Tournal of Engineering and Applied Sciences 13 (Special Issue 3): 3198-3203, 2018

ISSN: 1816-949%
© Medwell Journals, 2018

A Relative Frequency-Based Signature Sequence Extraction Method for
Two Contrasting Sequence Groups

Keon Myung Lee, “Chan Hee Lee and *Hyung Woo Youn
"Department of Computer Science, Chungbuk National University, Cheongju, 28644 Chungbuk, Korea
*Department of Microbilogy, Chungbuk National University, Cheongju, 28150 Chungbuk, Korea
*Department of Clinical Pathology, Chunghuk Health and Science University Cheongju,
28644 Chungbuk, Korea

Abstract: The advances in molecular technology enable to classify organisms based on their genetic sequence
information. In classification, it is sometimes desirable to have a pattern for each class which characterizes the
class and discrimimates it from others. The objective of this research is to develop a method to extract signature
sequences which 1s a sequential pattern with such characteristics from two contrasting sequence groups. It 1s
assumed that there are two sequence groups, the self group and the other group and all the sequences from
both groups are multiply aligned together, so that, they have the same length. To begin with for each group
the relative base frequencies at each base location are computed and its consensus sequence 1s identified. From
each base location of a group, the most frequent base 13 selected as a constituent of signature sequence only
when its relative frequency is higher than that of the same base in the corresponding location of the contrasting
group by at least the specified threshold called base frequency difference threshold, BDT. A candidate
signature sequence 1s constructed by placing those selected bases m their location of a sequence. A desirable
signature sequence for a sequence group 1s a sequential pattern which facilitates to discriminate its group from
the other group and retains its unique group characteristics. In an experiment of virus sequences, the
cross-validation study showed that the method produces consistent results and the generated signature
sequences give the high sensitivity and high specificity for the sequence data set. The results indicate that the
proposed signature sequence extraction method is useful in the characterization and classification of a group
of sequences.
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INTRODUCTION

The classification 15 one of important tasks
sequence data analysis where classification accuracy are
paid lots of attention and the patterns for classes acquired
sometimes in the course of the task are regarded as their
characterization. The classification approaches can be
divided nto two categories, based on how to use the
data, sequence-based approaches and feature-based
approaches. The sequence-based approaches use the
sequences themselves as input to a classification system.
The consensus sequence-based methods and the HMM
(Hidden Markov Model)-based methods (Eddy, 1996)
belong to this category. On the other hand in the
feature-based approaches, some features expressed in
numeric values are extracted from the sequences and then
used as input to a classification system such as neural

networks (Hormk et al., 1989), SVM (Support Vector
Machine) (Furey ef al, 2000). The sequence-based
approaches usually produce sequential patterns as the
representatives of the classes whereas the feature-based
approaches either produce feature vectors as the class
representatives or do not produce explicit representatives.
A sequential pattern for a class contains some valuable
information that can be used m motif 1dentification, PCR
primer design (Aluru, 2005), genetic therapy and so on.
Lee et al. (2010, 2017) and Kim et al (2014) such
sequential pattern 1s called signature sequence (Baldi and
Brunalk, 2001).

A sighature sequence for a group or class is desirable
to facilitate to discriminate the group from the others and
to retain the mherent characteristics of the group. This
study 15 concemed with a method to identify such
signature sequences for two groups of sequence data
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where one group is named the self group and the
contrasting one is the other group. The proposed method
makes use of the relative frequency information at each
base location of sequence groups. It also measures how
well a candidate signature sequence preserves the
inherent characteristics of a group by inserting or deleting
the signature mformation mnto or from the sequences.

