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Abstract

In this paper, a novel protein map is introduced under a linear regression model of eight kinds of
physcochemical indices. On the basis of the protein map, graphical representation of proteins is
presented to provide clear visualization for protein sequence. Then, to further explore the degree of
similarity among proteins, we introduce a 40-component vector for protein numerical
characterization. The cosine distances among the vectors are taken as the similarity distances among
the corresponding proteins. The analysis results of two real datasets demonstrate that the new
scheme is effective in similarity research and phylogenetic analysis.

1 Introduction

With the increasing number of available sequences in various biological databases, numerous
methods have been proposed to take the analysis of biological sequences in recent years. Among
them, graphic methods provide intuitive inspection of data by visualization of sequences and hence
become sought after by many researchers. In 1983, Hamori and Ruskin [1] initially applied the H-
curve in the visualization and analysis of DNA sequences. They assigned the four corners of a
square to the four bases and determined the running index as the third coordinate. The work of
Hamori and Ruskin greatly stimulated the following researches on graphic representation of DNA
by Gates [2] and Nandy [3]. In those years, the proposed 2D random-walk plot methods had two

aspects of limitations: one was the degeneracy generated by circuit, and the other was the loss of
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information brought from overlapping. However, withe rapid development of bioinformatics,
researchers have proposed various DNA visualizirgghods, such as 3D, 4D, 5D [4-9] and
Jeffrey’s ‘magic square’ graphical representatidi®§, to avoid the deficiencies.

The graphical representation of proteins can beerddficult than that of DNA. Comparing with
the graphic representation of DNA, the emergencgraphical representations of proteins was
delayed for a long time because of the increasedptaxity in construction of biological
descriptors built from the 20 natural amino acidg bot the 4 nucleotides. But until recently,
various graphical methods have been provided bsarebkers for visualizing and analyzing protein
sequences [11-23]. Several researchers [11-14] régorted their graphical representations of
proteins by modifying the existing graphical regmsitions of DNA. Among them, Rarddet al
[13] proposed the representation of proteins viagdio circle’, which was generalized from
Jeffrey’'s DNA representation method [10] by rephacia square with an icosagon. Moreover, a
notion of “Virtual Genetic Code” was provided by i [13,15,16] and Liao et al. [17], which
offered “transcription” from any protein sequenoeatvirtual DNA sequence. Besides considering
the superficial alphabetical representation of amatids, more and more researchers [18-23]
turned to study the various physicochemical prapenf the twenty natural amino acids, such as
molecular weight, theHydropathy index, the Hydrophobicity values andPk, values for the
terminal amino acid groupsNH,” and-co0™. Protein maps were proposed in these researches by
the ranking of the physicochemical properties erttansformation from physicochemical values to
coordinates in the new Cartesian system.

Other than the advantage of direct visualizatiorsefjuences, a variety of available invariant
techniques can be directly applied in numericatattrization of biological sequences for the sake
of the similarity research and the phylogeneticlysia. Both DNA representations and protein
representations can be associated with a chamntgrimatrix, such as E, D/D, L/L. Matrix
invariants such as eigenvalues are used as thaotbastic values to describe sequences. However,
the construction of such a matrix caxn’) computational complexity, which can be a serious
obstacle when sequence lengtlis larger. Several solutions [19,22,23] have bpmposed for
bypassing this difficulty. Yao et al. [19,23] sugtgrl a moment of inertial tensor be the descriptor
of protein sequences. He et al. [22] proposed dssity distance computing method corresponding
to their 3D graphical representations based oruheulative distance.

The natural amino acids are the building blocksmiadeling the protein structure and the

physicochemical properties are reported to be &feon the rate of amino acid substitution [24].
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Therefore, it's worthy of consideration in adoptitiee physicochemical properties of the twenty
amino acids in protein sequence analysis.

In this article, we outline a novel protein 2D nmapthod based on the simple regression model
of the eight of the physicochemical properties. idddthe running number of amino acid as the
third component, we obtain a 3D graphical methad/fsualizing protein sequences. Then, a novel
descriptor is proposed as sequence numerical dkaration based on the 2D map. The proposed
scheme achieves well performance in the applicatam similarity research of the ND5 (NADH
dehydrogenase subunit 5) proteins from nine specidsphylogenetic analysis of 36 proteins from
the Chew-Kedem dataset.

