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Abstract: Alternative splicing is a tissue and developmental stage speciﬁc process and greatly increases the biodiversity of proteins. Besides the trans- and cis-factors on the genome level, the process of RNA splicing is also
regulated by epigenetic factors. In the present work, we proposed a new method to predict exon skipping events
by using the histone methylation and acetylation information. The maximum relevance minimum redundancy
method followed by incremental feature selection was performed to select the optimal feature set. Based on the
optimized features, our method obtained an overall accuracy of 68.5% in a 10-fold cross validation test for exon
skipping event prediction. It is anticipated that our method may become a useful tool for alternative splicing
events prediction and the selected optimal features will provide insights into the regulatory mechanisms of epigenetic factors in alternative splicing.
Key words: alternative splicing, histone methylation, histone acetylation, feature selection, quadratic discriminant function.

1 Introduction
Alternative splicing is a widespread event in eukaryotic species and is responsible for much of the complexity of the proteome (Black 2003). Data from next
generation sequencing indicated that more than 90%
of the human genes undergo alternative splicing and
produce multiple transcript variants from a single gene
locus (Pan et al., 2008; Wang et al., 2008a). These variants exhibit diﬀerent molecular functions and structural
properties (Kelemen et al., 2013). A large number of
genetic diseases are also closely associated with the defects of RNA splicing (David et al., 2010; Garcia-Blanco
et al., 2004; Lai and Greenberg 2013).
Elimination of speciﬁc introns and exons is the key
process of RNA splicing, which is performed by a large
macromolecule known as spliceosome. Studies over the
past decades have demonstrated that it can be regulated on two diﬀerent levels, the genome level and the
epigenome level (Luco et al., 2011).
On the genome level, there are lots of splicing motifs
(i.e., splicing enhancers, splicing silencers, etc.) that
can be recognized and bound by snRNAs and proteins
∗
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to form the spliceosome (Hoskins and Moore 2012).
Based on the information encoded in the genome level,
a lot of alternative splicing prediction models were proposed (Zhang and Luo, 2003; Wang and Burge 2008;
Zhang et al., 2010). However, the number of the tissue
and developmental stage speciﬁc splicing events that
can be clearly explained by these models is very limited (Barash et al., 2010).
In fact, the eukaryotic genome is packaged in the
form of nucleosomes. The histone components of the
nucleosome undergo multiple post-translational covalent modiﬁcations including acetylation and methylation (Bernstein et al., 2007; Kouzarides 2007). A
series of studies have reported that the information
from the epigenome level also contributes to the regulation of RNA splicing (Luco et al., 2011). Schor
and his colleagues demonstrated that the exon skipping correlates with H3K9ac and H3K36me (Schor et
al., 2009). Luco et al., also found that histone methylation could medicate the splicing site selection in ﬁbroblast growth factor receptor 2 gene (FGFR2) (Luco
et al., 2010). Through analyzing the relationship between histone modiﬁcation and RNA splicing in human H1 and IMR90 cells, Shindo et al., revealed that
H3K36me3 and H3K79me1 correlate with the inclusion
and exclusion of alternative exons (Shindo et al., 2013).
Recently, based on histone methylation and acetylation
information, Enroth et al., proposed a model to predict
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the most common alternative splicing mode, exon skipping events (Fig. 1), and obtained an average accuracy
of 72% for 27% of the exons (Enroth et al., 2012). All
these results indicate that the information encoded in
the epigenome level play important roles in RNA splicing regulation.
RNA
E

E

E

RNA splicing
E
E
E
Exon inclusion

Fig. 1

E
E
Exon exclusion

Example of exon skipping. Exons (E) are indicated
by rectangles and introns are shown by lines. In
exon skipping event, the middle exon might be reserved in the transcript, namely, exon inclusion (left
bottom panel), while in some other tissues or developmental stages it will be skipped, namely, exon
exclusion (right bottom panel).

In the present study, we presented a discriminative computational framework to identify exon skipping
events according to the histone modiﬁcation information. The mRMR (minimal redundancy maximal relevance) method was used to select the optimized features. The quadratic discriminant (QD) function was
proposed to perform the prediction. The predictive performance of the proposed method based on optimized
features was then evaluated in a 10-fold cross validation
test.

