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Sparse methods have a signiﬁcant advantage to reduce the complexity of genes expression data and to
make them more comprehensible and interpretable. In this paper, based on penalized matrix
decomposition (PMD), a novel approach is proposed to extract plants core genes, i.e., the characteristic
gene set, responding to abiotic stresses. Core genes can capture the changes of the samples. In other
words, the features of samples can be caught by the core genes. The experimental results show that the
proposed PMD-based method is efﬁcient to extract the core genes closely related to the abiotic stresses.
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1. Introduction
Plants, as sessile organisms, have evolved an enormous capacity to realize their genetically predetermined developmental
program despite ever-changing environmental conditions. As a
result, they are able to cope with environmental conditions, such
as cold, drought, heat, osmotic pressure, salt, UV-B light stress, etc
[1,2]. The literatures of plant stress response are replete with title
of ‘‘some stresses’’, whose tolerance was conferred by stress
inducible protein that activates the plant’s response to a speciﬁc
stress of many abiotic stresses [3]. The underlying concept is that
there exists a speciﬁc set of interacting genes that respond to each
abiotic stress.
There are many conventional methods, such as RT-PCR or
Northern blotting, to research the expression law of characteristic
genes [4]. However these methods have some drawbacks, e.g.,
only one or a small number of genes can be studied at one time.
So, how to obtain the interacting genes responding to abiotic
stresses is still a challenge.
The rapid development of DNA microarray technology has
made it possible to monitor gene expression levels on a genomic
scale [5,6]. The gene expression data captured using the highthroughput technique can potentially provide systematic information regarding the underlying dynamics and mechanisms in
n
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biology, which greatly enhances the fundamental understanding
of life on the molecular level. However, large numbers of gene
expression data pose the problem of ﬁnding the knowledge of
interest. Analyzing these data needs well founded mathematical
tools which are adaptable to the large quantity of information and
noise they carried on. Until now, many mathematical methods,
such as singular value decomposition (SVD), principal component
analysis (PCA) and independent component analysis (ICA), have
been demonstrated to be able to analyze these data. For example,
Alter et al. proposed to use SVD for processing and modeling the
gene expression data [7]. Kumar et al. used SVD to mine health
care data [8]. PCA was used to select genes for microarray data
analysis by Wang et al. [9]. Ma et al. used PCA to identify
differential gene pathways [10]. Mustafa et al. combined NMR
with PCA to analyze the effect of salicylic acid on the metabolite
proﬁle of Catharanthus roseus cell suspension culture [11]. Huang
et al. proposed a penalized discriminant method based on ICA for
classifying gene expression data [12]. Li et al. used locally linear
discriminant embedding to classify the gene expression data [13].
Though the classical methods such as SVD and PCA have been
successfully applied in analysis of gene expression data, they still
have some drawbacks, e.g., the left and right singular vectors of
SVD or principal components (PCs) of PCA are usually dense.
These make it difﬁcult to interpret the singular vectors or PCs
without subjective judgment. To make the data more comprehensible and interpretable, many mathematical tools are developed for reducing the complexity of the data. Among these
approaches, sparse methods have a signiﬁcant advantage, while
giving up little statistical efﬁciency. Until now, many different
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sparse methods were introduced, such as sparse PCA using the
lasso given by Zou et al. [14], sparse PCA using convex relaxation
techniques proposed by Zhang et al. [15], penalized matrix
decomposition proposed by Witten et al. [16]. Moreover, many
sparse methods have been widely used for gene expression data
analysis. A sparse linear discriminant analysis was used to
analyze the gene expression data by Wu et al. [17]. Lass et al.
used the SPCA for clustering and feature selection [18]. Zheng
et al. used the nonnegative matrix factorization for microarray
data analysis [19]. In [16], Witten et al. proposed penalized matrix
decomposition (PMD), which was used to discover the transcriptional modules by Zheng et al. [20] and Zhang et al. [21].
Though sparse methods are useful, main applications of them
are focused on the clustering and classiﬁcation at present, which
may not give the reasonable and intelligible results on the
selection of characteristic gene. To solve this problem, in this
paper, a novel method, based on Penalized Matrix Decomposition
(PMD), is proposed to extract ‘‘core genes’’ from the gene expression data. Here, core genes denote the characteristic gene set,
which respond to the abiotic stresses. Owing to the penalty
function, the factor matrices generated by PMD are sparse, so
PMD can make the results more comprehensible and interpretable. The core genes extracted by PMD can capture the changes of
the samples belonging to the same condition, i.e., the features of
samples can be captured by the core genes. Moreover, we focus
on how to extract the core genes responding to abiotic stresses by
our method. The experimental results show that the proposed
method can identify the core genes responding to the abiotic
stresses. The contribution of this paper lies in the proposition of a
PMD-based approach for extracting the core genes responding to
the abiotic stresses.
The remainder of the paper is organized as follows. In Section 2,
ﬁrstly, the PMD method is introduced. Then how to extract core
genes using PMD is described. The experimental results are shown
in Section 3. Section 4 concludes this paper and outlines the
future works.
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Let U and V be m  p and n  p matrices, respectively, and D be a
diagonal matrix with diagonal elements dk, it can be proved as
follows [16]:
p
p
X
1
1
1X 2
JXUDVT J2F ¼ JXJ2F 
uTk Xvk dk þ
d
2
2
2k¼1 k
k¼1

