.33 + 11.11 7833 + 11.25 80.83 + 7.14 0.0473
Linear +CBR (T, =0.8) 52 86.67 + 8.96 79.17 + 10.58 82.92 + 7.47 0.0453
Nonlinear 45 93.33 + 8.29 92.50 + 7.30 92.92 + 5.49 0.4844
Nonlinear +CBR (T, =0.8) 45 95.00 + 5.83 93.33 + 5.27 94.17 + 2.91 0.4322
Bold values indicate best results.
1 0.5 sensors and feature extraction algorithms can be obtained. Dataset
1 is studied since it contains TM sensors. We wish to find the
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Fig. 8. Average accuracy and stability of SVM-RFE + CBR with ensemble in dataset
1. Plots (a) and (b) correspond to linear SVM-RFE + CBR with T, = 0.65. Plots (c) and
(d) correspond to nonlinear SVM-RFE + CBR with T. =0.9. The error bars represent
the standard deviations.

not change obviously, but the stability has significant improve-
ment. When the ensemble size is greater than 9, the stability of
nonlinear SVM-RFE +CBR is better than mRMR. So the ensemble
method is able to improve the stability at the cost of more compu-
tation time. It is worth noting that higher accuracy can be coupled
with relatively lower stability particularly in the presence of highly
correlated features [27].In FS applications where stability and accu-
racy are both important, ensemble methods can be considered.

5.6. Analysis of the ranked features

FS techniques can help us understand the data better. By ana-
lyzing the importance of the features, useful information about the

type of feature (such as the magnitude feature) is made up of a
group of features. Their importance needs to be estimated accord-
ing to a group of rankings. Simply averaging the rankings may be
improper, because we are more interested in whether the feature
group contains useful features. The irrelevant features in the group
may degrade its ranking and mislead our judgment. As a result,
we use the “average top rank” criterion, namely the average of the
top 5 rankings of the features in the group, to evaluate the feature
groups. The smaller the criterion, the more important the feature
group. Note that the ten ranking lists of the 10-fold cross-validation
are pooled together. Using this criterion, some helpful conclusions
can be summarized:

e Sensors. The importance order of the sensors is TGS2600-TM,
TGS2602-TM, TGS2610-D00, TGS826, WSP2111-TM, TGS4161,
GSBT11, SP3S-AQ2, TGS822, and WSP2111. The two most impor-
tant sensors are both TM sensors. The models of WSP2111-TM
and WSP2111 are the same, but the former one is operated under
TM, which makes it turn from the least important sensor to the
5th one. To the best of our knowledge, [18] is the first litera-
ture that applied TM technique to breath analysis systems. The
results prove the effectiveness of TM in such applications. The
carbon dioxide sensor (TGS4161) has an average top rank of 11.6,
showing that it is useful for the application.

Feature types. The average top ranks of the seven types of
transient features are displayed in Table 9. The phase feature
extracted from TM sensors is the most effective. The time con-
stant (especially the Tpqx feature) and derivative are effective
for both types of sensors, while the 2nd derivative and integral
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Table 9
Average top ranks of the seven types of transient features extracted from ordinary
and TM sensors, respectively. The smaller the better.

Feature type Ordinary sensor TM sensor
Magnitude 7.2 6.4
Difference 20.4 4.6
Derivative 6.2 2.6
2nd derivative 80.4 354
Integral 46.0 15.6
Time constant 4.0 2.6
Phase feature 11.8 1.0

Bold values indicate best results.

are the least effective ones. The normalized magnitudes show
slightly smaller average top ranks than the magnitudes without
normalization.

e TM heating voltages. We find that the average top rank is smaller
when the heating voltage is in the interval of 6V-7V-3V (see
Fig. 2). It implies that when detecting breath biomarkers such as
acetone, the TM sensors’ responses are more discriminative when
the temperature is close to or higher than normal range. Accord-
ing to [32], responses at low temperatures contained mostly
redundant or indiscriminative information. This is consistent
with our study. But it needs further investigation whether the
high heating voltage will increase sensor drift.

6. Conclusion

In this paper, the linear and nonlinear support vector machine
recursive feature elimination (SVM-RFE) algorithms were studied.
The correlation bias problem in SVM-RFE was raised, which will
affect the accuracy of the feature selection result. The correlation
bias reduction (CBR) algorithm was proposed to solve the prob-
lem by improving the feature elimination strategy. A synthetic
dataset and two breath analysis datasets with large sets of corre-
lated features were used to evaluate the algorithms. The nonlinear
SVM-RFE + CBR was proved to be effective. It outperformed the orig-
inal SVM-RFE and other typical algorithms. A complete and efficient
implementation of the proposed method was also presented. The
stability of the proposed algorithm can be improved by applying
the ensemble method.

In this study, the comprehensive feature set included seven
types of transient features. By analyzing the features’ rankings,
some useful knowledge was obtained. Three representative con-
clusions for dataset 1 are:

e MOS sensors with temperature modulation (TM) are significantly
more effective than those without TM.

e Phase feature is the best feature for TM sensors and time constant
is the best for ordinary sensors.

e The TM sensors’ responses are more discriminative when the
temperature is close to or higher than the normal range.

These information will be helpful when making new breath analysis
systems or designing new features. For example, the low-ranking
sensors may be discarded to lower the cost without precision loss.
Features related to TM sensors or the phase space can be further
studied. In summary, the proposed FS algorithm is a promising
method for accuracy enhancement, dimension reduction and data
interpretation. Future works may include investigation of more
kinds of features [33,34].
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