2 Materials and methods
2.1

Dataset

The benchmark dataset used in the present study
was constructed by Enroth et al. (Enroth et al., 2012).
According to the following procedures, they obtained
a dataset describing histone acetylation and methylation in exon and intron regions of exon skipping events
(Enroth et al., 2012). Firstly, based on gene expression
data (Oberdoerﬀer et al., 2008), exons were annotated
as ‘excluded’ or ‘included’ according to the quote between their expression and the average gene expression.
Subsequently, exons that ranked as ﬁrst or last in any
transcript were removed, and only exons longer than
50 bp with ﬂanking introns longer than 360 bp and no
overlap to other exons were considered.
The 20 kinds of histone acetylations (Barski et al.,
2007) and 18 kinds of histone methylations (Wang et
al., 2008b) were then considered for regions centered
over, preceding as well as succeeding each exon. In
this procedure, exons with no histone acetylation or
methylation modiﬁcation present were removed from
the dataset. The histone modiﬁcation information cen-

tered over, preceding and succeeding the exon was discretized as present (noted by “1”) or absent (noted by
“0”) over the three regions (Enroth et al., 2012). As
a result, a benchmark dataset containing 12,692 ‘included’ exons (left panel in Fig. 1) and 11,165 ‘excluded’
exons (right panel in Fig. 1) with histone acetylation
and methylation information was obtained and it was
formulated as
E = E+ ∪ E−
(1)
where ∪ represents the symbol for “union” in the set
theory, and

E+ containing 12 692  included exons
(2)
E− containing 11 165  excluded exons
2.2

Sample representation

According to the 38 kinds of histone acetylation and
methylation information centered over (or middle), preceding and succeeding exons, all the ‘excluded’ and ‘included’ exons in the dataset can be represented by a
(3×38)=114-dimensional vector as,
Z = [ε1 , ε2 , ε3 , · · · , ε114 ]T

(3)

where the components in the vector are 1 (present of
histone modiﬁcation) or 0 (absent of histone modiﬁcation), T is the transpose operator, the ﬁrst 3 components reﬂect the histone modiﬁcation information of
H3K27me3 centered over, preceding and succeeding the
exons, the second 3 components reﬂect H3K4me2, and
so forth (c.f. Supporting information S1).
2.3

Quadratic discriminant function

The quadratic discriminant (QD) function has been
widely used in the realm of bioinformatics, such as out
membrane protein prediction (Lin 2008), splice site prediction (Zhang and Luo 2003), nucleosome positioning
prediction (Chen et al., 2010; Chen et al., 2012) and
other DNA and protein sequence pattern recognitions
as reviewed in Ref. (Lv et al., 2010). The detailed deduction of QD according to Bayesian Theorem has been
described in our previous work (Lv et al., 2010). Therefore, we brieﬂy described its mathematical principles as
follows.
Given a sample X represented by the histone
modiﬁcation feature variables (ε1 to εr ), we obtain
a r-dimensional feature vector Z = [ε1 , ε2 , · · · , εr ].
Whether the sample X belongs to E+ or to E− can
be judged by the followings,

X ∈ E+ if ξ > 0
(4)
X ∈ E− if ξ ≤ 0
ξ is the quadratic discriminant function deﬁned as
(Zhang and Luo 2003),
ξ = log2

N1
|C1 |
1
δ 1 − δ2
− log2
−
N2
2
2
|C2 |

(5)
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The 114 features obtained according to histone acetylation and methylation
Feature