MATERIALS AND METHODS

In order to get a signature sequence for a group of
sequences, the proposed method makes use of the
comparative information of a contrasting sequence group.
The sequences from both groups are assumed to be
multiply aligned together, so that, they have the same
length. For the convenience of description, the followimng
notations are used:
o Gs = {s,, s, ..., 5.} the self group of size n and its

sequences s
¢ 5 shsh.5) the ith sequence of length L in the self

group Gs

8, : the base at base location k of sequence s;
¢+ Go={o,0, ...

sequences o,

e 0 = (0,0 the jth sequence of length L in the
other group Go

¢ (s =(cs, c8,, ...
the self group Gs

* o ={(co, co, ..., co ) the consensus sequence for
the other group Go

¢ Ss=(ss, 88, ..., 88,); a candidate signature sequence
for the self group Gs

* So = (30, 80, ..., 80 ) a candidate signature
sequence for the other group Go

o Fs(x)=(fs, (x), f5,(x), ..., f5(x)): relative frequencies of
base x at each base location for Gs

*  Fo(x) = (fo,(x), fo,(x), ..., fo(x)): relative frequencies
of base x at each base location for Go

, 0,11 the other group of size m and its

, csp ) the consensus sequence for

For each group, the relative base frequencies are
calculated over all base locations and then Fs(x) and Fo
(x) are determined for each base, e.g., xc{A, T, G, C} in
case of DNA sequences. A base with a large relative
frequency difference at the same base location for both
groups could contribute a lot to the group discrimmnation.

From each base location of a group, the most frequent
base is selected as a constituent of sighature sequence
only when its relative frequency is higher than that of the
same base m the corresponding location of the
contrasting group by at least the specified threshold,
called base frequency difference threshold, BDT. The

following shows how to construct a candidate signature
sequence S3s for the self group at BDT 6 where
argmax,fs,(x) indicates the base x which maximizes fs,(x),
l.e., the most frequent base at the location 1 in the self
group and is the don’t care base for the location in which
no signature property is involved:
S8 = (88, 88,, ..., 38, )
Where:
B argmax {5, (x) if {5, (argmax_ 5. (x))- 1)

ss; =
Fo, (argmax, 15, (x))>0,-, otherwise

i

The candidate signature sequences for the other
group are constructed in the same way by changing the
roles of the self group and the other group.

The value of BDT takes from the range 0-100%.
Hence, various candidate signature sequences can be
generated. This BDT-based candidate generation focuses
only on the discrimination property which tells one group
apart from the other. Optimal signature sequences are
expected to have high discrimination capability to keep
inherent characteristics of the group and to have small
length. Here, the signature length is defined as the
number of bases but the don’t care base’-’ in a signature
sequence. In order to measure how well a candidate
secquence retains the inherent characteristics of the group,
the signature property is deleted from or inserted into
sequences and it 13 observed how much they move away
from or closer to the group. A way to delete signature
property from a sequence is to replace the bases in the
signature base locations with the corresponding bases of
the consensus sequence for the contrasting group. The
following shows how to generate a converted sequence
s, by deleting the signature property from a sequence s,
of the self group:

o oradt Lt it
8, = (8,,8,,....,8,)
Where:
co, if s, #'-
‘ k k
8, = . (2)
o, otherwise

In a similar way the signature property can be
introduced into a sequence. The following formula shows
how to produce a converted sequence o from a sequence
o; of the other group by introducing the signature
information:

o) = (o} of o)

Where:
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. ss, if ss, #='-
0 k k
o, = 3
; .
o, otherwise

The closeness between two sequences or between a
sequence and a signature sequence is measured by the
distance measures which evaluate how much they have in
common. The distance d(a.a,) between two sequences a,
and a, 1s measured by the ratio of shared bases:

d(a,, a,) 1k Caz\ (4)

The distance d(a) of a sequence a to a signature
sequence ¢ 1s measured by how much the sequence
contains the sighature sequence:

d_a) = 1-am| i (5)
[¢]

Here, |c| mdicates the number of bases but *-* m the
sequence ¢ and |anc| the number of locations whose
bases are the same for both a and c.

