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Abstract

This paper applies discrete wavelet transform (DWT) with various protein substitution models to find functional similarity of proteins with
low identity. A new metric, S function, based on the DWT is proposed to measure the pair-wise similarity. We also develop a segmentation
technique, combined with DWT, to handle long protein sequences. The results are compared with those using the pair-wise alignment an
PSI-BLAST.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction and BLAST @ltschul et al., 1990, 199&re commonly used
to recruit a set of homologous sequences.

As the basis of molecular biological analysis, protein Two major issues in traditional sequence alignment meth-
sequence analysis is one of the most important tools of biol- ods are accuracy and speed. An important factor that affects
ogists, and has been widely used in structure and functionthe accuracy is the substitution model. If the model can effec-
prediction, phylogenesis studies and different conservationtively figure out the nuance of differentamino acids, sequence
pattern recognition. The key to protein sequence analysis isanalysis methods can correctly find the difference of protein
to detect the similar segments, structure-function domains orsequences. An important stochastic model, hidden Markov
sequences with similar function. model (HMM) has been used in programs such as HMMER

Nowadays, general protein sequence analysis methodgEddy, 199% and SAM Karplus et al., 1998 and has been
are sequence alignments and database query methodsmployed extensively to create large databases of sequence
Needleman and Wunsch (197@)esented a global pair- alignments such as PfaBdteman et al., 2004nd ProSite
wise alignment algorithm, an8mith and Waterman (1981) (Hulo et al., 2003 HMMs are also used to refine progressive
designed an algorithm for local pair-wise alignment. Multi- alignment to enhance the sensitivity of sequence alignments
ple sequence alignment is a tool for extracting the relation- (Ldytynoja and Milinkovitch, 2008 The knowledge-based
ship between multiple sequences, such as CLUSTAL seriesrefinement combined with protein’s structure information
(Thompson et al., 1994, 1997; Chenna et al., 26081 T- can also improve the sensitivity of sequence alignments
Coffee (Notredame et al., 2000Database query methods, (Thompson et al., 2003; Dror et al., 2003; O'Sullivan et al.,
such as FASTARearson and Lipman, 1988; Pearson, 2000 2004). Considering that scoring function may not describe

biological reality well, some improvements are accomplished
"+ Corresponding author, Tel.: +86 28 85415376; fax: +86 28 85415376, ' SCOrNg strategy by designing elaborate scoring system
E-mail addressliml@scu.edu.cn (M.-1. Li). such as position specific gap penalfypompson et al., 1994;
1 These authors contributed equally to this work. Reese and Pearson, 200 improve the speed of sequence
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alignment, heuristic algorithm such as FASTA and BLAST ity to elucidate simultaneously both spectral and temporal
are proposed. information, in contrast to the Fourier transform that only
Although many enhancements have been achieved inelucidates spectral information. The Fourier coefficients con-
protein sequence alignment, the results of it at 10—-20% tain only globally averaged time-domain information, thus
residue identity are still doubtful. Below the ‘twilight zone’ leading to location specific features in the signal being lost
(Doolittle, 1981; Rost, 199t 10—20% residue identity, the  (Bentley and McDonnell, 1994A WT is defined as the pro-
accuracy of the best programs correctly aligning on averagejection of a function or a sign#{t) onto the wavelet function.
is lower than 47% of the residuesHompson et al., 1999 1 00 b
The ‘twilight zone’ clearly constitutes a great barrier for all W y(a, b)=(f(t), Wu5(t))= <> / fOw () dr,
the programs in this study. It is badly necessary to introduce Vial) J-oo a
other methods to analyze protein sequences. 1
As an effective tool of signal processing, wavelet trans- W, (1) = <1> w (t—l’) ’ )
form (WT) is widely used in bioinformatics and chemo- Vlal a

metrics and shows its advantage in analyzing different scale,, o w(t) is the basis function ane/ap(t) is the basis
information of a signal and bicinformatical data ¢, 2003. wavelet function at a particular sca@nd a translatiob, a,
In chemistry, WT has been applied to data processing andbe R, a0. The DWT useso =2 andbo = 1, 5o that results

analysis in spectrometry, chromatography, and nuclear mag-jgq tg a binary dilation of 2" and a dyadic translation of
netic resonance spectrometry (NMR)e(ing et al., 1998;  om Therefore