2 Intuitive graphical method for visualizing protein sequences

A protein sequence consists of twenty differentramacids A (Ala), C (Cys), D (Asp), E (Glu),
F (Phe), G (Gly), H (His), I (Ile), K (Lys), L (Leu), M (Met), N (Asn), P (Pro), Q (GIn), R (Arg), S
(Ser), T (Thr), V (val), W (Trp) and Y (Tyr). Each amino acid is bundled with its own
physicochemical molecular properties which haveartgnt effects on the evolutional pattern of
proteins. Given a long protein sequence, it isidaiff for us to understand the unintelligible
character sequence. However, graphical methodsidgromtuitive tools for visualizing and
analyzing protein sequences. In order to get ttoel gdsualization and consider the effects brought
by physicochemical properties, the authors sugdesime graphical methods of protein sequences
based on different physicochemical properties [&B-Eor example, Yau et al. [20] presented a
graphical representation method of proteins basethe hydrophobicity of amino acids. Hu [26]
selected two different physicochemical properte<dnstruct the 2D graphical representation of
proteins. Here, to construct a graphical methodpuftein representation, we consider eight
physicochemical properties essential for protenucstire, enzyme catalyzed reaction and gene
expression and regulation, such as the Polar Remeint PR) [27], the Isoelectric PointP) [28],
the Hydroxythiolation Klth) [29], the HydrogenationHg) [29], the pK1(-COOH) (PK1) [19], the
pK2(-NH; ) (PK2) [19], the Aromaticity Am) [29] and the Hydropathy Indexi() [30]. We list the

eight selected physicochemical properties in Tdbénd rearrange the properties according to the
mean value of the twenty amino acids. More spegidlie mean value of thil of the twenty
amino acids is the smallest in the eight properSeswve place thEl in the first column in Table 1.
After that, we list the rest of properties accogia their mean value until thEK2 is placed.
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Table 1 Eight selected physicochemical properties assetiaith the 20 amino acids

Amino acid HI Hg Hth Am PK1 IP PR PK2
A(Ala) 1.8 0.33 -0.062 -0.11 2.34 6.00 7.0 9.69
C (Cys) 25 0.074 0.38 -0.184 1.71 5.07 4.8 10.78
D (Asp) -35 -0.371 -0.079 -0.285 2.09 2.77 13.0 9.82
E (Glu) -35 -0.254 -0.184 -0.067 2.19 3.22 125 9.67
F (Phe) 2.8 0.011 0.074 0.438 1.83 5.48 5.0 9.13
G (Gly) -0.4 0.37 -0.017 -0.073 2.34 5.97 7.9 9.60
H (His) -3.2 -0.078 0.056 0.32 1.82 7.59 8.4 9.17

1 (lle) 6.02 0.149 -0.309 0.001 2.36 6.02 4.9 9.68
K (Lys) -3.9 -0.075 -0.371 0.049 2.18 9.74 10.1 8.95
L (Leu) 3.8 0.129 -0.264 -0.008 2.36 5.98 4.9 9.60
M (Met) 19 -0.092 0.077 -0.041 2.28 5.74 5.3 9.21
N (Asn) -3.5 -0.233 0.166 -0.136 2.02 5.41 10.0 8.80
P (Pro) -1.6 0.37 -0.036 -0.016 1.99 6.30 6.6 10.60
Q(Gln) -35 -0.409 -0.025 -0.246 2.17 5.65 8.6 9.13
R (Arg) -4.5 -0.176 -0.167 0.079 2.17 10.76 9.1 9.04
S(Ser) -0.8 0.022 0.47 -0.153 221 5.68 7.5 9.15
T (Thr) -0.7 0.136 0.348 -0.208 2.63 6.16 6.6 10.43
V (Val) 4.2 0.245 0.212 -0.155 2.32 5.96 5.6 9.62
W (Trp) -0.9 0.011 0.05 0.493 2.38 5.89 52 9.39
Y (Tyr) -1.3 -0.138 0.22 0.381 2.20 5.66 5.4 9.11

From Table 1, we can find that properties of didtiamino acids are numerically different
from each other. It can be speculated, and rightly that the approximative physicochemical
properties of amino acids mean their similar effeoh the evolutional pattern of proteins and
further provide the similarity of different protsinTo describe the approximative relationship
graphically, we construct a unitary linear regressnodel to characterize each natural amino acid,
which we call it as physicochemical equation. Thaagions are determined by linear regression of
the eight physicochemical property values. Theeslapd the intercept of a regression equation are
two characterizations and they together compose pdint called regression point. Then, we can
get a one-to-one mapping between the twenty antius @nd their corresponding regression points.