ð3Þ

Hence, using the case p¼1, we can see that u and v satisfying
Eq. (2) can also satisfy the following problem:
maximize uT Xv
u,v

s:t:JuJ22 ¼ 1, JvJ22 ¼ 1, P 1 ðuÞ r a1 , P 2 ðvÞ r a2
T

ð4Þ
T

and the d satisfying Eq. (2) is d¼u X. The objective function u X in
Eq. (4) is bilinear in u and v, that is, with u ﬁxed, it is linear in v, and
vice versa. In fact, with v ﬁxed, the criterion in Eq. (4) takes the
following form:
maximize uT Xv
u

s:t:JuJ22 ¼ 1, P1 ðuÞ r a1 :

ð5Þ

This criterion is not convex due to L2-equality penalty on u.
The optimization problem in Eq. (4) can be ﬁnessed to the
following biconvex optimization [16]:
maximize uT Xv
u,v

s:t:JuJ22 r 1, JvJ22 r 1, P 1 ðuÞ r a1 , P 2 ðvÞ r a2 :

ð6Þ

It can be turned out that the solution to Eq. (6) satisﬁes Eq. (4)
provided that a is chosen appropriately [16].
Eq. (6) is called the rank-1 PMD, and the iterative algorithm
used to optimize is summarized as Algorithm 1.
Algorithm 1. The iterative algorithm of the rank-1 PMD
Step 1: Initialize v to have unit L2-norm.
Step 2: Iterate until convergence:
(a) u’arg max uT Xv,s:t:JuJ22 r 1,P 1 ðuÞ r a1
u

(b) v’arg max uT Xv,s:t:JvJ22 r1,P 2 ðvÞ r a2
v

Step 3: d’uTX

2. Methods
2.1. Mathematical deﬁnition of PMD
This subsection brieﬂy introduces the Penalized Matrix
Decomposition (PMD) proposed by Witten et al. [16]. Let X denote
an m  n matrix of real-valued data, which consists of m genes in
n samples, in general, mbn. In the case of microarray data, xij is
the expression level of the ith gene in the jth sample. The
elements of the ith row of X form the n-dimensional vector ri,
which is referred to as the transcriptional response of the ith gene.
Correspondingly, the elements of the jth column of X form the
m-dimensional vector sj, which is referred to as the expression
proﬁle of the jth sample. Without loss of generality, let the column
means of X be zero, the singular value decomposition (SVD) of
matrix X can be written as follows:
X ¼ UDVT ,

UT U ¼ Im ,

V T V ¼ In :

ð1Þ

The PMD generalizes this decomposition by additional constraints
on U and V. The rank-1 PMD can be formulated as the following
optimization problem:
minimize 12 JXduvT J2F
d,u,v
s:t:JuJ22

¼ 1,

JvJ22

¼ 1, P 1 ðuÞ r a1 , P 2 ðvÞ r a2 , d Z 0

ð2Þ

where u is a column of U, v is a column of V, d is a diagonal element
of D, JJF is the Frobenius norm, P1 and P2 are convex penalty
functions that can take a variety of forms [16].

