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Abstract

The support vector machine approach was introduced to predigt-thens in proteins. The overall self-consistency rate by the
re-substitution test for the training or learning dataset reached 100%. Both the training dataset and independent testing dataset were
taken from Chou [J. Pept. Res. 49 (1997) 120]. The success prediction rates by the jackknife teg:forrtsibset of 455 tetrapeptides
and nong-turn subset of 3807 tetrapeptides in the training dataset were 58.1 and 98.4%, respectively. The success rates with the independent
dataset test for the-turn subset of 110 tetrapeptides and moturn subset of 30,231 tetrapeptides were 69.1 and 97.3%, respectively. The
results obtained from this study support the conclusion that the residue-coupled effect along a tetrapeptide is important for the formation
of ap-turn.
© 2003 Elsevier Inc. All rights reserved.

Keywords: Jackknife test; Dataset; Tetrapeptides

1. Introduction 2. Materials and methods

B-Turns are a type of tight turf8] that consist of four 2.1. Support vector machine
consecutive residues with the distance betwe&()Gnd
C(i + 3) less than 7 A. However, the tetrapeptides under  Support vector machines (SVMs) are types of learning
consideration in this paper do not havéhelical conforma- machines based on statistical learning theory. The most re-
tion [8,27]. Being the most common type of non-repetitive markable characteristics of SVMs are the absence of local
structure in protein§22], B-turns have some special impor- minima, the sparseness of the solution, and the use of the
tance in structure and function. They are involved in form- kernel-induced feature spaces. The basic idea of applying
ing highly compacted structure for a protei24] as well SVMs to pattern classification can be outlined as follows.
its binding site for ligandq28]. Therefore, prediction of  First, map the input vectors into a feature space (possible
B-turns in protein is very important in both the structural and with a higher dimension), either linearly or non-linearly,
functional sense. Much effort has been made for predicting which is relevant to the selection of the kernel function.
B-turns[3,4,7,9,14,15,19,26,31,33h this paper, we apply  Then, within the feature space, seek an optimized linear
a new learning machine to predigtturns. division; i.e. construct a hyper-plane which can separate
two classes (this can be extended to multi-classes) with
the least error and maximal margin. The SVMs train-
ing process always seeks a global optimised solution and
—_— ) ) avoids over-fitting, so it has the ability to deal with a large
* Corresponding author. Present address: Biomolecular Sciences Depart-number of features. A complete description to the theory
ment, UMIST, P.O. Box 88, Manchester M60 1QD, UK. T . X .
Tel.: +44-161-200-4191; fax:-44-161-236-0409. of SVMs for pattern recognition is given in the book by
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SVMs have been used to deal with protein fold recognition The solution is a unique globally optimized result, which
[18], protein—protein interaction predictid] and protein can be expressed with the following expansion:
secondary structure predicti¢a0]. N

In_thls paper, the Va_lpmks support vecto.r mach[BQ_] W = ZyiaiXi~ (6)
was introduced to predict beta-turns in proteins. Specifically, rr
the SVMlight, which is an implementation (in C language)
of SVM for the problems of pattern recognition, was used Only if the corresponding; > 0, are theseX; called the
for computations. The optimization algorithm used in SVM- SUpport vectors. Now supposéis a query sample defined
light is described elsewhef21]. The relevant mathematical !N the same space a$; [6,12]. After the SVM has been

principles can be briefly formulated as follows. trained, the decision function for identifying which class the
Given a set oN samples, i.e. a series of input vectors; ~ duery protein belongs to can be formulated as
X eR', (k=1,...,N), 1 al
‘ ( M @ f(X) = Sgn(Z)’iaiX X+ b) , (7)
whereX can be regarded as tkilhn sample or vector defined i=1

in the relevant space according to the object-studiey, where sgn() in the above equation is a sign function, which
andfR 7 is a Euclidean space with dimensions. Since the equals to+1 or —1 when its argument is 0 or <0, respec-
multi-class identification problem can always be converted tively. - ’

into a two-class identification problem, without loss of the
generality the formulation below is given for the two-class
case only. Suppose the output derived from the learning ma-
chine is expressed by, € {+1, —1}(k =1, ..., N), where
the indexes-1 and+1 are used to stand for the two classes
concerned, respectively. The goal here is to construct one
binary classifier or derive one decision function from the . . .
! . ; . 2.3.1. The “ soft margin” technique

available samples that has a small probability of misclassi- - .