Specifically, for a certain amino acid denotedxasthe values of the eight physicochemical

properties, Hydropathy, Hydrogenation, Hydroxythtan, Aromaticity,pK1(-COOH), Isoelectric
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Point, Polar Requirement amtk2(-NH_'), are written orderly a8, Vi, ,Vius » Va1 Vs s Vip 1 Ve @NA

Y The unitary linear regression analysis is applieete to extract a two-dimensional

2 -
characteristic of amino acid . To achieve this goal, we append the ordinal numf the eight
properties and get eight two-tuples, which areasgnted as eight points as follows:

property, = {(L,Vyy) +(2Vig ) BNVoun) 1 (4Van) 1 B.Vpi1) 1 (6.Vip) 1 (T Ve ) » BV )} -

A linear regression equation can be fitted out bing these properties based on the Least
Squares Approximation. The approach of Least Sguara standard method in regression analysis
to the approximate summarization of a sets of goiRbr a simple data set consistingnopoints
(%.¥), i=12.-,n, we want to summarize the information of the pioy a straight line. The goal
of the Least Squares Approximation is to find tlerall solution which minimizes the sum of the
squares of the errors made in the results.

The slope (denoted hy, ) and the intercept (denoted by) of a regression equation by the
Least Squares Approximation are two important iatlics to characterize the properties of amino
acid X . We fit the properties of each natural amino @oic straight line and thus obtain twenty
linear regression equations and we call them tlysipbchemical equations.

Here, we take physicochemical equation’s establkstinof the amino acidv (Tyr) as an
example. In Table 1, the eight physicochemical prigs are orderly -0.7, 0.136, 0.348, -0.208,
2.63, 6.16, 6.6 and 10.43. The eight constructedttyples are shown as follows:

property, = {(1,-0.7), (2,0.136), (3,0.348), (4,-0.208), (5, 2.63), (6,6.16), (7,6.6), (8,10.43)}.

By using the Least Squares Approximation, a sttdigk can be fitted out is obtained and the
corresponding slope and intercept are respectiiel and -3.67.In Fig. 1, the eight
physicochemical values of the amino a&fd(Tyr) and its fitted straight line are represented
graphically. The fitted physicochemical equationeit corresponding slopes and intercepts are
shown in Table 2.

On the basis of the regression model, the 2D mapdes the twenty amino acids and their
corresponding regression points is presented in Eign the Cartesian coordinates. The
coordinate represents for the slope of the unifaear regression model, and thecoordinate for
the intercept. For better visualization, we tak&@0}7.00) as the origin and adjust the coordinates
The modified slope and intercept are also preseintd@ble 2. It can be seen from Fig. 2 that the
amino acid pairs@, M) and @, Y) own shorter distances than other pairs. That &y, C, M) and
(W, Y) perform a fair amount of similarity in the physahemical properties.
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Figure 1 Eight physicochemical values of the amino acidryrf and its linear regression model

Table 2 Linear equation, slope and intercept of each aragid from linear regression of the eight

physicochemical properties and their correspondewdinates

2cidX) P eation | Slope(s) Interceptt)  gorych imerceptl )
A (Ala) y=1.30x~- 2.4¢ 1.30 -2.48 0.50 452
C(Cys) y=1.16x- 2.0¢ 1.16 -2.08 0.36 4.92
D (Asp) y=2.04x-6.2¢ 2.04 -6.23 1.24 0.77
E (Glu) y=2.01x- 6.0¢ 2.01 -6.08 1.21 0.92
F (Phe) y=1.0%-1.5€ 1.03 -1.56 0.23 5.44
G (Gly) y=1.5-3.68 1.52 -3.65 0.72 3.35
H (His) y=1.8%-5.1¢ 1.82 -5.19 1.02 1.81
1 (Ile) y=0.84x- 0.1¢ 0.84 -0.19 0.04 6.81
K (Lys) y=2.06x—-5.9¢ 2.06 -5.95 1.26 1.05
L (Leu) y=1.0%-1.27 1.02 -1.27 0.22 5.73
M (Met) y=116x- 2.17 1.16 -2.17 0.36 4.83
N (Asn) y =1.85— 5.5C 1.85 -5.50 1.05 1.50
P (Pro) y=1.64x~- 4.34 1.64 -4.34 0.84 2.66
Q(GlIn) y=1.8%-5.52 1.82 -5.52 1.02 1.48
R(Arg) y=2.10x- 6.14 2.10 -6.14 1.30 0.86
S(Ser) y=1.4%- 3.6¢ 1.49 -3.69 0.69 331
T (Thr) y=1.55— 3.82 1.55 -3.82 0.75 3.18
V (Val) y=1.01x- 1.0z 1.01 -1.02 0.21 5.98
W (Trp) y =1.40x— 3.47 1.40 -3.47 0.60 3.53