To obtain multiple factors of PMD, we can maximize the criterion
in Eq. (6) repeatedly, each time using the residuals obtained
by subtracting the product of previous factors duv from X, i.e.
Xk þ 1 ’Xk dk uk vTk . Without the P1- and P2-penalty constraints, it
can be shown that the K-factor PMD algorithm leads to the rank-K
SVD of X. In particular, the successive solutions are orthogonal. This
can be seen since the solutions uk and vk are in the column and row
spaces of Xk, which has been orthogonalized with respect to uj,vj for
jA1,y,k–1. With P1 and/or P2 present, the solutions are no longer in
the column and/or row spaces, and so the orthogonality does not
hold. The detailed algorithm of PMD can be found in [16]. In this
paper, characteristic genes are selected according to u, so we only
take the penalty on u, i.e. P1(u)r a1, and do not take the penalty on v.
By choosing appropriately the parameters a1, PMD can result in
sparse factors u. Generally speaking, a1 should be restricted to
pﬃﬃﬃﬃﬃ
the ranges 1 r a1 r m, which can be selected according to the
algorithm in [16].
2.2. Extracting core genes by PMD
The PMD algorithm decomposes the matrix X of gene expression data into two bases matrices U and V, one deﬁned by the left
singular vectors and the other by right singular vectors. Referring
to the deﬁnition in the Section 2.1, the left singular vectors span
the space of the sample expression proﬁles {sj} and the right
singular vectors span the space of the gene transcriptional
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Fig. 1. Graphical depiction of PMD of a matrix X, annotated with adopted in
the paper.

responses {ri}. Following the convention [22], we refer to the right
singular vectors {vk}, i.e., the columns of V, as eigenpatterns, to the
left singular vectors {uk}, i.e., the columns of U, as eigensamples
and to the rows of U as eigengenes. eigensamples, eigengenes,
eigenpattern and other deﬁnitions are shown in Fig. 1.
To reduce the dimensionality of the data, a subset of eigensamples are often selected to represent X. The underlying rationale is that the eigensamples have extracted the characteristic
structure of the data. Corresponding to the eigensamples, the
eigengenes are also extracted.
In this paper, our goal is to ﬁnd the core genes that denote the
characteristic gene set responding to the abiotic stresses. Referring to
the deﬁnitions in Section 2.1, the interest signals in this case are the
sample expression proﬁle sj. By Eq. (1), the PMD equation for sj is
sj ¼

p
X

Extract the core genes according to non-zero entries in { u k }

Check the core genes by using Gene Ontology (GO)

End
Fig. 2. Workﬂow diagram of our method.

the data source. How to select the parameters is shown in Section 3.2.
In Section 3.3, the gene ontology (GO) analysis is executed to evaluate
the performance of the proposed method. The veriﬁcations of core
genes based on literatures are given in Section 3.4.
3.1. Data source

vjk dk uk , j ¼ 1,2,. . .,n,

ð7Þ

k¼1

which is a linear combination of the eigensamples {uk}. The jth
column of VT, s0 j (see Fig. 1), contains the coordinates of the jth sample
in the coordinate system (basis) of the scaled eigensamples, dkuk.
Using the vector s0 j, the expression proﬁles of the samples may be
captured by prn variables, which are always fewer than the m
variables in the vector sj. So, PMD can generally reduce the number of
variables used to represent the sample expression proﬁles.
However, in order to reconstruct the original data, the eigensamples are needed, which are m-dimensional vectors. As mentioned above, the elements of the jth column of X form the
m-dimensional vector sj. So, the sample sj can be represented by
the eigensample {uk}. By choosing appropriate penalty function
P1, the sparse {uk} can be achieved. That is, responding to abiotic
stresses, the characteristic gene set, namely core genes, can be
used to represent the samples. When core genes are extracted by
PMD-based method, each of them can capture the changes of the
samples belonging to the same condition. In other words, the
features of samples can be captured by the core genes.
The schemes to obtain the core genes can be summarized as
follows:
Firstly, X is decomposed into the bases matrices U and V
using PMD.
Secondly, the sparse eigensamples {uk} are obtained.
Thirdly, the genes corresponding to nonzero entries in the
eigensamples {uk} are selected as the core genes.
Finally, the core genes are checked using Gene Ontology (GO).
The workﬂow diagram of our method is shown in Fig. 2.
3. Results and discussion
In this section the proposed method is evaluated by applying it to
extract the core genes responding to abiotic stresses. Section 3.1 gives

