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(hnRNP) family.14-15 The function of ESEs and ESSs
appears to be especially important for the regulation of
alternative splicing events but these sequences probably
also play a relevant role in the definition of constitutive
exons.

Abstract
A computationally effective algorithm HMMotif is
proposed to detect two kinds of splicing regulatory
factor, which are ESEs and ESSs. HMMotif can make
full use of the contextual information from the vicinity
of 5' and 3' splice sites on the DNA to predict the
hidden state of ESEs and ESSs simultaneously. A
constitutive exons database is used for the extracting
the EST of the concern area from UCSC database.
Experiments on this data verified the effectiveness by
comparing HMMotif with the traditional threshold
based method.

Recent research on the searching of ESEs and ESSs is
mainly based on comparing the frequencies between the
potential area and the background area such as the vicinity
of exons and introns or the area between exons and
pseudoexons area.1,10,16-17 At such conditions, a threshold or
cutoff value is needed for the discrimination of motifs from
the reference sequence, however, a good threshold is hard
to obtain for avoiding the missing of any true motif.5

Keywords: Splicing regulatory elements, ESE, ESS,
Hidden Markov Model.

Hidden Markov model (HMM) is widely used in many
fields such as speech and handwriting recognition, text
classification as well as DNA and protein classification.18 It
is observed that both ESEs and ESSs have a large frequency
differential between exon area and intron area while the
proportion of ESEs in exons is much higher than that in
introns and inversely for ESSs.10 A new algorithm
HMMotif is developed for motif finding of ESEs and ESSs
by incorporating the frequency differention of the two kinds
of motifs above with HMM. The frequency differentiation
for ESEs is considered to be between the vicinity of 5' and
3' end of exons and the vicinity of 5' and 3' end of introns.5
With the introducing of HMM, hard threshold for motifs
inference can be avoided and more probability power is also
expected to gain from the contextual information of the
sequence concerned.

Introduction
One of the fundamental steps in the transfer of genetic
information from DNA to protein is the splicing of RNA
transcripts. In this process, relatively small exons (~100 nt)
are selected from among generally much larger introns
(thousands of nucleotides) and are joined to form mature
mRNA. Splicing relies on the correct identification of exons
and must be exactly recognized within pre-mRNAs despite
being extremely short compared with intronic regions.1 In
addition to splice site signals at the exonic 5' and 3' ends,
accurate discrimination of exons and introns requires
additional auxiliary elements.2-4 Sequences around the
splice junctions-the 5' and 3' splice sites (5'ss and 3'ss) are
also important for splice site recognition.5 The sequence or
structure context in the vicinity of the 5'ss and 3'ss motifs is
known to play an important role in splice site recognition.6

Material and Methods
Problem formulation and HMMotif model specification:
For ESEs and ESSs, we take 100 nt downstream of 5' and
upstream of 3' for the sequence in exons. For sequence in
introns, we also take 100 nt upstream of 5' and downstream
of 3'. For the sequence in exons, the whole exons sequence
is taken if the length of the sequence is less than 100 nt. All
the sequence are taken out and then joined to form a new
sequence for ESEs and ESSs searching respectively.

It is now established that sequences within exon bodies
have a prominent role in promoting exon definition and
inclusion in mature transcripts. The best understood the socalled exonic splicing enhancers (ESEs) represent exonic
elements. ESE sequences, which enhance splicing at nearby
sites,7 are an important component of its context. ESEs
represent binding sites for SR proteins which are thought to
have a role in the initial steps of spliceosome assembly.8-10
Sequences that act as exonic splicing silencers (ESSs) have
also been described and studied11-13 but are less well
characterized compared with ESEs. In many instances,
ESSs have been shown to bind negative regulators
belonging to the heterogeneous nuclear ribonucleoprotein

HMMotif is used to predict ESEs and ESSs simutaneously.
For each of them, the length of each possible motif is
denoted as l, the number of all possible motifs on the
considered genome is noted as L. We consider three states
for each l -length possible motif: (1) ESE, (2) normal
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some larger than that it is not occurring and is vice versa for
state {bb}. For the initial distribution of state transition
matrix, the initial distribution of Ai is as follows:

expressed l -length sequence (not a motif), (3) ESS. For
simplicity, we denote the three states as {aa, ab, bb}. Aim is
to predict the hidden state for each l -length sequence. The
hidden state I and observation for each position are noted as:

P( Ai |γ i )

{st }(t 1, 2, , L) {vi }(i 1, 2, , I )

S

O {ot }(t 1, 2, , L) respectively.

where γ

I

where {vi }i 1 are all states considered. The underlying
regulatory characters are taken as the hidden states. For
simplicity, we note state {aa} as state 1, state {ab} as state 2
and state {bb} as state 3 in the following initial state
distribution and state transition matrix.
Initial state distribution:
{ 1 , 2 , 3} ， i P(s1