Figure 1 shows the relationship between the relative
signature length and BDT for the data set used in the
experiment. The higher the value of BDT 1s the shorter the
signature length is. The shortest signature sequence is
not always best because the shortest one may not hold
the inherent characteristics of its group even though it
gives high accuracy. The proposed method regards as the
best signature sequence the one whose removal from the
self group sequences moves away from the self group as
far as its insertion to the other group sequences moves
closer to the self group.

Figure 2 shows how the deletion and insertion of
signature information moves the converted self and other
group sequences to the self group. In Fig. 2a self-self line
indicates the average distance between self sequences
computed by d.(G,):

1
= 6
dss(Gs) H(H—l) ES1EGSEDJGS,]#1d(51: SJ) ( )

Self-other line ndicates the average distance between
self sequences and other sequences computed by d, (G,
G, )

dsu(Gs’ Gn) =

1 2s1EGsEuJEGn,J¢1d(Si’ OJ) (7)

nxm

Cvt-self curve shows the average distance of the
signature-deleted self sequences to the self group

Relative signature lenpth
;

1 11 21 31 41 5 6 7 8 9
Base frequency different threshold

Fig. 1. The signature length trend over changing base
difference rate
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Fig. 2: Distance changes over the base difference rate

computed by d. (G, S,;) where s; is the converted self
sequence for s; obtained with respect to the signature
sequence Ssq at BDT®

1 ‘
0e (G. 8.0) = n{n-1) EmEGsEsJGGnd(S" 0]) (®)

Cvt-other curve shows the average distance of the
signature-inserted other sequences to the self group
computed by d_(G,, G,, Ssq) where o, is the converted self
sequence for o, obtained with respect to the signature
sequence Sz, at BDT®

! N
dCD(Gs’Gu=SSe) :@ ZSIGGSZDJGGDd(Sl,OJ) ( )

Because the signature length gets shorter as the BDT
gets larger (¢) cvt-self curve tends to decrease while (d)
cvt-other curve tends to increase, as shown in Fig. 2. If a
signature sequence contains the essential characteristics
of the self group, its deletion from the self sequences
moves them away from the self group and its introduction
to the other sequences moves them closer to the self
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group. Once the deletion curve (¢) is the insertion curve
(d), the corresponding sighature sequences are not
enough to move away the self sequences from the self
group and to move closer the other sequences to the self
group. That 1s, the signature sequences corresponding to
the BDTs whose deletion curve is below the insertion
curve, seem to be over-simplified not to hold the essential
characteristics of the self group. In the same token, the
signature sequences corresponding to the BDTs whose
deletion curve 1s above the insertion curve, might
contain unnecessary information as well as the essential
characteristics of the self group. From these observations,
the proposed method takes as a best one the signature
sequence at the BDT with which the deletion curve (¢)
approaches most closely to the insertion curve (d). The
best BDT B,,, is determined by the following equation
where argming e gives 0 to minimize D(0):

8,., = argmin, D{8)

hest

Where:

D@y=d_(G_,8s,)-d_(G,, G,,S8s,) and D(B)=0
(10)
Once a candidate sequence is selected as the
signature sequence, 1t can be used to decide whether a
new sequence belongs to the group. In order to get the
criteria for the group membership, the matching scores of
the sequences to the signature sequence of the group are
computed by the function ma) = 1-dfa). The sample
mean ™ and the sample standard deviation ¥ are then
computed for the matching scores. The following shows
how they are computed in case of the self group:

m = ﬁ EsjEGs m, (S] %8 = \/i ZS]EGS (ms (S] )_ﬁ)z
(1D

When a new sequence a is given to a group with the
signature sequence s, it 1s classified to the group only if
m, (a)>m-kxs where k 1s a constant to be specified by the
analysts.

RESULTS AND DISCUSSION
To evaluate the proposed signature sequence
extraction method, we applied it to the Korean

HIV-1 (Human Immunodeficiency Virus type 1), isolates
(Park et al., 2008) which are retrieved from Gene Bank.
Among them, the HIV-1 nef sequences was extracted and
grouped into the Korean clade of size 264 and the non

Korean clade of size 71. For the sake of consistent
description, the Korean clade is desighated as the self
group and the non-Korean clade as the other group. The
335 sequences from both group was multiply aligned
together and came to have the length of 621.