For gene expression analysis, the Affymetrix CEL ﬁles are downloaded from NASCArrays [/http://affy.arabidopsis.info/S, reference
numbers are: cold stress, NASCArrays-138; osmotic stress, NASCArrays-139; salt stress, NASCArrays-140; drought stress, NASCArrays141; UV-B light stress, NASCArrays-144; heat stress, NASCArrays-146]
[23]. The arrays are adjusted to avoid the background of optical noise
using the GC-RMA software by Wu et al. [24] and normalized using
quartile normalization. The results of GC-RMA are gathered in a
matrix to be processed by PMD.
3.2. Parameters selection
The raw data include two classes, i.e. shoot and root, under each
stress. Because the sparse principal component analysis (SPCA) given
by Journee et al. outperforms existing algorithms both in quality of
the obtained solution and computational speed [25], we compare
PMD with SPCA method for extracting the core genes from these
datasets. In this paper, the l1-norm of u is taken as the penalty
function, i.e. JuJ1 r a1 . By choosing an appropriate a1, a sparse u with
pﬃﬃﬃﬃﬃ
many entries being zeros can be obtained. Because of 1 r a1 r m,
p
ﬃﬃﬃﬃ
ﬃ
p
ﬃﬃﬃﬃ
ﬃ
let a1 ¼ an m, where 1= m r a r 1. For simplicity, let p¼1, that is,
only one factor is used. The results given with l0- and l1-norm penalty
in SPCA are similar, which are also shown in [25]. Since the l0-norm is
faster than l1-norm, we take l0-norm penalty. The parameter g in
SPCA is used to regulate the sparse degree of PCs. For fair comparison,
500 genes are roughly selected by these two methods via choosing
appropriate parameters. The parameters a and g of the two methods,
i.e., PMD and SPCA, on different data set are listed in Table 1.
3.3. Gene Ontology (GO) analysis
The Gene Ontology (GO) Term Enrichment tool can ﬁnd signiﬁcant
shared GO terms or parents of those GO terms, used to describe the
genes in the query/input set and to help discover what those genes
may have in common [26]. In this paper, GOTermFinder is used
to investigate the enrichment of functional annotations of genes
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Table 1
The values of a and g on different data sets.
Stress

Shoot

Drought
Salt
UV-B
Cold
Heat
Osmotic

Root

PMD

SPCA

PMD

SPCA

a

g

a

g

0.0928
0.0924
0.1036
0.1026
0.0765
0.1049

0.4224
0.4920
0.4505
0.4660
0.3770
0.5139

0.0999
0.1057
0.0966
0.0983
0.0931
0.0946

0.4065
0.5261
0.4329
0.4726
0.3710
0.5338

585

can select only 28 genes in shoot and 22 genes in root. For the
UV-B stress in shoot sample, PMD and SPCA can select 104 and 83
genes defending response, respectively. For the cold stress, the
genes responding to cold can be selected by both PMD (44 in
shoot and 43 in root) and SPCA (34 in shoot and 33 in root). For
the heat stress, the genes responding to heat can be selected by
both PMD (45 in shoot and 43 in root) and SPCA (30 in shoot and
28 in root). For the osmotic stress, the genes responding to
osmotic stress can be given by both PMD (55 in shoot and 39 in
root) and SPCA (29 in shoot and 27 in root).
In summary, on all the characteristic items, our method has
superiority over SPCA.
3.4. Veriﬁcations based on the literatures

