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ABSTRACT

Recently, machine learning methods are successplplied to the problems in the bioinformatics, Isws the
protein function and structure prediction. The plgsumachine learning methods, for example suppetter
machine, decision tree and etc., usually require tumerical vectors as inputs. The representatibmprotein
sequences as numerical vectors is well known aso@ing’. In this paper, we develop a Matlab tooltBrotein
Encoding’, which help to represent or encode proteéquences as numerical vectors for bioinformafidss
Matlab toolbox provides a user-friendly interfaddore importantly, we also provide the Matlab APénd the
researchers can easily call these APIs for their nowrograms. This toolbox is available at:
http://proteinencoding.sourceforge.net/
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INTRODUCTION

Bioinformatics is an interdisciplinary scientificlgiect that combines the computer science, mathesndtiology
and medicine. Jobs in bioinformatics are storirgri@ving, organizing and analyzing biological data as to
understand the evolutionary and functional aspefctsolecular biology.

Proteins are large biological molecules, or macidemdes, which consist of several long chains ofranacid
residues. Proteins perform a vast array of funstiaithin living organisms, such as catalyzing met&hreactions,
replicating DNA, responding to stimuli, and trangp@ molecules from one location to others. Theref
predicting protein functions and structures ish&f most importance in bioinformatics.

Recently, machine learning methods are introducgd the bioinformatics, especially the protein fiime and
structure prediction. The popular machine learmiveghods, for example support vector machine, neogtvork,
decision tree and etc., usually require the nuraksiectors for model construction. In order to duihe machine
learning-based models for bioinformatics, the proteequences should be represented (also well kasw
‘encoding’) as the numerical vectors. To our knalgle, there are several groups of sequence-derirgtgal and
physicochemical features, which have been widedgldsr sequence representation or encoding in foioiratics.

For sequence representation, some computationksl éwe developed and publicly available. PROFEAffvsre

(http://jing.cz3.nus.edu.sg/cgi-bin/prof/prof.cdi}, 2] is an online tool provides the users accessompute
structural and physicochemical features of prot@ind peptides from amino acid sequences. Throwgbriline

interface, it is convenient to submit peptide semeeand gain results. However, the source cod#dsemstandalone
tool is not provided. The R package ‘PROTR’ [3]asprotein sequence feature extraction platforncah be
downloaded from CRAN and implemented with R, arel tkers are able to expand and modify this R paciag
their own programs. However, it does not provide uker-friendly interface.
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MATLAB is an integrated numerical computing envine@nt and fourth-generation programming languagéctwh
attracts more and more attention from science tgineering. More importantly, MATLAB allows matrix
manipulations, plotting of functions and data, iempkntation of algorithms, creation of user intezfgcand
interfacing with programs in other languages (saslC, C++, Java, and Fortran). In this paper, welde a Matlab
toolbox (named ‘ProteinEncoding’) of encoding pimotsequences for bioinformatics. This toolbox igible at:
http://proteinencoding.sourceforge.net/.

2 Implementation

2.1features or descriptorsfor protein sequence encoding

To our knowledge, there are several features ocriésrs for protein encoding, which are widely disfer the
bioinformatics problems. These features are shovilrable 1.

Table 1 The structural and physicochemical featuresf proteins

Features Length Features Length
Amino Acid Composition 20 Conjoint Triad 343
Dipeptide Composition 400 Sequence-Order-Couplingbers 2*nlag
Moreau-Broto Autocorrelatior)  8*nlag Quasi-Sequeuder 40+2*nlag
Moran Autocorrelation 8*nlag Pseudo Amino Acid Guosition 20+nlag
Geary Autocorrelation 8*nlag  Amphiphilic Pseudo iwmAcid Composition| 20+2*nlag
CTDC 21 Amino Acid Pair 400
CTDT 21 Binary Profile 20N
CTDD 105

*nlag is the maximum value of lag in calculationdaN is the length of the protein sequence.

(1) Amino Acid Composition (AAC)
Amino acid composition [4] describes the proportimineach common amino acid type within a proteim] @&
protein sequence defined as:

.
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Where N, represents the number of tyipamino acid, andl is the length of the sequence.

(2) Dipeptide Composition (DC)
Dipeptide Composition [4] describes the proportiéreach common amino acid pair within a sequenegned as:

P =£ r,s=12,...,2C

Where N, is the sum of dipeptides containing amino tyend types, andN is the length of the sequence.