Y (Tyr) y=141x- 3.67 1.41 -3.67 0.61 3.33
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Figure 2 The 2D map of the twenty amino acids based om gitgisicochemical properties

After determining the map between the twenty anaicids and their respective modified slope
and intercept by linear regression, we are goinfigtoe out the 3D representation of proteins. We
SUppOSeP =aa,a,--a, t0 be an arbitrary protein sequence witamino acids, where (1<i<n)
denotes the th amino acid in this protein sequence. If the girots observed by stepping just one
amino acid at a time, the 3D representation ofginosequence can be constructed for step
(i=1,2,3,.. n) as follows:

X =X,+§
Y=Yt 1)
z =i
wherex , y. andz denote the 3D coordinates of thiés amino acid in the proteig. denotes the

modified slope of amino acid, and I, denotes its modified intercept. The presentatisn i

%

determined by the recursive relation and the intiadition is{
0

=0
e Asi ranges from 1 tm, we

have the graphical representation by connectingitpeints into a 3D zigzag curve.

To further illustrate the implementation of the posed 3D protein graphical representation
method, we consider an example. Two short protegments Rrotein | and Protein |1) are taken
from the yeast Saccharomyces cerevisiae, whiaftisduced by Randiet al [13] as an illustration
of the current approach. Both segments are compafsihitty amino acids and respectively shown
as follows:

Protein I:

WTFESRNDPAKDPVILWLNGGPGCSSLTGL
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ProteinIl:

WFFESRNDPANDPIILWLNGGPGCSSFTGL

Fig. 3 (a) and (b) show the 3D visualizing repréatons for the two segmentBrptein | and
Protein I) based on the proposed method.

(@) Protein | (b) Protein 11

Figure 3 Graphical representation of Protein | and Il basedhe proposed method

As it shows in Fig. 3, the two curves exhibit athidegree of similarity, which is consistent
with most of the studies [19,23,31]. It can be stwme are several disagreements between the two
figures. The differences actually emerge in tfe 20", 14" and 27" amino acid. The result tells the
proposed 3D representation method has its useBibas validation. In the same time, since the

coordinate value grows from 1 tq there will never be a circuit in the proposedsgiatial curves.

3 Numerical Characterization of Proteins

Sequence comparison for similarity is a basic mwbin the area of biological sequence
analysis. Once the sequence map method is coredrugiantitative comparison among sequences
can be implemented by sequence numerical charzatienn based on numerous matrix invariants
such as the Euclidean matri (natrix) [32], theD/D matrix [33], theM/M matrix, theL/L matrix
and their corresponding higher order matrix [34fa@ng them, th& matrix is directly composed
of the Euclidean distances between any two amifsan the sequence. And tB¥D matrix and
the L/L matrix are constructed by computing the quotieftany two amino acids’ Euclidean
distance and the graph theoretical distance, aadytiotients of the Euclidean distance and the

topological distance. Further more, the cumulatlistance and other invariants are used by some



-471-

researchers as a sensitive distance invariantcentestudies [17,23,35,36,37]. In this section, we
give a novel sequence characterization method. Hénbasis of the characterization, similarity
distance is obtained based on the cosine distance.