Shao et al., 2003; Li et al., 2002, 2Q0Bor protein sequence
analysis, WT has been used to discriminate proteins with ., (t) = 27"/2@ (27"t — n). 3)
different tertiary structuresMandell et al., 199y, to pre-
dict hydrophobic cores from hydropathy datdirakawa et
al., 1999 and to locate highly conserved residues in the
hormone prolactin from electron—ion interaction potential
data Hejase de Trad et al., 20DPAt has also been used to
predict the location and topology of helices in transmem-
brane proteinsl({o and Vannucci, 20Q0to detect repeating
motifs (Murray etal., 200pand conserved regionkiishnan There are two sorts of substitution models to trans-
et al., 2003, to predict protein secondary Structur€di(  form the protein sequence: one is substitution matrix based
etal.,, 2003 and allergenic proteind.(et al,, 2004. Based o the mutational possibility of two amino acids, such as
on DWT (Daubechies, 1992a new concept of similarity  paM (Dayhoff et al., 197Band BLOUSUM Henikoff and
of protein sequence, sequence-scale similarity, has been propenikoff, 1992, the other is based on the physicochemi-
posed tiejase de Trad etal., 20p® identify the functional ¢4 properties that contribute to the function of the protein,
similarity of two protein sequences. such as the-p—v model Grantham, 197¢ and electron—ion

To apply WT to functional similarity identification of pro- - jnteraction potential (EIIP modelDpsic, 1993 The c—p—v
tein sequences, several problems are to be solved in this papefmodel takes into account the three main properties of amino
first, how to transform the protein sequence into a numeral gcigs—the compositiorc), polarity () and molecular vol-
signal without losing the functional or structural information;  yme ): the EIIP value describes the average energy states of
second, different wavelets and decomposition scale will have 5| yalence electrons in particular amino acids; the AESNN3
different results in the DWT method. Wavelets and decompo- model is derived from orthogonal encoding scheme by arti-
sition scale with best performance are chosen by comparingficial neural network (ANN) that employed three numbers to
46 differentkinds of wavelets; and at last, in cross-correlation gescripe the amino acid type of one protein residiie ét
analysis, we can only estimate the similarity of sequences g1 2003,
with three statuses: strongly correlated, weakly correlated | the first kind of substitution models of amino acids,
and no correlation. In sequence analysis, the three statusepam or BLOUSUM, two amino acids correspond to one
are not accurate enough to distinguish the small differencesyajye and in the second one, one amino acid can be substituted
between protein sequences. In order to figure out the nuancepy a number or a vector. Thep—v model, the EIIP model

anSfunction is designed based on the energy normalization gnq the AESNN3 model are compared in this work.
property of WT.

Generally, analyzing protein sequences with DWT includes
three steps: firstly, translate the sequences into numeral sig-
nals; secondly, decompose the signals by wavelet; thirdly,
detect similar sequences with cross-correlation analysis.

2.2. Substitution models

2.3. The Benchmark Database: BAIIBASE

2. Materials and methods The BAIIBASE is built as a benchmark to evaluate the
2.1. DWT accuracy of detection/prediction and alignment of these com-
plex sequencesB@hr et al., 200l The database contains
WT has been applied to signal processing in various fields high quality, manually constructed multiple sequence align-
since 1980s. The most attractive character of WT is the abil- ments together with detailed annotations. Subgroups are built
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Table 1
A comparison of three substitution models (decomposed by Bior3.3 wavelets, scale 4)
Sequence Compare pairs EIIP c,p,v AESNN3