. S In order to allow for training errors, Cortes and Vapnik
fying a future sample. Here both the basic linear separable . : )

. 16] introduced the slack variables:

case and the most useful linear non-separable case for mos[t
real life problems are taken into consideration. §&>0 (G=1,...,N), (8)

2.3. The linear non-separable case

For this case two important techniques are needed that are
given below, respectively.

and the relaxed separation constraint given by

yiW-X;+b)>1-§, (G=1...,N). (9)
In this case, there exists a separating hyper-plane whose i ) .
function isW - X + b = 0, which implies The optimal separating hyper-plane can be found by mini-

mizing
W -Xg+b)>=1 (k=1,...,N). (2)

N
1 2
By minimizing 1/2||W||? subject to the above constraint, 5 IWI"+ <Y & (10)
the SVM approach will find a unique separating hyper-plane. i=1

Here | W||? is the Euclidean norm oW, which maximizes  \here ¢ is a regularization parameter used to decide a

the distance between the hyper-plane, or the optimal sepa+rade-off between the training error and the margin.
rating hyper-plane (OSH)L6], and the nearest data points

of each class. The classifier thus obtained is called the max-2 32, The “ kernel substitution” technique

imal margin classifier. By introducing Lagrange multipliers  The SVM performs a non-linear mapping of the input
«;, and using the Karush—Kuhn—Tucker (KKT) conditions yectors from the Euclidean spad¥ into a higher dimen-
[17,23] as well as the Wolfe dual theorem of optimization sjonal Hilbert spacél, where the mapping is determined by
theory[32], the SVM training procedure amounts to solving - the kernel function. Then, like in the linear separable case,
the following convex quadratic programming (QP) problem: jt finds the optimal separating hyper-plane in the Hilbert

2.2. Thelinear separable case

N 1NN spaceH that would correspond to a non-linear boundary in
Max : Z(xi — _Zzaiajyiiji X, (3) the original Euclidean space. Two typical kernel functions
, 244 : .
i=1 i=1i=1 are listed below:
subject to the following two conditions: KX, X)=X;-X;+17, (11)
. P — 2
a;>0, (i=212,...,N), (4) K(Xi, X)) = exp(—r HX' - X; H ) ’ (12)

N
ZO"' y; = 0. (5) where the first one is called tipelynomial kernel function of
i—1 degree T which will eventually revert to the linear function
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whent = 1 the second one is called the radial basic function re-substitution test, jackknife test, and independent dataset
(RBF) kernel. Finally, for the selected kernel function, the test, as reported below.
learning task amounts to solving the following quadratic

programming problem: 4.1. Re-substitution test

N 1 N N o _ o
Max : Z“i - —ZzaiajyiyjK(Xi X)), (13) The so-called re-substitution test is an examination for

i1 2 11 the self-consistency of a prediction method. When the
subject to: re-substitution test is performed for the current study, each

' tetrapeptide in the dataset concerned is in turn identified us-

0<a<c, (i=L12...,N), (14) ing the rule parameters derived from the same data set, the
N so-called training dataset. The success rate thus obtained for
Z%’yi —-0. (15) predicting the 458-turn tetrapeptides and 3807 n@rturn
i tetrapeptides was 100%, indicating that after being trained,

the SVMs model has grasped the complicated relationship
between the sequence character of the tetrapeptides and

N their B-turn attribute.
fX) =sgn( Y yiei K(X, Xi) +b). (16)
i=1 4.2, Jackknife test