(3) Autocorrelation (Moreau-Broto, Moran and Geary)

Autocorrelation descriptors are defined based endilstribution of amino acid properties along teguence, and
amino acid properties are amino acids indices tdt@n AAlndex database. For each type of indexgahiypes of
autocorrelation descriptors (Moreau-Broto [5], Mof&] and Geary [7]) are defined.

(4) Composition, Transition, and Distribution (CTDC, CTDT, CTDD)

The sequence of the amino acids is transformedsatuences of certain structural or physicochenicgperties
(attributes) of residues. Twenty amino acids awédéd into three groups for each of the seven giffeamino acid
attributes representing the main clusters of thmamcid indices of Tomii and Kanehisa.

Three descriptors, composition (CTDC), transiti@TDT), and distribution (CTDD) [8,9] are then contpd for a
given attribute to describe the global percent cositipn of each of the three groups in a protelire percent
frequencies with which the attribute changes itfeinalong the entire length of the protein, and disgribution
pattern of the attribute along the sequence, réispbc

(5) Conjoint Triad (CTriad)

20 amino acids are classified into 7 classes imgesf their dipoles and volumes of the side chalienjoint triad
[10] regards any three continuous amino acids @staand the residues from the same class areatkéis identical
elements. There are 343 Conjoint triads becaugegodups. Théth conjoint triad is defined as:
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f—min{f, f,.... T}

Pi =
max{f,, f,,...,f;}

1=1,2,...,343

(6) Sequence-order-coupling Number (SOCN)
The d th-rank sequence-order-coupling number [11] isrdfias:

N-d
7,= > (d.g)* d=12,..,nlac
i=1

Where d.

ii+d

is the physicochemical distance between the tw@racids at positioni and i+d . Besides,
nlag is the maximum lag and is less than the lengteqgtience.

(7) Quasi-sequence-order (QSO)
For each amino acid type, the quasi-sequence-ofti€} descriptors of sequencd® can be defined

as:P:[pp By Bgr By pz&nlag]'

NI' H—
o e =12;--,20
DN +wy' T,
pu - Vl;ll- d=1
= “’zglag i =21,22;-- ,20nlag
DN WY T,
i=1 i=1

where N, is the normalized occurrence for amino acid tyipeand w is a weighting factor.

(8) Pseudo-Amino Acid Composition (PAAC)
The sequence order correlated factors is definédllasvs:

L-d
Hd :+Z®(Rv R+d)|d=112;“ 'nlag
N d i=1

Where g, is the first-tier correlation factor that refletkse sequence order correlation between all ohthg-most
contiguous resides along a protein chain, adds the length of the sequenc@&(R, R) is given by
[Hl(Rj) - H1( R)]z +
1
O(R. R) =31 [H(R) ~ H( RI* +
[M(R) - M(R)I*
Where H,(R)), H,(R) and M(R;) are the hydrophobicity, hydrophilicity, and sideam mass of amino acid

i , respectively.

Pseudo-Amino Acid Composition [12] can be formulbts P=[p, .. Py Pop'**s Poniag]

f, _
o g U=12:-,20
51, +wd.g
pu = r:1\/\/0 d=1
X, =— wznz)Iag ,u=21,22;-- ,20 nlag
D w6,
r=1 d=1

The first 20 components reflect the effect of theire acid composition and the remaining 30 comptmesflect
the effect of sequence order.
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(9) Amphiphilic Pseudo-Amino Acid Composition (APAAC)
The definition is similar to PAAC. Based on prewowalculation, we haveH,(i) and H,(j). Then the
hydrophobicity and hydrophilicity correlation fuimts are defined as:

Hij = Hy(OH ()
HE = H,(0)H ()

From the qualities above, sequence order facterdaiined as:

1 N-4 1
To-1 :mz Hij+/\

i=1

1 N-A )
I, =——— H<
24 N—/‘ z i+

i=1

A=12,3;--nlag
APAAC [13] is calculated as:
f
FT? = 20 < 2nlag (1< c< 20)
Zr:l fr +“’zj=1 Ti
P = Wi, (21< c< 20+ 2nlag)

DAL s

(10) Amino Acid Pair (AAP)

Amino Acid Pair [14] is developed by Chen et alie¥hdescribes the occurrence of dipeptides in tiogems with
specified functions against other proteins. Fomgxe, the peptide AEACCGCA can be decomposed imd@\Ps:
AE, EA, AC, CC, CG, GC, and CA. There are 20*20=420Ps. A AAP component is defined as:

R =log22)