Table 2
Response to stimulus (GO:0050896).
Stress

Drought
Drought
Salt
Salt
UV-B
UV-B
Cold
Cold
Heat
Heat
Osmotic
Osmotic

PMD

s
r
s
r
s
r
s
r
s
r
s
r

SPCA

P-value

Sample frequency

P-value

Sample frequency

4.55E-64
9.77E-34
3.01E-29
2.60E-47
3.48E-62
1.02E-19
7.85E-47
9.26E-33
3.78E-15
4.08E-11
1.70E-39
1.26E-15

247/500
199/500
190/500
222/500
244/500
170/500
221/500
197/500
159/500
148/500
209/500
160/500

2.63E-37
1.41E-36
4.36E-28
3.16E-24
4.85E-61
3.41E-12
3.59E-35
2.22E-25
1.09E-26
1.85E-10
2.92E-23
6.91E-22

205/500
205/500
188/500
180/500
242/500
151/500
201/500
183/500
185/500
146/500
178/500
175/500

(49.4%)
(39.8%)
(38.0%)
(44.4%)
(48.8%)
(34.0%)
(44.2%)
(39.4%)
(31.8%)
(29.6%)
(41.8%)
(32.0%)

(41.0%)
(41.0%)
(37.6%)
(36.0%)
(48.4%)
(30.2%)
(40.2%)
(36.6%)
(37.0%)
(29.2%)
(35.6%)
(35.0%)

In this table, ‘‘s’’ and ‘‘r’’ denote shoot and root samples, respectively.

identiﬁed by our method. The analysis of GOTermFinder provides
signiﬁcant information for the biological interpretation of highthroughput experiments. GOTermFinder is publicly available at
/http://go.princeton.edu/cgi-bin/GOTermFinderS [27]. The core
genes selected by PMD and SPCA are checked by GO, its threshold
parameters are set as follows: maximum p-value¼0.01 and minimum number of gene products¼2. The results of GO Term Enrichment are given in supplementary ﬁle (Sup1).
3.3.1. Response to stimulus
Table 2 lists the response to stimulus (GO:0050896), which is the
ancestor of all the abiotic stresses. Background frequency of response
to stimulus (GO:0050896) in TAIR set is 4570/29556 (15.3%).
As Table 2 listed, both methods, PMD and SPCA, can extract the
signiﬁcant results with very lower P-value and very higher
sample frequency. In Table 2, the superior results are shown in
bold type. In the twelve items, there are only three of them
(drought on root, heat on shoot and osmotic on root) that SPCA
outperforms our method. In other nine items, our method is
superior to SPCA.
3.3.2. Core genes responding to the stresses
To evaluate the performance of both methods for exacting core
genes, the characteristic terms closely related to the stresses are
investigated in detail. Table 3 lists the results, with the superior
ones shown in bold type.
As Table 3 listed, for the drought stress, PMD method can
select the genes responding to water deprivation (47 in shoot and
26 in root), but SPCA method only selects 23 in shoot and 24 in
root. For the salt stress, PMD method selects the 41 and 33 genes
responding to salt stress in shoot and root, respectively, yet SPCA

Many literatures about plants responding to abiotic stresses
have been published recently. The literatures are searched to
verify the core genes to abiotic stresses selected by PMD. In this
paper, we make our detailing investigation on the core genes
responding to drought-, salt- and cold-stresses.
3.4.1. Core genes responding to draught
For drought-stress, the core genes responding to water deprivation in shoot samples are listed in Table 4. In Table 4, the
column of References gives the searching results that the authors
have afﬁrmed in the literature. The column of Response to denotes
what the genes respond to.
As Section 3.3.2 mentioned, PMD-based method identiﬁed 47
genes responding to water deprivation in shoot samples with
drought stress. All these genes can be searched in literatures.
And as Table 4 listed, all the core genes are indeed related to
drought stress, some of which are also related to cold and/or salt
stresses.
3.4.2. Core genes responding to salt
For salt-stress, the core genes responding to salt in root
samples are listed in Table 5.
As Section 3.3.2 mentioned, PMD-base method identiﬁed 33
genes responding to salt in root samples with salt stress. Table 5
lists the references about core genes responding to salt in root
samples extracted by PMD. As Table 5 listed, there are 32 genes
indeed related to salt stress, some of which are also related to cold
and/or drought stresses. And only one gene (AT5G52190) is not
related to responding to salt stress.
3.4.3. Core genes responding to cold
For cold-stress, Table 6 lists the core genes responding to cold
in shoot samples.
As Section 3.3.2 mentioned, our method identiﬁed 44 genes
responding to cold in shoot samples with cold stress. An amazing
result can be found that all the genes are responding to cold stress.
Some of them are also concerned with salt and/or drought stresses.
What should be pointed out is that, as Tables 4–6 listed, some
genes are responding to two or more abiotic stresses. These
overlapping cases of genes reveal that they take part in some
different gene regulatory networks, and the expression pattern of
them under cold, drought and salt stresses are similar [100].
From the veriﬁcations, it can be concluded that our method
can select the core genes responding to the abiotic stresses.