Accordingly, the form of the decision function is given by

For a given dataset, only the kernel function and the regu-
larity parametec must be selected to specify the SVM. During jackknifing, each tetrapeptide in the dataset is
in turn singled out as a tested tetrapeptide and all the
rule-parameters are calculated based on the remaining
3. Thetraining and prediction of B-turns tetrapeptides. In other words, tieturn attribute of each
tetrapeptide is identified by the rule parameters derived
The B-turn structure is formed by four consecutive using all the other tetrapeptides except the one which is
residues, indexed dsi + 1,i + 2, andi + 3 [7]. Follow- being identified. During the process of jackknifing both the
ing Chou([8] a tetrapeptide can be generally expressed by training data set and testing data set are actually open, and
R R+1 Ri+2 Ri3, whereR; represents the amino acid a tetrapeptide will in turn move from one to the other. The
at positioni, Riy1 represents the amino acid at position result of jackknife test thus obtained for the 4BSurn
i + 1, and so forth. For the current study, tetrapeptides tetrapeptides was 246/455 54.1%, and that for the 3807
can be classified into two setSt consisting of only those  non{-turn tetrapeptides was 3746/380% 98.4%. The
tetrapeptides forming3-turns in proteins, ands~ those overall success rate is 3992/426293.6%.
forming nong-turns.
The 20 amino acids are coded with 20 digits as given by: 4.3, Independent dataset test
A = 100000000000000000@, = 010000000000000000
00, ... ,¥ = 00000000000000000001). Thus, a tetrapeptide  Moreover, as a demonstration of practical application,

can be expressed as a vector or a point ina20D = 80D predictions were also conducted for an independent dataset
space. The computations were carried out on a Silicon based on the rule-parameters derived from 453807 =
Graphics IRIS Indigo Work Station (Elan 4000). 4262 tetrapeptides in the training dataset. The independent

The training dataset was taken from CHiglthat contains  testing dataset was also taken from Cldlithat contains
4262 tetrapeptide samples of which 455 areBetirn and 110 B-turn tetrapeptides and 30,229 nprturn tetrapep-
3807 of nonB-turns. tides. None of these tetrapeptides occurs in the training

For the SVMs, the width of the Gaussian RBFs dataset. The predicted result thus obtained for theBLiOn
was selected as that which minimized an estimate of tetrapeptides was 76/118 69.2, and that for the 30,231
the VC-dimension. The parameté that controls the  non{-turn tetrapeptides was 29,423/30,23197.3%. The
error-margin trade-off is set at 100. After being trained, overall success rate is 29,423/30,42D6.9%.
the hyper-plane output by the SVMs was obtained. This
indicates that the trained model, i.e. the hyper-plane out-
put harboring the relevant important information, has the 5. Discussion
desired function to identify th@-turns.

As can be seen from the above results, the success rates

obtained by the re-substitution test are higher than those by

4. Results the jackknife test and independent dataset test. Because dur-
ing the process of the re-substitution test, the rule parameters

The demonstration was conducted by the three mostderived from the training data set include the information
typical approaches in statistical predicti¢gh3]; i.e. the of the query tetrapeptide later plugged back in the test. This
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will certainly underestimate the error and enhance the suc- [4] Cai YD, Yu H, Chou KC. Prediction of beta-turns. J Protein Chem

cess rate because the same peptides are used to derive the 1998,17:363-76. _ o _

rule parameters and to test themselves. Accordingly, the suc- [5] Chou KC. A key driving force in determination of protein structural
; o I . Biochem Biophys Res C 1999;264:216-24.

cess rate obtained by the re-substitution test merely repre- ., S2°>5¢S: Blochem Biophys Res Lommun :

. L. [6] Chou KC. A novel approach to predicting protein structural classes
sents the seIf-conglstency of a prediction r'ne.th_Odv an.d he'nce in a (20-1)p-amino acid composition space. Proteins: Structure,
the rate thus derived must bear an optimistic estimation Function, and Genetics 1995;21:319-44.
[2,6,10,11,34,35]Nevertheless, the re-substitution testis ab- [7] Chou KC. Prediction of beta-turns in proteins. J Pept Res
solutely necessary because it reflects the self-consistency of  1997,49:120-44. o _ _ _ _
an identification method especially for its algorithm part [8] Chou KC. Review: prediction of tight turns and their types in proteins.

- . ' . ’ Anal Biochem 2000;286:1-16.
A predlctlo.n 'algorlthm Ce_rtamly ‘?annOt be deemed as a [9] Chou KC, Blinn JR. Classification and prediction @fturn types. J
good one |f_|ts_ self-con_sstency is poor. In other words, Protein Chem 1997:16:575-95.
the re-substitution test is necessary but not sufficient for [10] Chou KC, Cai YD. Using functional domain composition and support
evaluating an identification method. As a complement, a vector machines for prediction of protein subcellular location. J Biol
cross-validation test for an independent testing data set is _ Chem 2002:277:45765-9.