Similar pairs % Similar pairs % Similar pairs %
Short 1237 1220 98.63 1221 98.71 1217 98.38
Medium 925 609 65.84 599 64.76 591 63.89
Long 1355 434 32.03 480 35.42 441 32.55
Total 3517 2263 64.34 2300 65.40 2249 63.95

The result of decomposing sequences of Rehd Ref3 with different substitution models shows that th@—v model is the best in the three models. In this

table, we can also see the length of sequences affected the different models’ performances. The long sequences have the lowest detectedipeeentage in
models, 33.33% in average. With length of the sequence decrease, the detecting ability of DWT increase drastically, an average of 97.9% afesigglar seq
pairs in the short group can be found with the three substitutions.

with structurally similar sequences but with different overall with A(i).
sequence similarities. The multiple alignments in BAIIBASE

have been built according to the superposition of the struc- A@) = (@) + p@) + (). (4)
tures, and these “structural alignments” are considered asAnd then, a protein sequence can be transformed into a
being the true ones. numerical signal. For further analysis, the distance between

Reference 1 (Ret) of BAIIBASE contains alignments of  points (or say time distance) in these numerical sequences
equidistant sequences. The percentage of identity betweens set at an arbitrary valug= 1. The last element of series
two sequences is within a specified range. All the sequencescontains the most recent observation.
are of similar length, with no large insertions or extensions.  To make a comparison, the other two models, the EIIP
Therefore, Refl is used to check the effects of sequence value and the AESNN3 value, are used, respectively. For EIIP
length and percentage of identity on wavelet analyzing value, each amino acid is substituted by an EIIP value of nor-
performance. Reference 3 (R8f of BAIIBASE contains malized form. The substitution method with AESNN3 values
subgroups with <25% residues identity and highly related is similar to the method of, p andv values. Respectively,
sequences (>25% identity) between groups. This referencesubstituted with the three models, protein sequences ol Ref
can be used to assess the ability of our method to correctlyand Ref3 in BAIIBASE are decomposed by Bior3.3 wavelets
detect approximately equidistant divergent families (<20% (Cohen et al., 1992 The results are shown Fables 1 and 2
identity).

2.5. Choosing the wavelet and decomposition scales

2.4. Comparing substitution models of amino acids Based on different basis functions, the wavelets have dif-
ferent families; every wavelet family has its quality fitting

In the cp—v model, it is reasonable to consider that for different signals and has different results. In this paper,
the ith amino acid of a protein sequence is assigned to a46 kinds of wavelets are tested to select one with best perfor-
vector whose components have the composition vefi)e mance with the benchmark protein sequences ofRef
the polarity valuep(i), and the volume value(i). We use Restricted by the property of wavelet decomposition, dif-
the normalized forms of these value$i) = [c(i) — c]/o., ferent decomposition scales have different results in ana-
(i) = [v(i) — v] /oy and p(i) = [p(i) — p]/o,. Considering lyzing protein sequences. On one hand, decomposing a
the three factors’ effects, an amino acid can be substitutedshorter sequence with too high decomposition scale will

Table 2
The performance of three substitution models with different amino acids identity (decomposed by Bior3.3 wavelets, scale 4)
Reference Compare pairs EIIP c,pv AESNN3
Similar pairs % Similar pairs % Similar pairs %
Ref 1
Short <25% 54 53 98.15 53 98.15 52 96.30
20-40% 85 83 97.65 83 97.65 80 94.12
>35% 92 90 97.83 90 97.83 91 98.91
Medium <25% 64 46 71.88 41 64.06 38 59.38
20-40% 62 39 62.90 37 59.68 37 59.68
>35% 80 61 76.25 65 81.25 61 76.25
Long <25% 50 14 28.00 15 30.00 17 34.00
20-40% 88 14 15.91 21 23.83 15 17.05
>35% 77 17 22.08 20 25.97 15 19.48

This result shows the identity of sequence has no relationship with the DWT analyzing results.
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100 e 1100 protein sequences. The cross-correlation coefficients are
e defined as:
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whereN is the signal length angis the number of lags. The
maximum cross-correlation coefficient is 1 for the two same
signals.