The 10 fold cross validations (Refaeilzadeh et of.,
2009) were carried out four times with the different random
partitioming of the data set. In each cross-validation, the
signature sequences were constructed upon the training
set (i.e., 910 of the total sequences) and evaluated over
the remaiming set (1.e., 1/10 of the total sequences). At
each run, a best signature sequence 1s determined
according to the proposed method. For the validation sets
of the self group and the other group, their matching
scores to the signatures were evaluated and the score
threshold for the group membership was set to m-2. Then,
the sensitivity and the specificity were computed for both
groups. For the self signature sequences, the sensitivity
was 98.8% and the specificity was 100% where sensitivity
15 the percentage with which the self sequences are
classified into the self group and specificity is the
percentage with which the other sequences are
classified into the other group. For the other
signatures, the sensitivity was 98.2% and the specificity
was 100%.

Figure 3 shows the histogram of the matching scores
of self and other sequences to the consensus sequence
of the self group where matching scores were computed
using the function m{a,, a,) = 1-d(a,, a,).

Figure 4 shows the histogram of their matching
scores to a signature sequence of the self group. From
these lustograms, we observe that compared to the

Frequency
D
(==}
1

40+
201 o Self sequence
J'" o Other sequence
n ol
0 1

0.0 02 04 0.6 08 1.0
Matching score

Fig. 3: Histogram of the matching scores of self
sequences (red ones) and other sequences (gray
ones) to the consensus sequence of the self

group
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Fig. 4: Histogram of the matching of self
sequences (red ones) and other sequences (gray
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Fig. 5. Histogram of the signature lengths for the self
group

consensus sequence, the signature sequences generated
by the proposed method have more desirable property to
cause the matching scores to be more apart between the
contrasting groups.

Figure 5 and 6 show the histograms of signature
lengths for the self group and the other group. While the
length of the consensus sequence for the groups was 621,
the average length of signature sequences for the self
group was 91 and thus its length was 14.7% of the self
group’s consensus sequence and that for the other group
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Fig. 6: Histogram of the signature lengths for the other

group
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Fig. 7: The distribution of signature bases which meet
the minimum overlapping criteria

the average length of signature sequences was 41.6 and
thus its length was 6.6% of the other group’s consensus
sequence.

Figure 7 shows the portions of the bases satisfying
the mimimum occurrences at each signature base
locations over all the generated sighature sequences.
It indicates that the signature
consistent in that signature bases appear over most
of the signature sequences constructed in the course
of cross-validation. Figure 8 and 9 show signature
sequences extracted by the proposed method for
HIV-1 nef Korean and non-Korean clade,
respectively.

sequences are

clade
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A-GOGE—A—TG——-AAACGEG--TTC-T-GGTG—AT- CT—A A Ah

—_— - T-G-GA—TGG——AA-GT-GAG-—T-———T—-TAA- AC—CAA-T.

GAG—TA-A-—A—GCT

=A~T=ATC--ATGGG-C--GAG- A--ATG

Fig. 8: A signature sequence of length 85 for HTV-1 nef Korean clade

=TT A ACC TA=C=T=-A=( GA==TA- A

A A T =A

T e ——— 1 LT

Fig. 9: A signature sequence of length 31 for HIV-1 nef non-Korean clade

CONCLUSION
This study proposed a method for signature
extraction for two contrasting sequence groups. The
proposed signature extraction method generates a
signature sequence with the consideration of the
classification accuracy and the preservation of the
of the groups. From the
experiment on the Korean HIV-1 nef sequences data set,
the method showed the capability to generate short
with ligh and

inherent characteristics

signature  sequernces consisternt

classification accuracy.
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