4. Conclusions
In this paper, a novel method was proposed for extracting
core genes based on Penalized Matrix Decomposition (PMD).
For processing gene expression data, the method can achieve
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Table 3
Characteristic terms selected from GO by algorithms.
Stress

Drought
Drought
Salt
Salt
UV-B
UV-B
Cold
Cold
Heat
Heat
Osmotic
Osmotic

GO Terms

s
r
s
r
s
r
s
r
s
r
s
r

GO:0009414
GO:0009415
GO:0009651
GO:0009651
GO:0006952
GO:0006953
GO:0009409
GO:0009410
GO:0009408
GO:0009409
GO:0006970
GO:0006970

Background frequency

response to water deprivation
response to water deprivation
response to salt stress
response to salt stress
Defense response
Defense response
response to cold
response to cold
response to heat
response to heat
response to osmotic stress
response to osmotic stress

207/29887
207/29887
395/29887
395/29887
919/29887
919/29887
276/29887
276/29887
140/29887
140/29887
474/29887
474/29887

(0.7%)
(0.7%)
(1.3%)
(1.3%)
(3.1%)
(3.1%)
(0.9%)
(0.9%)
(0.5%)
(0.5%)
(1.6%)
(1.6%)

PMD

SPCA

P-value

Sample frequency

P-value

Sample frequency

2.86E-33
2.96E-11
3.16E-16
4.98E-10
1.54E-52
2.97E-05
9.31E-25
9.92E-24
4.61E-40
3.04E-37
6.96E-27
2.16E-13

47/500 (9.4%)
26/500 (5.2%)
41/500 (8.2%)
33/500 (6.6%)
104/500 (20.8%)
40/500 (8.0%)
44/500 (8.8%)
43/500 (8.6%)
45/500 (9.0%)
43/500 (8.6%)
55/500 (11.0%)
39/500 (7.8%)

1.17E-08
1.8E-09
1.10E-06
3.03E-03
8.66E-34
1.67E-03
3.69E-15
2.51E-14
1.82E-20
3.58E-18
1.78E-06
2.73E-05

23/500
24/500
28/500
22/500
83/500
36/500
34/500
33/500
30/500
28/500
29/500
27/500

(4.6%)
(4.8%)
(5.6%)
(4.4%)
(16.6%)
(7.2%)
(6.8%)
(6.6%)
(6.0%)
(5.6%)
(5.8%)
(5.4%)

In this table, ‘‘s’’ and ‘‘r’’ denote shoot and root samples, respectively.

Table 4
References about core genes responding to water deprivation in shoot samples.

Table 5
References about core genes responding to salt in root samples.

Gene name

Response to

References

Gene name

Response to

References

ABCG22
ABF3
AKR4C8
ANNAT3
ANNAT4
AOC1
AT3G02480
AT3G05640
AT5G38710
BGLU18
COR413IM1
DR4
DREB1A
DREB2A
EDL3
ERD10
ESL1
GolS2
GSTF6
HAI1
HB-12
HB-7
KIN1
LEA14
LOX2
LTI30
LTI78
LTP3
LTP4
MYB60
MYBR1
MYC2
NAC019
NAC3
NCED3
PP2CA
RAB18
RAP2.6
Rap2.6L
RPK1
RD20
RD26
RD28
SAG21
STZ
WRKY33
ZF2