γ

P( st

v j | st
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vi | t 1)
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hidden state:
rt
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(100,1000,100)

and

(100,100,1000) . Since the sum of elements in Ai

model parameters of HMM are
(π ,u, A ) and one learns
the unknown HMM by using EM algorithm and computing
the maximum likelihood estimation when the observed data
are incomplete. 18 The aim is to find the model parameter
maximizing the observation probability i.e.
L(o, )  P(o | ) or log P(o | ) where the later one is
usually used when the length of the observation is large. We
use a special case of EM algorithm, Baum-Welch
algorithm19 to learn the unknown parameters. For the
training of HMM, the following auxiliary function Q( , )
is used as the objective function for the optimization of the
HMM parameters.

The observation to be considered for each l -length
sequence includes the frequency of the l -length sequence at
the vicinity of two ends of exons and the frequency at the
vicinity of two ends of introns (both for ESEs and ESSs).
bv (ot ) is calculated as a conditional probability, given the
qt

2

Estimation of HMM parameters: For simplicity, the

vi )

vi )

(1000,100,100) , γ

1

It is noted that the number level of the hyper-parameters
above looks some large. Actually, the ratios of the random
numbers produced by the corresponding hyper-parameters
will be closer to the ratios of the numbers in the hyperparameters with the increase of the number level of hyperparameters.

Emission probability distribution:
B
{bst (ot )}

bst (ot ) P({qt , r t }| st

(4)

should be equal to probability 1, a normalization for { Ai }iI 1
is performed after each iteration of HMMotif.

State transition matrix:
a11 a12 a13
A
a21 a22 a23
( A1T , A2T , A3T ) ，
a31 a32 a33
aij

3

Dirichlet ( Ai |γ i )

t

Q( , )

(1)

s S

log P(O, S | )P( S | O, )

(5)

It is proved that maximizing the following auxiliary
function Q( , ) can lead to the increase of the likelihood
P(O | ) , i.e. max Q( , ) P(O | ) P(O | ) .19

where q t and r t are the frequencies of the l -length t -th
sequence on the exon part and intron part respectively.

{ui }iI 1 is the binomial distribution parameter for each l length sequence on the sequence.

Given model parameter set
as:

Prior distribution of HMM: Initial distribution of π is
taken as Dirichlet distribution with hyper-parameter
( 1 , 2 , 3 ) , u (u1 , u2 , u3 ) is taken conjugately
according to a beta distribution with hyper-parameter
( 1 , 2 , 3 ) and
( 1 , 2 , 3 ) as follows:
P( | )

P(uk |

k

Dirichlet ( | )

,

k

)

Beta(uk |

k

,

k

)

P(O, S | )

L
t 1
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, P(O, S | ) can be calculated

ast 1st bst (ot )

(6)

Replacing term P(O, S | ) in (5) with (6), (5) can be
rewritten as:
Q( ,

(2)
(3)

)

s
L

s

(100,1000,100) by assuming that most l -length
where
sequence will be at normal state. We also set α = (600, 500,
400) and β = (400, 500, 600) by assuming that the
probability of state {aa} occurring at the stated position is

S

t 1
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Two thresholds are considered here to illustrate the
effectiveness of HMMotif, which are 1.5 and 2 representing
the ratio between the vicinity of exon and intron for ESE
and between the vicinity of intron and exon for ESS
respectively. The number of ESEs detected by HMMotif
and TS methods, as well as their overlaps is presented in
table 1. The number of ESSs detected by HMMotif and the
TS methods, as well as their overlaps is given in table 2.

(9)

Table 1
Comparison of HMMotif with TS methods for ESEs

and aij with constraints

1 can be obtained by maximizing

aij

the first and second term of (7) with respect to π i and
aij respectively as follows:
i
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Motifs
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can be obtained by maximizing the
I

third term with respect to {ui }i 1 , however, the close-form
expression is not available due to the complicated structure
of the observation term f ({qit , rit }iLt 1 ) . Newton iteration
was used with respect to the first and second derivation of
the third term as follows:
T
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uinew
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TS_1.5
921
—

TS_2
—
440

Overlap
319(66.74%)
268(56.07%)

It is observed that HMMotif can detect most of the ESE and
ESS that TS can detect. With the increasing of ratio,
HMMotif is still efficient in detecting the high-ratio motifs,
which verifies the effectiveness of HMMotif. It can also be
seen that the overlap proportion between HMMotif and TS
method decreases with the increase of the ratio for ESS. It
is not surprising as less motifs will be detected with the
increase of the threshold. However, more fake motifs will
be detected with the decrease of the threshold although the
overlap between HMMotif and TS increases. So what
threshold should be taken for the TS method is still a
problem.
Table 2
Comparison of HMMotif with TS methods for ESSs

)

(10)
i|

HMMotif
478
478

)

The forward and backward algorithm19 is used to update πi
and αij. In the implementation of Baum-Welch, the update
of ui is used for the update of the emission probability.
Finally, Viterbi algorithm19 was used to infer the hidden
states of each l -length sequence in study.