. . . [11] Chou KC, Elrod DW. Protein subcellular location prediction. Protein
needed because it can reflect the effectiveness of an iden Eng 1999:12:107-18,

tiﬁcati(.)n method in PraCtical ap.p'lication. Tf'liS. is important [12] Chou KC, Zhang CT. Predicting protein folding types by distance
especially for checking the validity of a training database: functions that make allowances for amino acid interactions. J Biol
whether it contains sufficient information to reflect all the Chem 1994;269:22014-20.

important features concerned so as to yield a high succesd13] Chou KC, Zhang CT. Review: prediction of protein structural classes.
rate in application Crit Rev Biochem Mol Biol 1995;30:275-349.

AS i " the ind dent dat t test [14] Chou PY, Fasman GD. Conformational parameters for amino acids in
S IS we nown, € Independen ala set ftest, helical, beta-sheet and random coil regions calculated from proteins.

sub-sampling test and jackknife test are the three meth- Biochemistry 1974:13:221-3.

ods often used for cross-validation in statistical prediction. [15] Cohen FE, Abarbanel RM, Kuntz ID, Fletterick RJ. The prediction
Among these three, however, the jackknife test is deemed  in proteins using a pattern-matching approach. Biochemistry
the most effective and objective orj#3,25] As can be 1983,25:266-75.

, 16] Cortes C, Vapnik V. Support vector networks. Machine L
seen from the results, the success rates obtained by thé ]1;)&5920_273_"’;%”' upport vector networks. achine Leam

jaCkknife test are lower than those by the re-substitution [17] Cristianini N, Shawe-Taylor J. Support vector machines. Cambridge:
test, particularly for thep-turn subset. This is because Cambridge University Press; 2000.

the current dataset fo-turns is much smaller than the [18] Ding CH, Dubchak I. Multi-class protein fold recognition using
non{3-turn dataset and hence the cluster-tolerant capacity support vector machines and neural networks. Bioinformatics
[5] of the former is much lower than that of the latter. As 2001;17:349-58.

the inf ti | duri the iackknif [19] Garnier J, Osguthorpe DJ, Robson B. Analysis of the accuracy and
a consequence, the Informafion loss durning the jackkniie implications of simple methods for predicting the secondary structure

process will have a more negative impact to the prediction of globular proteins. J Mol Biol 1978:120:97—120.
of B-turns than norg-turns. It is anticipated that with the  [20] Hua SJ, Sun ZR. A novel method of protein secondary structure
improvement of3-turn subset by adding more newly-found prediction with high segment overlap measure: support vector

B-turn tetrapeptides into it, the prediction quality for the 21 T""C*:]i_”e apTE’m;Chk'_J MT" Biol 2(101;2(\’?&397‘40_7- ool |
} . oachims T. Making large-scale earning practical. In:
B-turn subset will be enhanced. Schélkopf B, Burges CJC, Smola AJ, editors. Advances in kernel
The results Ok_)tamEd fro_m th_e pres_ent study further sup- methods—support vector learning. Cambridge: MIT Press; 1999.
port the conclusion of previous investigators (see, e.g. Chou  p. 169-84.
[7]) that the formation of3-turns in proteins is consider- [22] Kabsch W, Sander C. Dictionary of protein secondary structure:
ably correlated with the sequence code of tetrapeptides al- pattern recognition of hydrogen-bonded and geometrical features.

. - - : : Biopolymers 1983;22:2577—637.
hough the long-distance interaction along an entire protein o . , i .
though the long-distance interaction along an entire prote [23] Karush W. Minima of functions of several variables with inequalities

chain should also be taken into account in order to further as side constraints. MSc Thesis. Chicago: University of Chicago;
improve the prediction quality8]. The current approach 1939.
may play a complementary role to the sequence-coded[24] Lewis PN, Momany FA, Scheraga HA. Chain reversals in proteins.
algorithms developed by the previous investigators Biochem Biophys Acta 1973;303:211-29.
[7’9,33] [25] Mardia KV, Kent JT, Bibby JM. Multivariate Analysis. London:
Academic Press; 1979. p. 322 and 381.
[26] McGregor MJ, Flores TP, Sternberg MJE. Prediction of b-turns in
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