Drought
Drought,
Drought,
Drought,
Drought,
Drought
Drought
Drought
Drought
Drought,
Drought,
Drought
Drought,
Drought,
Drought,
Drought,
Drought,
Drought,
Drought,
Drought
Drought,
Drought,
Drought,
Drought,
Drought
Drought,
Drought,
Drought
Drought,
Drought,
Drought,
Drought
Drought
Drought,
Drought,
Drought,
Drought,
Drought,
Drought,
Drought,
Drought,
Drought
Drought
Drought,
Drought,
Drought,
Drought,

Benschop et al. (2007) [28]
Abdeen et al. (2010) [29]
Simpson et al. (2009) [30]
Cantero et al. (2006) [31]
Huh et al. (2010) [32]
Peltier et al. (2004) [33]
Huang et al. (2008) [34]
Huang et al. (2008) [34]
Funk et al. (2010) [35]
Huibers et al. (2009) [36]
Okawa et al. (2008) [37]
Gosti et al. (1995) [38]
Seo et al. (2009) [39]
Seo et al. (2009) [39]
Koops et al. (2011) [40]
Kim et al. (2010) [41]
Yamada et al. (2010) [42]
Maruyama et al. (2009) [43]
Jiang et al. (2007) [44]
Huang et al. (2008) [34]
Huang et al. (2008) [34]
Huang et al. (2008) [34]
Huang et al. (2008) [34]
Huibers et al. (2009) [36]
Bannenberg et al. (2009) [45]
Chung et al. (2008) [46]
Vergnolle et al. (2005) [47]
Huang et al. (2008) [34]
Huang et al. (2008) [34]
Oh et al. (2011) [48]
Huang et al. (2008) [34]
Abe et al. (2003) [49]
Tran et al. (2004) [50]
Tran et al. (2004) [50]
Iuchi et al. (2001) [51]
Lan et al. (2011) [52]
Tanaka et al. (2005) [53]
Krishnaswamy et al. (2011) [54]
Krishnaswamy et al. (2011) [54]
Osakabe et al. (2011) [55]
Aubert et al. (2010) [56]
Kunieda et al. (2008) [57]
Alexandersson et al. (2005) [58]
Fowler et al. (2002) [59]
Rossel et al. (2007) [60]
Jiang et al. (2009) [61]
Drechsel et al. (2010) [62]

AT5G52190
bZIP1
CAMBP25
CBL1
DDF1
EDL3
GolS2
HB-12
HVA22B
HVA22D
LTI78
MKK9
MYB108
MYB15
MYB2
MYB49
MYB51
MYB74
MYB96
NAC6
NCED3
NSL1
NUDT7
RAP2.6
RHL41
S6K2
SOT12
STZ
TSPO
UGT74E2
WRKY25
WRKY33
ZF2

Salt
Salt, drought
Salt, drought,
Salt, drought,
Drought, salt
Salt, drought,
Salt, drought
Salt
Salt
Salt, drought,
Salt
Salt
Salt
Salt, drought
Salt
Salt
Salt
Salt, drought
Salt, drought
Salt, drought
Salt
Salt
Salt, drought,
Salt, cold
Salt, cold
Salt
Salt, drought,
Salt
Salt, drought
Salt, drought,
Salt, drought,
Drought, salt

Dietrich et al. (2011) [63]
Perruc et al. (2004) [64]
Du et al. (2004) [64]
Kang et al. (2011) [65]
Koops et al. (2011) [40]
Maruyama et al. (2009) [43]
Huang et al. (2008) [34]
Chen et al. (2002) [66]
Chen et al. (2002) [66]
Vergnolle et al. (2005) [47]
Zhou et al. (2002) [67]
Kraepiel et al. (2011) [68]
Chen et al. (2006) [69]
Guo et al. (2011) [70]
Chen et al. (2006) [69]
Chen et al. (2006) [69]
Chen et al. (2006) [69]
Chen et al. (2006) [69]
Tran et al. (2004) [50]
Iuchi et al. (2001) [51]
Noutoshi et al. (2006) [71]
Jambunathan et al. (2010) [72]
Krishnaswamy et al. (2011) [54]
Vogel et al. (2005) [73]
Pislariu et al. (2007) [74]
Baek et al. (2010) [75]
Rossel et al. (2007) [60]
Balsemao-Pires et al. (2011) [76]
Tognetti et al. (2010) [77]
Jiang et al. (2009) [61]
Jiang et al. (2009) [61]
Drechsel et al. (2010) [62]

salt
salt, cold
salt, cold
salt

salt
cold
cold
cold
salt
salt, cold
salt
cold
salt
salt
salt
cold
salt
cold
salt, cold
salt
salt
salt

salt
salt
cold
cold
salt, cold
salt, cold
salt, cold
salt

cold
salt, cold
salt, cold
salt

more comprehensible and interpretable results. It also can extract
the core genes which capture the changes of the samples belonging to the same stresses.