3.1 40-component characterizing vector

After the 2D protein map is constructed, numericharacterization of a protein becomes
possible. Given a sequen&e=aa,a,---a, (length ofn), first, we convert each amino acid
into their corresponding modified slopg ) and intercepti() based on the 2D map of the twenty
amino acids and their corresponding regressiont®@a is shown in Table 2. Thus, a symbolic
sequence is transformed intmm&2 digital matrix. We supposea to be one of the twenty amino
acids, such aé (Ala), C (Cys), andD (Asp), and the modified slope and interceptaafto be s*
and 1*, respectively. To construct a characterizing vect@ add up the cumulative slopesaaf
in the protein and denote it as the sum of slafgsand i as the sum of intercept. Thus, for an
amino acidaa, we have a 2-tuple for characterization. Sinceetlage twenty amino acids, we get a
40-component characterizing vector to describe @epr sequence. As is indicated, the 40-
component vector is constructed by the sums o$lilyge and intercept of the twenty amino acids in
a protein, which is shown as follows:

vV =(Sh14,8°,1°,8°,1°,..8" V)
S@=>s®
===
of the twenty amino acids:-/AC—-D—E—F—-G—-H—|-K—-L—-M—->N—-P—-Q—-R—->S->T-V
-W-Y.

For example, we consider the short protein segmekGCDDCDDD, consisting of ten amino

where$*® and = are defined a% . The components are arranged in the alphabetgr ord

acids. First, the symbolic sequence is converténl @10x 2 digital matrix by the mapping from

amino acids to their corresponding modified slogred intercepts as is shown in Table 3.

Table 3 the 10x 2 digital matrix of AACCDDCDDD

Amino acid A A C C D D C D D D
Modified Slope 0.5 0.5 036 036 124 124 036 124 124 124
Modified intercept ~ 4.52 4.52 4.92 4.92 0.77 0.77 4.92 0.77 0.77 0.77

The sum ofA’'s modified slopes is 0.5+0.5=1, and the sumA&f modified intercepts is
4.52+4.52=9.04. In the same way, the slope sum iatefcept sum ofC are respectively



-472-

0.36+0.36+0.36=1.08 and 4.92+4.92+4.92=14.76. Bisdare 6.2 and 3.85. It is seen that the other
amino acids, such & F, G, H, ..., W, Y, do not appear in the segment. So, we then whi# t
slope sums and intercept sums as 0. Finally, theodfponent characterizing vector is established
as(1,9.04,1.08,14.76,6.2,3.85,0,0,0,0, )X

3.2 Similarity distance

Similarity distance is the primary indicator of themilarity/dissimilarity between two
sequences. It is the basis of evolutionary andqugrietic analysis. Generally, the more similar two
sequences are, the smaller the distance betweenish®istance calculation is implemented on the
premise of aligning the two sequences to be condpavlich may be sort of difficult. However,
given two proteins of different lengthg, and P,, we are able to conduct the sequence comparison
directly based on the proposed 40-component cheiaicty vector.

Given two characterizing vectors of equal lengéisearchers normally take two indicators to
represent the pair-wise distance, the Euclideatamtie and the Cosine distance. The Euclidean
indicator is seriously sensitive to the lengthghaf sequences and does not have a definite scope,
and that can be an obstacle when dealing with dhg broteins. However, the cosine distance
between characterizing vectors can eliminate tifiecesf of the lengths of proteins. On the other
hand, once we normalize the cosine value from 1¢9-10,1), the cosine distance owns clear value
range and carries more evolutionary meaning.

Consequently, we choose the Cosine function hereaasneasure to indicate the
similarity/dissimilarity between two protein seqees. If the two 40-component characterizing
vector are denoted as

Vo= (812,857,801
V, = (S0, 15,85,05 .80 0%),
the Cosine value between the two vectors is catedlas

Y (& 5 + [ 1)
COSY, V, )= Ve = dah @)

e ﬂ/i(sa“ﬁf“)Ji(é;“#:“)

whereaa denotes one of the twenty amino acids arrangealphabetical order. To give a more

reasonable explanation on evolution, the domaitesafahe variant is modified from (1,-1) to (0,1)
by the following formula,



-473-

1-cosy, V, )
2

In the traditional matrix invariant techniques, thenstruction of thenxn matrix

D(VLV,) = ©)

characterizing a sequence needari) computational complexity so that the computingetiamd
space own a higher demand, which can be a serlisiaadde when the length is bigger. However,
through the new numerical characterization metlioel computational complexity reducesda) .

This will greatly reduce the computing needs ofetiend space, especially when we have a large

value of sequence length.