Order

Feature

Order

Feature

1

H3K27me3

39

H3K79me1 succ

77

H2AK9ac prec

2

H3K27me3 prec

40

H3K9me2

78

H2AK9ac succ

3

H3K27me3 succ

41

H3K9me2 prec

79

H2BK5ac

4

H3K4me2

42

H3K9me2 succ

80

H2BK5ac prec

5

H3K4me2 prec

43

H4K20me1

81

H2BK5ac succ

6

H3K4me2 succ

44

H4K20me1 prec

82

H3K27ac

7

H3K79me3

45

H4K20me1 succ

83

H3K27ac prec

8

H3K79me3 prec

46

H3K27me2

84

H3K27ac succ

9

H3K79me3 succ

47

H3K27me2 prec

85

H4K12ac

10

H3R2me1

48

H3K27me2 succ

86

H4K12ac prec

11

H3R2me1 prec

49

H3K4me1

87

H4K12ac succ

12

H3R2me1 succ

50

H3K4me1 prec

88

H4K91ac

13

H4R3me2

51

H3K4me1 succ

89

H4K91ac prec

14

H4R3me2 prec

52

H3K79me2

90

H4K91ac succ

15

H4R3me2 succ

53

H3K79me2 prec

91

H2BK120ac

16

H2BK5me1

54

H3K79me2 succ

92

H2BK120ac prec

17

H2BK5me1 prec

55

H3K9me3

93

H2BK120ac succ

18

H2BK5me1 succ

56

H3K9me3 prec

94

H3K14ac

19

H3K36me1

57

H3K9me3 succ

95

H3K14ac prec

20

H3K36me1 prec

58

H4K20me3

96

H3K14ac succ

21

H3K36me1 succ

59

H4K20me3 prec

97

H3K36ac

22

H3K4me3

60

H4K20me3 succ

98

H3K36ac prec

23

H3K4me3 prec

61

H2AK5ac

99

H3K36ac succ

24

H3K4me3 succ

62

H2AK5ac prec

100

H4K16ac

25

H3K9me1

63

H2AK5ac succ

101

H4K16ac prec

26

H3K9me1 prec

64

H2BK20ac

102

H4K16ac succ

27

H3K9me1 succ

65

H2BK20ac prec

103

H2BK12ac

28

H3R2me2

66

H2BK20ac succ

104

H2BK12ac prec

29

H3R2me2 prec

67

H3K23ac

105

H2BK12ac succ

30

H3R2me2 succ

68

H3K23ac prec

106

H3K18ac

31

H3K27me1

69

H3K23ac succ

107

H3K18ac prec

32

H3K27me1 prec

70

H3K9ac

108

H3K18ac succ

33

H3K27me1 succ

71

H3K9ac prec

109

H3K4ac

34

H3K36me3

72

H3K9ac succ

110

H3K4ac prec

35

H3K36me3 prec

73

H4K8ac

111

H3K4ac succ

36

H3K36me3 succ

74

H4K8ac prec

112

H4K5ac

37

H3K79me1

75

H4K8ac succ

113

H4K5ac prec

38

H3K79me1 prec

76

H2AK9ac

114

H4K5ac succ
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δi = (Z − μi )T Ci−1 (Z − μi )

(6)
+

where N1 and N2 are the number of samples in E
and E− , respectively. δi is the squared Mahalanobis
distance between Z and μi . μi is the average of Z
over all samples of E+ (i = 1) or E− (i = 2). |Ci | and
Ci−1 are respectively the determinant and inverse of the
corresponding covariance matrix Ci denoted as
⎤
⎡
ci11 ci12 · · · ci1r
⎥
⎢ i
⎢c21 ci22 · · · ci2r ⎥
⎥
⎢
(7)
Ci = ⎢ .
..
..
.. ⎥
⎢ ..
.
.
. ⎥
⎦
⎣
cir1 cir2 · · · cirr
The r × r elements in Ci are given by
cijk =

N

i
1
(εuj − εij )(εuk − εik ),
Ni − 1 u=1

(8)

(j, k = 1, 2, · · · , r)
Ni

εij
2.4

=

u=1

εij

Ni

(j = 1, 2, · · · , r)

(9)

where TP, TN, FP and FN represent the number of
the correctly recognized exon inclusion samples, the
number of the correctly recognized exon exclusion samples, the number of exon exclusion samples recognized
as exon inclusion samples and the number of exon inclusion samples recognized as exon exclusion samples,
respectively.
2.5

Redundant and noisy information would cause poor
prediction results and increase computational time. To
improve the prediction quality and gain deeper insights into the contribution of histone modiﬁcations to
RNA splicing, we evaluated the features in Z using
the mRMR (minimal redundancy maximal relevance)
method (Peng et al., 2005). The basic idea of mRMR
is to rank the features according to their relevance to
the class and the redundancy among the features themselves. The ranked feature with a smaller index indicates that it has a better trade-oﬀ between the maximum relevance and minimum redundancy.
The relevance between two variables εi and εj can be
deﬁned by the mutual information I,