For biomedical signals, it is deemed strongly correlated
if the correlation coefficient exceeds0.7 and weakly cor-

Wavelets

Fig. 1. Decomposing with scale 2 by different wavelets. ¥aeis indicates : : - :
the different wavelets, whereas thexis indicates the detecting ability of related if the correlation coefficient is betwee0.7 and

the wavelet to the six groups of benchmark sequences. The discriminability +0.5 (OySter_et al., 1987 Previous studies Sh(?W that Clqsely
equals to the ratio of the detected similar pairs to the total compared protein related proteins have a strong cross-correlation and distantly
pairs. Similar pairs in the two short sequence groups (1r69 and lidy) can related proteins with similar biological functions have a

and the long (1ajsA and 2myr) sequence groups can hardly be detected

The wavelets from 1 to 46 denote Db1, Db2, Db3, Db4, Db5, Db6, Db7,
Db8, Biorl.1, Biorl.3, Biorl.5, Bior2.2, Bior2.4, Bior2.6, Bior2.8, Bior3.1,
Bior3.3, Bior3.5, Bior3.7, Bior3.9, Bior4.4, Bior5.5, Rbiol.3, Rbiol.5,

‘proteins without common biological functions generally have
no scale correlation. Strong, weak and no correlation were
used to depict the similarity of protein sequenddsj@se de

Rbio2.2, Rbio2.4, Rbio2.6, Rbio2.8, Rbio3.1, Rbio3.3, Rbio3.5, Rbio3.7, Trad et al., 200

Rbio3.9, Rym1, Rym2, Rym3, Rym4, Rym5, Rym6, Rym7, Ryms, Coif1, In this paper, a new metricS is designed to quantita-
Coif2, Coif3, Coif4 and CoifS5. tively evaluate the similarity between two sequences. Sim-
introduce ineluctable redundancy in the decomposing pro- ilarities on different (WT) decomposition levels are cal-
cess, on the other hand, decomposing a longer sequence witkulated separately and weighted sum is taken using each
too low decomposition scale will omit many detail informa- level's energy as weight. With energy normalized wavelet,
tion. To choose the appropriate decomposition scale, the teswavelet energy intensity| ¥, ,(1)[?df = Ew(ap) = Ew =
sequences are decomposed with scales 2-5 separately with, and each wavelet functiofi(a,b) gives the same contri-
the above data (only the results of scales 2 and 4 are showrbution in energy intensity for signal analysis. Therefore, the
in Figs. 1 and 2 wavelet coefficients have the same energy, and the energy of
each point in different scales has relation with the width of
wavelet function? 5 ) (t) and scaling functiom(t). ¥ a ) (t)

and @(t) have the same width at the same scale. In a higher
scale, the wavelet function is expanded in time sequence,

The cross-correlation coefficients are calculated at eachSC POINts of this scale have higher energy than those of the

: I lower scale. The energy of the points A, Dm, Dim-1),
scale to quantify the similarity between the two compared (m-1)
a bt y P ..., D1 hasthe proportion of2-1/2 : gm=1/2 - om=2/2. .

2m-m+1/2- 20 ‘50 an experiential formula is designed:

2.6. Detecting similar sequences and evaluating the
similarity

—o— 169

—o— lidy
—w— 2pia
—v— kinase

(Z(m -2 Ceroa,, + 20m=1)/2 Ccrop,,

+201=2/2C0p 4+ -+ + 29Cerop,) x 100
20n=1)/2 1 pm=1)/2 L 2m=2)/2 { ... 4 20

(6)

The ‘S denotes the similarity degree of two sequences,
Am denotes the approximation at scalendDy, denotes the
detail at scalan, and theC¢;, denotes the maximum cross-
correlation coefficient of each scale. The bigger$is, the
more similar the sequences are. For example, with decom-
posed four levels, there are five layers wavelets coefficients:
A4, Dy, D3, D2 anle.