AAP

Where f;,, and f,,.are the occurrence frequency of a given AAP ingheteins with specified functions and
other proteins. Then the AAP scale is centralizedirormalized by:

Raae = 2( R- Rn_in )-1
Rnax_Rwin

Where R,;,,. R are the min and max values of R. In addition, tbeuorence of dipeptides in sequence multiplies
with matrix R,,s, and produces a 400-dimensional vector as thétresu

(11) Binary profile

Binary profile [15] is a widely used representatimiiamino acids. Each amino acid type (20 commgedyin all)
can be represented by a 20-bit binary string, irckvkthe value at one bit is 1 and others are hisT a sequence of
N amino acidss transformed to a vector of 20'dimensions.

2.2 Graphicsand GUI
As shown in Figure 1, the interface consists obmponents: input window, result window, descriptpasiel and
buttons

The input window is for users to enter protein ssmes, and sequences should follow fasta formad. dttiput
window shows encoded numerical vectors.

The descriptors panel displays all the accessdd@ufes or descriptors, and the user is able tosehthe features in
this panel. In addition, users can set some feaarameters according to personal requirementbeTepecific, the
parameter 'nlag' of Moreau-Broto autocorrelatiomrésh autocorrelation, SOCN, QSO, PAAC, and APAAC is
adjustable for users.
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There are 4 buttons: run(seq), run(file), savet. ekhe first button and second button are used start the
procedure of protein encoding. The third one hthpsuser to keep the result. The last button casedhe interface.

ProteinEncoding =

Input Window

________‘.

Result Window
= result window
descriptors descriptors

panel AAE ot Anp jpanc [ [jarsac

\ Binary cToC cTo cToT CTriad

Geary [ FiMermn [] Fimoress [o] Floso  [] Fisoen | ALL
= == = buttons
i rum(seq) | | run(file) | save exit |}

Figure 1 The interface of the Matlab toolbox ProtenEncoding

2.3 Input, output formats and examples

There are 3 subfolders in this toolbox: ‘data’sui’, and ‘API’. Subfolder ‘data’ contains all tlikata files. Besides,

result files will be stored in subfolder ‘resulBubfolder ‘API’ provides APIs for features or deptors listed in the
section 2.1.

In bioinformatics, fasta is a common format for teeords of amino acid sequences. Each recordnipased of a
heading line with >’ as the start element anddwiing lines of sequence. The input sequences es hould

follow this format. Moreover, multiple sequencedasta format are supported by this toolbox as.welequence
is given as follows.

>sp|P22303]ACES_HUMAN Acetylcholinesterase OS=Hsaypiens GN=ACHE PE=1 SV=1
MRPPQCLLHTPSLASPLLLLLLWLLGGGVGAEGREDAELLVTVRGGRLRGRLKTPGGPV
SAFLGIPFAEPPMGPRRFLPPEPKQPWSGVVDATTFQSVCYQYVDTLYPEGTEMWNPN
RELSEDCLYLNVWTPYPRPTSPTPVLVWIYGGGFYSGASSLDVYDGRFLVERERTVLVSM

NYRVGAFGFLALPGSREAPGNVGLLDQRLALQWVQENVAAFGGDPTSVTLEESAGAASV

GMHLLSPPSRGLFHRAVLQSGAPNGPWATVGMGEARRRATQLAHLVGCPR&I GGNDTEL
VACLRTRPAQVLVNHEWHVLPQESVFRFSFVPVVDGDFLSDTPEALINAGBHGLQVLVG
VVKDEGSYFLVYGAPGFSKDNESLISRAEFLAGVRVGVPQVSDLAAEAVVIHYTDWLHPE

DPARLREALSDVVGDHNVVCPVAQLAGRLAAQGARVYAYVFEHRASTLSWPLWMGVPHGY
EIEFIFGIPLDPSRNYTAEEKIFAQRLMRYWANFARTGDPNEPRDPKAPQRPYTAGAQQ

YVSLDLRPLEVRRGLRAQACAFWNRFLPKLLSATDTLDEAERQWKAEFHRWSSYMVHWKN

QFDHYSKQDRCSDL

Figure 2 shows an example that directly uses proteisequences for encoding. (1) Type ‘ProteinEncodihg the command window, and

then the interface opens; (2) Enter the sequenceelsct descriptor 'AAC’ and click button run(seq); (3) Click the button save, and the
result file is stored in subfolder ‘result’.
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ProteinEncoding DT — — [ x|
)
Input Window
I — || [>spP22303/ACES_HUMAN Acetylcholinesterase OS=Homo sapiens GN=ACHE -
PE=1 §V=1 =|
MRPPQCLLHTPSLASPLLLLLLWLLGGGVGAEGREDAELLVTVRGGRLRGIR 1
LKTPGGPV
SAFLGIPFAEPPMGPRRFLPPEPKQPWSGVVDATTFQSVCYQYVDILYPGF
EGTEMWNPN
RELSEDCLYLNVWTPYPRPTSPTPVLVWIYGGGF YSGASSLDVYDGRFLVQ
AERTVLVSM =
Result
Result Window
AAC