Performance evaluation

I(εi , εj ) =

Three cross-validation methods, namely, subsampling test, independent dataset test and jackknife
test are often employed to evaluate the predictive capability of a predictor. Among the three methods, jackknife test is deemed the most objective and rigorous
one that can always yield a unique outcome as demonstrated in a comprehensive review (Chou and Shen
2008), and has been widely and increasingly adopted
by investigators to examine the quality of various predictors (Chen et al., 2013; Feng et al., 2013; Lin et al.,
2013). However, since the current study would involve
feature selection as described below, to reduce the computational time, the 10-fold cross-validation test was
adopted in the current study. In the 10-fold crossvalidation test, the benchmark dataset was randomly
partitioned into 10 nearly equal subsets, out of which
nine subsets are used for training and the remaining
one for testing. This procedure was repeated ten times
and the ﬁnal prediction result is the average accuracy
of the ten tests.
The performance of the proposed model was evaluated using sensitivity (Sn), speciﬁcity (Sp) and overall
accuracy (OA), which are expressed as
Sn =

TP
TP + FN

TN
Sp =
TN + FP
TP + TN
OA =
TP + FN + TN + FP

Feature selection

p(εi , εj ) log
i,j

p(εi , εj )
p(εi )p(εj )

(13)

where p(εi , εj ) is the joint probabilistic density, p(εi )
and p(εj ) are the marginal probabilities, respectively.
Suppose that M is the already-selected feature set
containing m features, and N the to-be-selected feature
set containing n features. The relevance D between the
feature ε in set N and the class c can be deﬁned as
D = I(ε, c)

(14)

The redundancy R between the feature ε in N and
all the features in M can be calculated by
R=

1
m

I(ε, εi )

(15)

εi ∈M

So the feature εj in the set N with the maximum
relevance and minimum redundancy can be determined
by
max I(εj , c) −

εj ∈N

1
m

I(εj , εi ) ,

(j = 1, 2, · · · , n)

εi ∈M

(16)
(10)
(11)
(12)

Since there are 114 features in the present work, the
feature evaluation was continued 114 rounds. After
these evaluations, we obtained a new feature set S,

S = {f1 , f2 , f3 , · · · , f114
}

(17)
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Sτ = {f1 , f2 , · · · , fτ }

(1 ≤ τ ≤ N )

(18)

For each of the N feature sets, a QD prediction model
(cf. Eqs. (5)-(6)) was constructed and examined with
the 10-fold cross-validation.
By doing so, we obtained an IFS curve in a 2D Cartesian coordinate system with index τ as its abscissa (or
X-coordinate) and the overall accuracy as its ordinate
(or Y-coordinate). The optimal feature set is deﬁned
by
SΘ = {f1 , f2 , · · · , fΘ }
(19)
with which the IFS curve reaches its peak. In other
words, in the 2D coordinate system, when X = Θ the
value of OA is the maximum. Thus, we can use the Θ
features in Eq. (19) to build the ﬁnal predictor.

3 Results and discussion
3.1

Prediction performance

To identify the key features for exon skipping event
prediction, we used the mRMR algorithm and IFS approach as described in Materials and Methods section.
After running the mRMR program, the 114 features
were ranked according to their relevance to the class
of samples (Supporting information S2). Such ranked
features were then used in the following IFS procedure
for the optimal feature set selection.
By adding the 114 ranked features one by one according to the evaluations from mRMR, we built 114
individual QD predictors for the 114 sub-feature sets.
We then tested the prediction performance for each of
the 114 predictors and plotted the IFS curve as shown in
Fig. 2, from which we can see that, when the top ranked
71 features were used, the overall accuracy reached its
peak, i.e., OA= 68.5%, with the sensitivity of 68.9%
and speciﬁcity of 66.7%. As a comparison, the predictive results obtained by using all the 114 features were
also listed in Table 1.
In other words, we have Θ = 71 (cf. Eq. (19)) and
the optimal feature set for the current biological system
should be
S71 = {f1 , f2 , · · · , f71 }
(20)

0.70
(71;0.685)
0.68
Overall accuracy (%)

where each feature in S has a subscript index indicating
at which round the feature is selected. The more importance the feature is, the smaller its subscript index
is.
Based on the ranked features, the Incremental Feature Selection (IFS) (He et al., 2010) was used to determine the optimal number of features. During the
IFS procedure, features in the ranked feature set S were
added one by one from lower to higher rank. A new feature set will be constructed when one feature had been
added. Thus, the N feature sets thus formed would be
composed of N ranked features. The τ -th feature set
can be formulated as

0.66
0.64
0.62
0.60
0.58
0.56
0

Fig. 2

19

38
57
76
Number of features

95

114

A plot to show the IFS procedure. When the top 71
of the 114 features were used to perform prediction,
the overall accuracy reached its peak of 0.685.