Discriminability (%)

20 25
Wavelets

30 35

Fig. 2. Decomposing with scale 4, about 100% of the similar pairs in shorter
sequence groups (1r69 and lidy) can be detected. For the medium (2pia
and kinase) and the long (1ajsA and 2myr) sequences, it still has a good
performance in proper wavelets. The axis and the wavelets from 1 to 46 ¢ —
denote the same asfitig. 1

(23/2CcroA4 + 23/2C0r0D4 + 21CCTODa
+21/2CcroD2 + 20CCI’ODl) x 100
23/2 4 23/2 4 21 4 21/2 4 20

()
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For the sequences longer than 200 amino acids, the amindong sequences, the Bior3.1 (No. 16), the Bior3.9 (No. 20),
acid sequences are cut into small segments in 200 aminathe Rbio3.3 (No. 30), the Rbio3.5 (No. 31) and the Rbio3.7
acids. If the last segment is shorter than 100 amino acids,(No. 32) wavelets have better performance in the 46 wavelets
keep the last two segments without segmenting. It is highly (Fig. 2).
possible that the segmentation may separate one motif into
two parts; therefore, the later segment should overlap the end3 3. Segmentation strategy
of the front one. Here, 30 amino acids are overlapped (the
Second Segment from 171st to 370th aminO aCidS, a.nd the The sequence |ength may affect the resu'ts Of our method
third one from 341st to 540th amino acids, etc.). The number and the main reason is that in some long sequences the most
OfSimi|aI’ Segments arﬂare recorded. The total S|m|lar|ty iS Conserved motifs that cover on|y a Sma" percentage of the
the average d& This segmentation strategy is equal tosliding whole sequence are easily omitted in the cross-correlation
the first sequence along the second one. This technique canalysis. To overcome this side effect, we introduce a seg-

effectively find the local similarity of two sequences. This mentation comparing strategy here. The results of slicing
similarity Sis different from the identity since it can substitute

the similarity of special scale information that may be caused 1, 3

by the conservative amino acids. The discriminability improvement after using the segmentation comparing
method
Protein family Discriminability (%) Improvement
. ratio (%
3. Results Before After %)
31 Substitut del segmentation segmentation
A itution m
ubstitutio oaels lajsAref3 4762 7593 59
_ 1pamAvref3 3392 6287 85
Table lillustrates the performance of three models. As 1pedref3 5667 8500 50
a whole, thec—p—v model has the best result in finding the 2myr.ref3 5476 8881 62
similar protein sequences (65.40%). For the short and the4enlref3 4503 7749 7?2
long sequences, thep—v model performs better than the ﬁfg‘;elfl 13333 18883 SO
other tW(_) models. Especially for the long sequences, it IS 1pyl ref1 3333 7500 125
3.39% higher than the EIIP model and 2.87% higher than jpamaref1 7000 8000 14
the AESNN3 model. The EIIP model shows a better resultin 1pedrefl 6667 8333 25
analyzing the medium sequences; it finds 1.08% more similar 2myr.refl 3333 5833 75
pairs than thecp—v model does. The AESNN3 model is 32&::2 12888 12888 g.ooo
worst in ane_llyzmg sequences (_)f any Iengths. _ lacsrefl 5000 7500 50
Another important piece of information froffable 1is ladjrefl 8333 9167 10
that the length of sequence does affect the results whicheveribglrefl 000 2500 N/A
substitution model is used. The percentages of similar pairsldicrefl 000 5833 N/A
decrease drastically with the increase of length of the 1eftrefl 8333 9167 10
With thep—v model, 98.71% of shorter sequence LfieA-refl 200 2400 /A
sequence. Wi v model, 98. 727 9 1gowA refl 1667 7500 350
pairs can be detected while only 64.76% of medium and 1pkmeref1 5000 9167 83
35.42% of long sequence pairs can be found. 1sesArefl 2000 6000 200
Table 2shows the percentage of identity does not affect 2ackrefl 4000 8300 113
the results. Some sequences with higher identity cannot beglrg:gg 451888 ;ggg gg
_detegted with a higher rate than that of the sequences with low 42 s 10000 10000 0.00
identity. For example, for the shorter sequences ctpev 1gphrefl 3000 5500 83
model and the EIIP model can find more similar sequence 1gtrrefl 2000 6000 200
pairs with identity <25% than sequences with identity >35%. 1lcf.refl 2667 7000 162
1rthA refl 2000 3500 75
. . ltagrefl 2000 4000 100
3.2. Selecting wavelets and decomposition scales 3pmgrefl 3333 7500 125
actinrefl 7000 9500 36