cold
cold
cold

cold

cold

cold

cold
cold

Furthermore, the genes selected by the methods were analyzed using GO terms enrichment analysis. The results indicated
that the proposed PMD-based method has superiority over SPCA
on extracting the characteristic terms closely related to the
stresses. In the end, the veriﬁcations of core genes based on
literatures demonstrated that the proposed PMD-based method is
potentially effective. In future, we will focus on the biological
interpretation of the core genes.
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Table 6
References about core genes responding to cold in shoot samples.
Gene name

Response to

References

AT4G30660
AT4G34150
AT4G38840
AT5G54470
ATPMEPCRB
BAP1
CBF1
CBF2
CBL1
CCA1
CEJ1
CIPK7
CIPK9
COR15A
COR15B
COR27
COR47
CT-BMY
CZF1
DDF1
DREB1A
DREB26
ELIP1
ERD10
ERD7
ERF5
GolS1
GolS2
GolS3
HVA22D
KIN1
LEA4-5
LHY
LTI30
LTI78
NAC062
RHL41
SAG21
STZ
SUS1
TCH2
TCH4
WRKY25
WRKY33

Cold, salt
Cold
Cold
Cold
Cold
Cold
Drought, cold
Cold
Cold, drought, salt
Cold, drought
Cold
Cold
Cold, salt
Cold
Cold
Cold
Cold, drought
Cold
Cold
Cold, drought
Cold, drought
Cold, drought, salt
Cold
Cold, drought
Cold, salt, drought
Cold
Cold, salt
Salt, drought, cold
Salt, drought, cold
Cold
Cold, drought
Cold, drought
Cold, salt
Cold, drought
Cold, drought, salt
Cold
Cold, salt
Cold, drought
Salt, drought, cold
Cold
Cold
Cold
Cold, salt, drought
Cold, salt, drought

Fabro et al. (2008) [78]
Van Leene et al. (2010) [79]
Lee et al. (2005) [80]
Mikkelsen et al. (2009) [81]
Mechli et al. (1998) [82]
Yang et al. (2006) [83]
Vergnolle et al. (2005) [47]
Shinwari et al. (1998) [84]
Cheong et al. (2003) [85]
Lau et al. (2011) [86]
Tsutsui et al. (2009) [87]
Huang et al. (2011) [88]
Pandey et al. (2007) [89]
Thalhammer et al. (2010) [90]
Thalhammer et al. (2010) [90]
Mekkelsen et al. (2009) [81]
Huibers et al. (2009) [36]
Vergnolle et al. (2005) [47]
Vergnolle et al. (2005) [47]
Kang et al. (2011) [50]
Seki et al. (2001) [91]
Krishnaswamy et al. (2011) [54]
Vergnolle et al. (2005) [47]
Reyes et al. (2008) [92]
Kimura et al. (2003) [93]
Catala et al. (2003) [94]
Nishizawa et al. (2008) [95]
Maruyama et al. (2009) [43]
Maruyama et al. (2009) [43]
Chen et al. (2002) [66]
Huang et al. (2008) [34]
Reyes et al. (2008) [92]
Lau et al. (2011) [86]
Chung et al. (2008) [46]
Vergnolle et al. (2005) [47]
Seo et al. (2011) [96]
Vogel et al. (2005) [73]
Seki et al. (2001) [91]
Sakamoto et al. (2004) [97]
Bermejo et al. (2011) [98]
Delk et al. (2005) [99]
Lee et al. (2005) [80]
Jiang et al. (2009) [61]
Jiang et al. (2009) [61]
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