>sp|P22303JACES_HUMAN Acetylcholinesterase OS=Homo sapiens

GN=ACHE PE=1 SV=1

0.089577 0.070033 0027687 0047231 0013029 0.055375

0.039088 0.094463 002443 0014658 011238 0016287 0014658
0047231 0083062 0.058632 0.042345 0027687 0034202

— descri

i b | [ aac oc 7] Aap [ PAAC |: | APAAC E
{3 Binary | cToe ] cToo [F crot | €Trind
"] Geary |7 | Moran | .| Flmereau [.] Flase \| [F] soc |:| 1 ALL
G, Jll | run(file) ‘ save | | exit

Figure 2 an example for the input by protein sequetes

In addition to directly using the protein sequenassnput, we can store the sequences in the fitlestaand then
input the sequences from the files. For the exammptavn by Figure 3, the sequences are saved ifathe file
‘test2’. (1) Type “ ProteinEncoding” into the comnthwindow and copy ‘test2’ into subfolder ‘data2) Enter the
name of the fasta file in the input window; (3) &#ldescriptor ‘AAC’, click button run(file); (4)&e the result,
and the result file is stored in subfolder ‘result’

B ProteinEncoding WD T ea— [E=SEE =
e~ Input Window
P test2 -
Result Window
AAC -
spIP22303IACES_HUMAN Acetylcholinesterase OS=Homo sapiens GN=ACHE |-
PE=1 SV=1

0.089577 0.070033 0.027687 0047231 0013029 0055375
0.039088 0.094463 002443 0014658 0.11238 0.016287 0.014658
0.047231 0.083062 0.058632 0.042345 0.027687 0.034202

SESCrRHors -

J] aac oc [Jasp jpaac (] Mlarasc []
I8 ) (] (e
Binary CToC cToD c1oT Clriad

\ ceay [o] Eimoran [] Fimoress [] Flaso  [o] Fisoen [ Eiaw

o= o=

Figure 3 an example for the input by fasta file

a

3 case study

3.1 Background

The antigenic regions that can stimulate B-celctieas are named as B-cell epitopes. The prediaioB-cell
epitopes has great significance in the study otiec The features listed above are applied toBtwell epitope
identification.
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Raghava [16] compiled a dataset containing 1048umB-cell epitopes and 1795 non B-cell epitopdss fataset
contains sequences with variable lengths. In thée cwe adopted features to encode sequences asicalmectors.
Then, we built the random forest-based models basdtlese numerical vectors.

3.2 Results

We respectively transformed the proteins epitop&sthe numerical vectors by different featuresl@scriptors, and
then built the individual feature-based predictioodels. Each model was evaluated by the five-faldss
validations. Table 4 displays the performancesdividual feature-based models (five best feataresshown for
this case study).

Table 4 Performances of individual feature-based natels

Feature | Sensitivity  specificity Matthews correlaticoefficient | Accuracy] Area under Roc curye

AAC 0.7866 0.8032 0.6190 0.7984 0.7608
APP 0.8019 0.8103 0.6334 0.8079 0.7713
DC 0.7868 0.8463 0.7226 0.8261 0.8045
QSO 0.7485 0.7842 0.5797 0.7741 0.7333
APAAC 0.7538 0.7967 0.6113 0.7839 0.7477

Therefore, by using the toolbox, we can easilydfarm the protein sequences into the numericalovectse them
to build the machine learning-based models and phedict the protein functions or structures.

CONCLUSION

In this paper, we develop a Matlab toolbox 'Prdieicoding’, which helps to represent or encode pregquences
as numerical vectors for bioinformatics. This Matl@olbox provides a user-friendly interface, asgns without
the computer science background can easily addpt itheir study. More importantly, the Matlab APfier the
different features or descriptors are provided, thedresearchers can easily call these APIs far dfen programs.
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