Forty six kinds of wavelets with scales 2-5 were tested, The protein families are substituted with te>— model and decomposed
respectivelyFigs. 1 and Zhow the results of scales 2 and 4. by wavelets Bior3.1 with scale 4. The segmentation technique improves
By comparing different decomposition scales, scale 4 is con- the DWT's sensitivity to the similar protein. Using segmentation technique,
sidered being fit fordiscriminating similar protein sequences. DWT finds the similarities in three protein families (1bgifl, 1dlcrefl,

Decomposing with scale 2 is fit for the short sequences but 1fieA_refl), which cannot be discriminated before segmented. After seg-
P 9 a mented, the average improvement of discriminability is 69%. The discrimi-

Can hardly find (_)Ut the long similar SequenCE@( 1). With _ nating ability of DWT to 1cpirefl and 1ad3ef1 has no improvement. This
high decomposing scale, the sensitivity to long sequence isis because the finding rate of the similar protein pairs had been 100% before

improved Fig. 2). At the same time, for the medium and segmenting.
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Table 4
The analyzing results of FibrillinArabidopsis thalianp (AAC2819) in Swiss-Prot Database by pair-wise alignment, DWT (periodic-padding mode) and
PSI-BLAST (without the hypothetical protein)

Sequences producing significant alignments Global/local alignment identity (%) S (%) PSI-BLAST result

Score (bits) E value
spP80471LIPC_SOLTU 64.7/64.7 52.8 531 -€151
sp099019LIPC_SOLDE 64.1/64.1 51.9 525 €149
spQ8KDSZMIAA _CHLTE 16.4/25.7 No similarity 40 0.007
sp034701YOAU _BACSU 18.5/24.3 42.1 39 0.019
spP10243PALY _RHORB 8.6/20.3 No similarity 36 0.13
spO02748ARNT_RABIT 9.6/23.9 No similarity 35 0.2
spQ9UHI99U84B_ HUMAN 9.9/28.8 No similarity 35 0.28
spQ9D309FA3B_.MOUSE 5.7/ 26.9 40.0 35 0.33
spQ6LR24PEPTPHOPR 13.4/20.4 No similarity 34 0.41
spO14022ATCY _SCHPO 7.2124.5 No similarity 34 0.57
spQ61165NAH1_MOUSE 2.8/20.6 No similarity 33 1.0
SpP14922SSNGYEAST 3.2/24.6 No similarity 33 1.1
spP27540ARNT_HUMAN 8.2/21.0 No similarity 33 1.3
spQ9A2B1MDH_CAUCR 14.9/32.1 No similarity 32 1.8

The identities are counted by Needleman—-Wunsch global alignment from web server of the European Bioinformatics Hestiéuee &1., 2004 First two
sequences have the highest identities. They have the hi§hestthe similar biological function too.

and without slicing in analyzing the long sequence of Ref  from NCBI's FTP) Boeckmann et al., 200®y PSI-BLAST
and Ref3 are compared iffable 3 According toTable 3 (2.2.8) and the query results are analyzed with DWT.