Motifs
ESS

HMMotif
700

TS_1.5
1185

TS_2
—

700

—

625

Results
Dataset: For ESEs and ESSs detection, we use the
constitutive exon database and their flanking sequence for
ESEs and ESSs detection were used. The constitutive exon
ESTs are obtained from http://hexevent.mmg.uci.edu/cgibin/ HEXEvent/HEXEventWEB.cgi and then the EST was
used to obtain the vicinity sequence from hg19 at http://
genome.ucsc.edu/cgi-bin/hgGateway.

Overlap

580(82.86%)
387(55.29%)

For the training of the parameters of HMM, one fourth of
the data was used and considered as training, the initial
value of three kinds of parameters i.e. , u and transition
probability A are generated according to the distribution.
The trained parameters are given in table 3. It is observed
that the trained values varied not too much compared with
the initial values showing that the initial distribution of the
parameters is very close to the true distribution of the
parameters and the distribution of ESEs and ESSs obtained
by HMMotif is consistent with the setting of the parameters.

Zhang and Chasin10 observed that both ESEs have a sharp
decreasing from the vicinity of exon inside to the vicinity of
exon outside while ESSs have a sharp increasing from the
vicinity of exon inside to the vicinity of exon outside
observed it. So the constitutive exon database and its
flanking intron area can be used by HMMotif to detect
ESEs and ESSs simultaneously. The flanking length for the
5' and 3' end are taken as 100nt. The length of ESEs and
ESSs are both taken as 6.5

Conclusion
A new tool HMMotif for splicing regulatory elements
prediction of ESEs and ESSs has been proposed. HMMotif
can make full use of the contextual information among each
potential motif as each pair of coterminous l -length
sequences share (l-1) -length sequence. It is observed that
HMMotif can detect majority of the ESEs and ESSs
simultaneously that threshold based method can detect and
can be used for different length of motifs detection. Since
HMMotif is based on the optimization of whole posterior
probability, more probability power can be gained from the
contextual information. Threshold can be avoided in the
comparison between the exon flanking area and its
reference area.

Statistical performance: For the extracting of motifs from
the result of HMMotif, the 6-length sequence was taken as
potential ESEs having more than half of the observations
having hidden state ESE and it is similar for the detection of
ESSs. We compared the potential ESEs and ESSs extracted
from HMMotif with that of Threshold Setting (TS)
method.5
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5. Fairbrother W. G., Yeh R. F., Sharp P. A. and Burge C. B.,
Predictive identification of exonic splicing enhancers in human
genes, Science, 297, 1007-1013 (2002)

Table 3
Comparison of the parameters of HMMotif before and
after training on one fourth of the data considered.
π
u
A

initial
trained
initial
trained
initial

6. Reed R. and Maniatis T., A role for exon sequences and
splicesite proximity in splice site selection, Cell, 46, 681-690
(1986)

Parameter
(0.199900 0.611900 0.188300)
(0.234500 0.721312 0.126734)
(0.663300 0.503313 0.333348)
(0.521870 0.354901 0.191122)

7. Blencowe B. J., Exonic splicing enhancers: mechanism of
action, diversity and role in human genetic diseases, Trends
Biochem. Sci., 25, 106-110 (2000)

0.836900 0.089300 0.073800
0.073800 0.886600 0.095400

8. Manley J. L. and Tacke R., SR proteins and splicing control,
Genes Dev., 10, 1569-1579 (1996)

0.014800 0.086800 0.898400

trained

0.812513
0.177593

0.179130 0.008359
0.707575 0.114834

0.014563

0.231420 0.754019

9. Mayeda A., Screaton G. R., Chandler S. D., Fu X. D. and
Krainer A. R., Substrate specificities of SR proteins in constitutive
splicing are determined by their RNA recognition motifs and
composite pre-mRNA exonic elements, Mol. Cell. Biol., 19, 18531863 (1999)

Availability and Requirements
Tool home page: https://sites.google.com/site/hmmmotif/
config/pagetemplates/hmm_motif1
Operating system: 64-bit Linux
Programming language: C
Other requirements: Linux Ubuntu 3.0.0 or higher
License: GNU GPL
Any restrictions to use by non-academics: License
needed.
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