Table 1

Results of exon skipping event prediction
using diﬀerent parameters

Number of Features

Sn (%)

Sp (%)

OA (%)

114

65.3

67.1

66.5

71

68.9

66.7

68.5

To provide an overall view, a distribution of the 114
features and their roles for the prediction model is given
in Fig. 3, where the light gray boxes indicate the features that were not contained in the optimal feature
set S71 . The gray and black boxes indicate the features
that were included in the optimal feature set S71 : the 34
features in gray boxes were positively correlated with
exclusion event, while the other 37 features in black
boxes were positively correlated with inclusion event.
3.2

Molecular mechanism analysis

As shown in Fig. 3, the 71 optimal features belong
to 17 kinds of histone acetylation and 13 kinds of histone methylation. The regulatory roles of some of these
histone modiﬁcations in alternative splicing have been
demonstrated in a series of studies (Schor et al., 2009;
Kolasinska-Zwierz et al., 2009; Luco et al., 2011) and
were also reviewed in a recent work (Zhou et al., 2013).
The roles of H3K9me2 and H3K27me3 in RNA alternative splicing were found in human Fibronectin (FN1)
gene (White et al., 2008; Zhou et al., 2013). In FN1,
the heterochromatin-associated protein HP1α recognizes the H3K9me2 and H3K27me3 marks and slows
down transcriptional elongation, resulting in exon inclusion event.
H3K9me3 was also found in association with alternative splicing as revealed in previous studies (Ponta et
al., 2003; Screaton et al., 1993). In Human CD44 gene,
H3K9me3 marks are recognized by HP1γ, which facilitates inclusion of the alternative exons by reducing the

246

Interdiscip Sci Comput Life Sci (2014) 6: 241–249
S2

Order

The 114 ranked features according to their relevance to the class of samples
Feature