the maximal improvement ratio is 350% (1gow#f1) after The firsttwo sequences @éble 4are the most similar with
segmentation. Without segmentation, the DWT fails to detect the query sequence in our test. T¥alue is 52.8 for the pair
similar pairs of proteins in three groups: 1bgfl, 1dicrefl Fibrillin and LIPC_.SOLTU and 51.9 for the pair Fibrillin and
and 1fieArefl. Using the segmentation technique, the DWT LIPC_SOLDE. These values agree with the reality. As an
can separately find 25, 58.33 and 50% of the similar pairs in indicative of the functional analysis in plants, Fibrillin and
these three groups. Excluding the three groups, the averag¢hese two proteins, i.e. light-induced protein C40.4 (099019)

improvement of discriminating similar pairs is 69%. and chloroplastic drought-induced stress protein CDSP-34
(P80471), have great similarity in their functions involved
3.4. Application of S in structural stabilization of the cells and associated with

chloroplasts and chromoplasB/mery and Rey, 1999; Gillet
The major application oS is to quantitatively evaluate  €tal., 1998; Rey etal., 20p0ror protein YOAUBACSU and
the similarity of protein sequenceEable 4shows the analy- ~ FA3B_MOUSE, their functional similarity with Fibrillin has
sis results of Fibrillin Arabidopsis thalianp (AAC28198, not been reported.
AF075598) with pair-wise alignment, PSI-BLAST ar®l Another test is taken in analyzing Amelogenin precursor
The sequence Fibrillin is queried in local Swiss-Prot database (P45561). We analyzed the sequences whose PSI-BLAST
(release of Swissprot Version 46, FASTA format, download Score are between 49 and 10UTakle §. The method

Table 5
The query results of P45561 in Swiss-Prot Database (by PSI-BLAST) and the analyzing result with DWT (periodic-padding mode)
Sequences producing significant alignments Global/local alignment identity (%) S (%) PSI-BLAST result

Score (bits) E value
spQ9QYX7|PCLOMOUSE 1.3/36.8 No similarity 83 4e016
spP27951BAG_STRAG 4.0/31.9 No similarity 61 1e009
spP1225%~HAB_BORPE 1.2/24.4 No similarity 55 96008
spP16053NFM_CHICK 4.4/24.5 No similarity 55 1e007
splP25384YCB9_YEAST 2.6/33.7 No similarity 55 1e007
sp09764TAMEL _TACAC 42.3/65.6 48.7 53 3e007
spP16952SSP5STRGN 3.7124.7 No similarity 52 8e007
spQ9Y6VOPCLO.HUMAN 1.1/22.9 No similarity 51 2e006
SpQ8MTI2|BSLLTRIVA 6.9/30.3 No similarity 51 2e006
spP32521PANLYEAST 3.9/25.3 No similarity 50 3e006
spQIBX69CARE6_HUMAN 5.0/27.6 No similarity 50 4e006
spP1793QVP87.NPVOP 7.5/27.9 No similarity 50 4e006
spQ9PU36PCLO.CHICK 1.1/27.4 No similarity 49 6e006

spO97646AMEL _ORNAN 47.1/73.0 46.9 49 8e006
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Table 6
The similarity comparison using (%)

RGSGBOVIN? RGSBRATP RGSARAT® HEMA _PI3HTd HEMA _PI3HUE® NERLRAT'
RGSGBOVIN 100 47.24 52.39 No No No
RGSBRAT 47.24 100 70.26 No No No
RGSARAT 52.39 70.26 100 No No No
HEMA_PI3HT No No No 100 98.48 39.37
HEMA _PI3HU No No No 98.48 100 39.49
NERLRAT No No No 39.37 39.49 100

For the pair of same sequenc8ss 100. The first three proteins function as GTPase-activating proteins (GAPSs) that stimulate the inactivation of heterotrimeric
G proteins and are responsible for the rapid turnoff of G protein-coupled receptor signaling pathways. The last three proteins share a nefinactimidase

a Regulator of G-protein signaling 16.

b Regulator of G-protein signaling 11.

¢ Regulator of G-protein signaling 10.

d Hemagglutinin-neuraminidase.