4 Applications

4.1 Application on the similarity research of the nine ND5 proteins

In order to test the effectiveness of the propassgience comparison scheme, we apply it to
the similarity research of nine ND5 proteins: hunflomo sapiens, AP_000649), gorilla (Gorilla
gorilla, NP_008222), common chimpanzee (Pan trogés] NP_008196), pigmy chimpanzee (Pan
paniscus, NP_008209), fin whale (Balenoptera plugsaNP_006899), blue whale (Balenoptera
musculus, NP_007066), rat (Rattus norvegicus, AR90R), mouse (Mus musculus, NP_904338),
and opossum (Didelphis virginiana, NP_007105), Witian be downloaded from NCBI Genbank.

First, nine ND5 protein sequences are transforméa digital sequences by the 2D map of
twenty amino acids and their modified slopes ardraepts in the linear regression models based
on the physicochemical properties. Each amino ictte sequence can be expressed by a 2-tuple.
For example, the map of the first ten amino aaidhié human ND5 protein is shown in Table 4.

Table4 First ten amino acids in the human ND5 protein @il corresponding 2D map

Amino acid(a ) M T M H T T M T T L

Modified Slope(s ) 036 075 036 102 075 075 036 075 075 022

Modified intercept(, ) 4.83 3.18 4.83 181 3.18 3.18 4.83 3.18 3.18 5.73

The 3D visualization of the nine sequences is imglated by using Eq. (1). Among them, the
3D graphical representations of the first one haddamino acids in Human, Gorilla and Rat are
shown in Fig. 4. It is seen under a coarse le\al tifie pair (Human and Gorilla) have a relatively

high similarity degree among three species, whiaegally agrees with the biological facts.
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Figure 4 The 3D zigzag representations of the first 100 anaicids of ND5 proteins from Human, Gorilla
and Rat

Table 5 Construction of the 40-component characterizingaefor Human ND5 protein sequence with a
length of 603

Amino acid (Slsc:f)e In(tT::;zpt S Z g2 e = z |2
A 0.50 4.52 22.00 198.88
C 0.36 4.92 2.16 29.52
D 1.24 0.77 13.64 8.47
E 121 0.92 10.89 8.28
F 0.23 5.44 8.74 206.72
G 0.72 3.35 18.72 87.10
H 1.02 1.81 14.28 25.34
| 0.04 6.81 2.16 367.74
K 1.26 1.05 26.46 22.05
L 0.22 5.73 22.88 595.92
M 0.36 4.83 9.36 125.58
N 1.05 1.50 33.60 48.00
P 0.84 2.66 27.72 87.78
Q 1.02 1.48 20.40 29.60
R 1.30 0.86 10.40 6.88
S 0.69 331 33.81 162.19
T 0.75 3.18 48.75 206.70
\Y 0.21 5.98 3.15 89.70
W 0.60 3.53 7.20 42.36
Y 0.61 3.33 9.76 53.28

The 3D visualizing representation can roughly shbev similarity among several sequences.
However, when there are lots of sequences to b@ad and a need for accurate description of
the similarities, we need to go a step further daduct a similarity distance calculation among
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sequences. The proposed 40-component charactevieaigr, of which the component is the sum
of one amino acid’s modified slope or intercepthia sequence, is set up for each sequence in the
above describing. In Table 5, we list the 40-congmircharacterizing vector of the Human ND5
protein sequence with a length of 603.

Next, the similarity matrix of the ND5 sequencesnirnine species is listed in Table 6 the
equations, Eq. (2) and Eq. (3). The experimentallte demonstrate the performance of the
proposed scheme. One can easily identify the edghies that are smaller than the rest after a
superficial glance at the similarity matrix. They summarized as: six entries corresponding to the
four primate speciesHuman, Gorilla, C.Chim. and P.Chim.), (F.Whale - B.Whale) and Rat -

Mouse).