Order

Feature

Order

Feature

1

H2BK5ac

39

H3K36ac

77

H2BK120ac prec

2

H3K9ac succ

40

H3K27me2 succ

78

H3K79me2 prec

3

H4K20me3 succ

41

H3K27me1

79

H2BK5ac succ

4

H3K9me2

42

H4K16ac succ

80

H2BK12ac

5

H3K14ac prec

43

H3K4me3 prec

81

H3K27ac prec

6

H3R2me1 prec

44

H3R2me2

82

H3K4me2

7

H3R2me2 succ

45

H3K9me2 prec

83

H3K36ac succ

8

H2AK9ac prec

46

H3K79me2 succ

84

H3K18ac

9

H3K36me3 succ

47

H2AK5ac prec

85

H2BK20ac succ

10

H3K23ac prec

48

H4K8ac prec

86

H3K4me1

11

H3K27me2 prec

49

H3K36me1

87

H3K9me1 prec

12

H3K36me1 succ

50

H3K18ac succ

88

H2AK5ac

13

H3K9me3 succ

51

H4R3me2

89

H4K12ac

14

H2BK12ac succ

52

H3K79me3 prec

90

H4K20me1 succ

15

H3R2me2 prec

53

H4K8ac succ

91

H2BK20ac prec

16

H4K20me3 prec

54

H2AK9ac

92

H3K4ac

17

H4R3me2 succ

55

H3K27me3 prec

93

H2BK120ac succ

18

H3K79me2

56

H3K27ac succ

94

H3K36me3

19

H3K9ac prec

57

H3K9ac

95

H3K9me1 succ

20

H2AK9ac succ

58

H3K36me3 prec

96

H3K79me1 succ

21

H3K27me3

59

H3K23ac

97

H3K27ac

22

H3K14ac succ

60

H3K4ac succ

98

H3K4me1 prec

23

H3K9me3 prec

61

H3K4me2 prec

99

H4K20me1

24

H4R3me2 prec

62

H4K5ac prec

100

H4K5ac

25

H3K4me3

63

H3K14ac

101

H2BK120ac

26

H4K12ac succ

64

H3K36ac prec

102

H3K79me1 prec

27

H3K36me1 prec

65

H3K27me3 succ

103

H3K4me1 succ

28

H4K20me3

66

H3K4me2 succ

104

H4K8ac

29

H2AK5ac succ

67

H2BK5ac prec

105

H4K91ac prec

30

H4K16ac prec

68

H3R2me1

106

H3K9me1

31

H3K23ac succ

69

H3K27me1 succ

107

H2BK5me1 succ

32

H3K79me3 succ

70

H3K18ac prec

108

H2BK20ac

33

H3K4me3 succ

71

H4K16ac

109

H4K91ac succ

34

H3K9me2 succ

72

H4K5ac succ

110

H2BK5me1

35

H2BK12ac prec

73

H3K27me2

111

H3K79me1

36

H3R2me1 succ

74

H3K4ac prec

112

H2BK5me1 prec

37

H4K12ac prec

75

H3K27me1 prec

113

H4K20me1 prec

38

H3K9me3

76

H3K79me3

114

H4K91ac
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Proceed

Middle

Succeed

H4K5ac
H3K4ac
H3K18ac
H2BK12ac
H4K16ac
H3K36ac
H3K14ac
H2BK120ac
H4K91ac
H4K12ac
H3K27ac
H2BK5ac
H2AK9ac
H4K8ac
H3K9ac
H3K23ac
H2BK20ac
H2AK5ac
H4K20me3
H3K9me3
H3K79me2
H3K4me1
H3K27me2
H4K20me1
H3K9me2
H3K79me1
H3K36me3
H3K27me1
H3R2me2
H3K9me1
H3K4me3
H3K36me1
H2BK5me1
H4R3me2
H3R2me1
H3K79me3
H3K4me2
H3K27me3

Fig. 3

A distribution overall view for the 114 features. The
features that were included in the optimal feature
set S71 are shown in the gray and black boxes: the
former was positively correlated with exon exclusion
event, while the latter positively correlated with
exon inclusion event. Those features that were not
in the optimal feature set S71 are shown in the light
gray boxes.

local transcriptional elongation rate (Saint-Andre et al.,
2011; Zhou et al., 2013).
H3K6me3 is enriched in exon regions and its function in alternative splicing has been demonstrated
in FGFR2 (Warzecha et al., 2012). The enriched
H3K6me3 in FGFR2 gene can be recognized by the
MORF-related gene 15 (MRG15) protein, which directly recruits the polypyrimidine tract-binding protein (PTB) to the intronic splicing silencer element
surrounding exon IIIb to repress its inclusion in mesenchymal cells (Orr-Urtreger et al., 1993; Zhou et al.,
2013). The H3K36me3 mark can also be recognized by
thechromatin-associated protein Psip1 to regulate alternative splicing (Pradeepa et al., 2012; Zhou et al.,
2013).

4 Conclusion
The process of RNA splicing occurs cotranscriptionally and the complicated chromatin
environment can also aﬀect RNA splicing through
epigenetic factors, such as nucleosome positioning,
histone methylation, histone acetylation, etc..
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In the present study, based on the histone methylation and histone acetylation information, we proposed
a novel method to predict the exon skipping events by
using the quadratic discriminant function. By means
of the feature selection algorithm, an optimal set of 71
features were selected. With the optimal features, the
proposed method achieved an accuracy of 68.5% in the
benchmark dataset, indicating that these features contribute signiﬁcantly for the prediction of exon skipping
event.
In other words, the result also demonstrates that the
epigenome information is not enough to explain the
complete alternative splicing patterns as well. RNA
splicing is co-regulated by both genomic and epigenomic factors. There exists communications between
the two levels of alternative splicing regulation by virtue
of co-transcriptional deposition of protein factors (Zhou
et al., 2013; Shindo et al., 2013; de Almeida et al., 2011).
Recently, the concept of pseudo dinucleotide composition (PseDNC) has been proposed to deal with DNA sequences (Chen et al., 2013). Encouraged by the success
of PseDNC, in the near future, we will also apply the
PseDNC to identify exon skipping events by combining
the information from both genome and epigenome levels and develop novel methods to precisely demonstrate
the mechanism of alternative splicing.
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