€ Hemagglutinin-neuraminidase.

f Sialidase 1 precursor.

detects that the Amelogenin precursor (P45561) has simi-similarity =35/61 (57.4%); gaps = 1/16 (1.6%); score = 88.0.
larity with two sequences AMEITACAC (S=48.7%) and The score is higher than that of the pair RGBGVIN and
AMEL _ORNAN (S=46.9%). This also accords with the RGSBRAT (score=71.5). Thes of the two pairs shows
biological relationships of the three protein sequences. Thethatthe RGSGOVIN is more similar with the RGSARAT
three sequences have the same Pfam domain AmelogenirfS=52.39%) than with RGSERAT (S=47.24%).
(PF02948) and have the same function in playing roles in the
biomineralization of teeth and regulating the formation of
crystallites during the secretory stage of tooth enamel devel-4. Discussion
opment Bateman et al., 2004; Wheeler et al., 2D04
The results inTable 6 generally reflect the biological In this paper, the crucial factors in analyzing functional
relationships of those protein pairs. Tig&value of the similarity of protein sequences with DWT are discussed to
two identical sequences is 100. Using Needleman—Wunschbuild a normative DWT method. With the segmentation strat-
algorithm, the HEMAPI3HU and HEMAPI3HT have egy, the efficiency of this method is improved by average rate
the following result: length=572; identity=555/572 of 69% in finding the similar sequences. It can be seen that
(97.0%); similarity =562/572 (98.3%); gaps =0/572 (0.0%); the result of this method is greatly affected by the length of
score =2954.0. Th& value of this pair of proteins is the sequences.
highest, 98.48%, which shows the highest similarityinallthe  The studies of similarity metri& of several groups of
pairs of different sequences. The global alignment result of protein examples have been presenfeables 4-§ Some
NER1RAT and HEMA PI3HU reveals the following result:  pairs of protein sequences, which possess functional or struc-
length = 674; identity = 92/674 (13.6%); similarity = 153/674 tural similarity but have low sequence identity, are difficult
(22.7%); gaps=367/674 (54.5%); score=40.0. Thef to detect by sequence alignments. A protein’s conservative
NER1RAT and HEMA PI3HU reveals the weak similarity  function strongly depends on the physico-chemical properties
(5=139.49%). The Phylogram tred-ij. 3) generated by  especially the composition, polarity and molecular volume
Clustal W shows that the HEM&R13HU and HEMAPI3HU (Grantham, 1974 Based on the—p—v model, the global and
are most closely related among these sequences; thdocal similarity of protein sequences can be more effectively
NERL1RAT belongs to the same ancestor of HEMPASHU found.
and HEMA PI3HU. The result of our method is accordance In Tables 4 and 5 the ability of S to discrim-
with the result of the Phylogram tree. inate protein sequences with low similarity is com-
Using the Smith and Waterman algorithm for the pared with that of the pair-wise alignment and PSI-
protein pair RGS@OVIN and RGSARAT, we see the BLAST. The global pair-wise alignment result of Fib-
following result: length=61; identity=19/61 (31.1%); rilin (AAC2819) and YOAUBACSU is: length=379;

gi[3914630|sp|046471|RGSG_BOVIN: 0.39362
1 gi|1710167|sp|P49806|RGSA_RAT: 0.39426
gi|1710169]sp|P49807|RGSB_RAT: 0.38289
— €i[123008sp|P12562[HEMA_PI3HT: 0.01246
L gi[123009]sp|P12563HEMA_PI3HU: 0.01726
gi|17367382/sp|QU9PW3|NER 1_RAT: 0.43574

Fig. 3. The Phylogram tree generated by Clustal W on the web server offtBBir(pson et al., 1994; Harte et al., 2004
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identity =70/379 (18.5%); similarity=125/379 (33.0%); reading the manuscript and their helpful advice. This work
gaps=150/379 (39.6%); score=93.5; the local pair-wise was partly supported by the National Natural Science Foun-
alignment result of them is: Identity=59/243 (24.3%); dation of China (No. 29877016).

score=103.5. It is difficult to judge whether the two pro-
teins have similar function only by the alignment result. The
Pfam data show that the Fibrillin has a PABrillin domain.
This family identifies a conserved region found in a number
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