Table 6 Similarity matrix of the ND5 proteins from nineespes

species Gorilla C.Chim. P.Chim. F.Whale BWhale Rat Mouse Opossum
Human 0.00039 0.00022 0.00045 0.00122 0.00142 0.00767 0.01056 0.01408

Gorilla 0.00052 0.00066 0.00107 0.00132 0.00714 0.00996 0.01283
C.Chim. 0.00020 0.00147 0.00167 0.00709 0.01040 0.01371
P.Chim. 0.00107 0.00127 0.00600 0.00931 0.01167
F.Whale 0.00010 0.00660 0.00832 0.01073
B.Whale 0.00618 0.00759 0.01071
Rat 0.00092 0.00310
Mouse 0.00362

Observing Table 6, one can note that the eHifynan - C.Chim. is 0.00022and Human -
Gorilla is 0.00039, which indicates that human and comnmtompganzee have a relatively close
relationship from evolutionary point of view, arfietsame conclusion is seen in recent study [23].
Besides, it is not accidental that the entriestedldo Opossum are visibly different from other
entries. This phenomenon confire opossum is genetically unique among the nieeisp. As is
shown above, the similarity results are basicadlysistent with the known evolutionary fact and the

recent studies on the experimental dataset [19-23].

4.2 Application on the phylogenetic analysis of 36 proteins

In order to further test the validity of the propdsmethod, we use the method to analyze
another data set, the Chew-Kedem dataset consisti8g proteins, which has been introduced in
Refs. [38-40]. All of the proteins identified byetih corresponding PDB id are drawn from the PDB
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entries of five families, Globin, Alpha, Beta, Alpibeta and Tim-barrels. The detailed
classification is shown as follows,

Goblin (denoted by ‘-’), leca, 5mbn,1hlb, 1him, hBa 1babB, lithA, 1mba, 2hbg, 2lhb,
3sdhA, lash, 1flp, 1myt, 1Ih2, 2vhbA, and 2vhb. Wdp(denoted by ‘/'), 1cnp and 1jhg. Beta
(denoted by '), 1cd8, 1ci5, 1ga9, 1cdb, 1neu,alghd 1hnf. Alpha-beta (denoted by ‘+’), 1aa9,
1gnp, 6921, 1ct9, 1gra and 5p21. Tim-barrels (dshby ‘O’), 6xia, 2mnr, 1chr and 4enl.

Among them, protein 2vhb and 2vhbA are the sameiessze to check whether the new
approach can cluster the two identical proteins arte class.

Fig. 5(a) is the phylogenetic tree for the 36 pratebased on the proposed scheme by using
UPMGA method. As a comparison, the phylogenetie trenstructed by using ClustalW method in
Mega 6 [41] is shown in Fig. 5(b).

1hib -

Tet9 + 1him -
4enl O 1babA -
2mnr0 20D -
1chr 0 1babB -
1hib - Smbn -
1him - 1myt -
1ithA - mya .
smbn - 1Mp-
1myt - 1ash -
3sdhA - 1ithA -
1h2 - 2hbg -
2vhbA - 3sdhA -
2uhb - 1mba -
2Ihb - 1qfo*
Laao+ -
6021 + 1h2 -
1gnp + 2hbA -
1qra + 2uhb -
5p21 + 6xia O
lash - 1ct9 +
6xia O 1ch 0
teca- e
2hb - —lenp/
1mba - L ijhgs
1p 1cdb *
1babA - 1qa9*
1babB - 1:eu .
tneu* L e

1cis * 2mnr 0
1qfo * 1aa9 +
1enp/ 1gnp +
1jhg / 6q21 +

1hnf * 1gra+

S AA]

1gag* 5p21 +
1cdb*

(a (b)
Figure5 (a) Phylogenetic tree of 36 proteins by the prepagpproach; (b) Phylogenetic tree of 36 proteins
by Clustalw
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One can find the high similarity between the twgufies after careful observation. For instance,
in both figures, most of the 36 proteins are cfassiinto the right branches except 1ct9, 6xia and
1cd8. The Alpha family is closer to the Beta familhe Tim-barrels is closer to the Goblin.
However, in Fig. 5 there seems to be misplacedepretsuch as 2mnr and 1gfo. What's more, the
Beta family in Fig. 5 (a) is clustered into onlycweranches but scatters separately in Fig. 5(b. Th
result shows that the proposed approach is a waithod in phylogenetic analysis.

5 Conclusions

In this paper, we provided a novel protein map methy using the simple linear regression
model of eight physicochemical properties of amacals. Based on the protein map, we construct
a corresponding 3D visualizing method, which camghdy indicate the similarity between
sequences. Further more, on the basis of the protep, we set up a 40-component vector to
characterize a protein. Similarity research andqggnetic analysis are implemented by converting
each protein sequence to its corresponding 40-coergosector. Experiments on two real datasets
shows the validity and effectiveness of the newesth comparing to the related studies and the

biological facts.
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