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Abstract Different statistical modeling methods (SMMs)
are used for nonlinear system classification and regression.
On the basis of Bayesian probabilistic inference, Gaussian
process (GP) is preliminarily used in the field of quanti-
tative structure-activity relationship (QSAR) but has not
yet been applied to quantitative sequence-activity model
(QSAM) of biosystems. This paper proposes the applica-
tion of GP as an alternative tool for the QSAM modeling of
peptides. To investigate the modeling performance of GP,
three classical peptide panels were used: Angiotensin-I
converting enzyme inhibitory dipeptides, bradykinin-
potentiating pentapeptides and cationic antimicrobial pen-
tadecapeptides. On this basis, we made a comprehensive
comparison between the GP and some widely used SMMs
such as PLS, artificial neural network (ANN) and support
vector machine (SVM), and gave the conclusions as fol-
low: (1) for those of structurally complicated peptides,
particularly the polypeptides, linear PLS was incapable of
capturing all dependences hidden in the peptide systems,
(2) even in assistance with the monitoring technique, ANN
was inclined to be overtrained in the cases of insufficient
number of peptide samples, (3) SVM and GP performed
best for the three peptide panels. Moreover, since GP was
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able to correlate the linear and nonlinear-hybrid relation-
ship, it was slightly superior to SVM at most peptide sets.
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Introduction

Initially proposed by Jonsson et al. (1993), quantitative
sequence-activity model (QSAM) is the subject that
employs quantitative structure-activity relationship (QSAR)
strategies to quantify biosequence-activity/function rela-
tionship for the peptides, proteins and nucleic acids (Zhou
et al. 2008a; Dea-Ayuela et al. 2008; Gonzalez-Diaz et al.
2007, 2008). Early in 1966, pioneering work was made by
Sneath (1966) who derived amino acid descriptors from
qualitative (interval) data for the 20 coded amino acids.
After that, Kidera et al. (1985) coded the amino acids using
ten orthogonal factors derived from factor analysis (FA) of
188 properties. Hellberg et al. (1986) employed principal
component analysis (PCA) to extract important information
of amino acids, deriving famous amino acid principal
property z scales which later were widely applied in peptide
activity prediction (Jenssen et al. 2005; Wu et al. 2006),
protein design (Genst et al. 2002; Freyhult et al. 2003) and
protein-peptide binding affinity analysis (Guan et al. 2005).
Sandberg et al. (1998) further extended z scales to 87 amino
acids (20 coded ones plus 67 non-coded ones), this extended
z scales were thus possible to structurally characterize
peptides and proteins containing non-coded amino acids.
Other frequently used amino acid descriptors of isotropic
surface area and electronic charge index (ISA-ECI) were
obtained by theoretical analysis of amino acid size and
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electron distribution (Collantes and Dunn 1995). ISA-ECI
was successfully applied into peptide library design
(Cho et al. 1998), epitope identification (Lin et al. 2004) and
molecular descriptor construction (Armas et al. 2005).
Recently, we have proposed T scale (Tian et al. 2007a),
3D-HoVAIF (Tian et al. 2007b) and nonbonding interaction
analysis (Zhou et al. 2007), using these methods we per-
formed a series of QSAM studies on various peptide
systems such as CTL epitopes, bitter-tasting dipeptides and
thromboplastin inhibitors.

The previous studies of QSAM mainly concentrated on
structural characterization of biomolecules and develop-
ment of novel biosequence descriptors, laying less
emphasis on the application of new statistical modeling
methods (SMMs) to ascertain the complex relationship
between the bio-structures/sequences and their functions/
activities. At present, standard QSAM modeling tool is the
partial least square (PLS) (Wold et al. 1984). Despite this
method is able to handle the small-sample, high-dimen-
sional and strong collinear data, it only derives the linear
models and thus cannot be used to modeling complex
biosystems. Several machine learning algorithms have
already been successfully applied in the QSAM field. In the
early stage, artificial neural network (ANN) was the main
tool to perform structure-activity studies and sequence
analysis for biomolecules, and some active oligopeptides
were designed by ANN approach (Schneider et al. 1998;
Patel et al. 1998). Hereafter, with the rapid development of
support vector machine (SVM), SVM-based QSAM pro-
tocols were carried out on various biological sets of
Escherichia coli promoters (Kiryu et al. 2005), MHC-
restricted peptides (Liu et al. 2006) and proteins (Ladiwala
et al. 2006), suggesting SVM is a powerful tool in both
classification and regression for the complex problems.
Presently, online SVM identification and prediction of
MHC-binding peptides are available (Tung and Ho 2007).
In addition, some other successful cases such as confor-
mation searching (Wilson and Cui 2004), combinatorial
peptide library design (Zhou et al. 2006) and bioactivity
prediction (Udaka et al. 2002) were fulfilled by simulated
annealing (SA), genetic algorithm (GA) and hidden
Markov model (HMM). These works significantly
improved the development of QSAM and bioinformatics.

In the current study, we introduced a new machine
learning method that was preliminarily used in QSAR field,
called the Gaussian process (GP) (Rasmussen and Williams
2006). Pioneering works were made by Burden (2001) who
demonstrated GP applications in QSAR modeling of three
sample panels of benzodiazepine, substituted benzene and
muscarinic datasets. After that Enot et al. (2001), Tino
et al. (2004), Schwaighofer et al. (2007) and Schroeter
et al. (2007) used GP to successfully perform statistical
predictions for a series of pharmacokinetic properties such
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as lipophilicity, solubility and lipophilicity, etc. Recently,
Obrezanova and co-workers (2007) adopted GP to imple-
ment automatic QSAR modeling of ADME properties.
Based on GP, AZzman and Kocijan (2007) addressed
simulation of the nitrification process in a wastewater
treatment plant and biomass growth in the Lagoon of
Venice. In chemometrics, Chen et al. (2007) fulfilled
multivariate spectroscopic calibration using GP regression
approach. All these works confirmed that GP is a promising
machine learning tool that can be used to information
mining for complex chemical and biological systems.
However, published works on GP applications into QSAM
are yet in absence. In view of that, this study is dedicated to
introducing GP in QSAM modeling of bioactive peptides.
We made a comprehensive comparison of GP with several
frequently used SMMs of PLS, ANN and SVM, and some
empirical rules about GP applications in QSAM modeling
of peptides were also suggested.

Methods
GP for regression

The regression problem is addressed as follows. We have a
training set D of n observations, D = {X, y}, where vector
y = {y?}7_ | is the set of observed activities and matrix
X = {x}7_ | is the set of the peptide descriptors, then we
want to find a function f(x), which is associated with each
training sample x, and that the function values f(x")
preserve the preference relations observed y*” in the dataset
D. Conventionally, one function form (namely basis
function) is selected with free parameters, for example by
only considering linear functions of the input, and then
function parameters are determined on the basis of
observed data. This approach has an obvious problem in
that if the underlying relation between descriptors and
activities is not well consistent with the considered func-
tion form, then the predictions will be poor (Rasmussen
and Williams 2006). Here, we introduce a different mod-
eling pathway as Gaussian process (GP). The GP method is
introduced by taking a Bayesian nonparametric perspective
on the formulation of the basis function regression model,
which means that the actual number of “hyperparameters”
(distinguishing with “parameters” of basis function in
conventional methods) required scale linearly with the
number of inputs being processed. In spite of this incon-
venient feature, the flexibility and transparency of the
modeling makes it an attractive method being intensively
studied (Zhou et al. 2008b).

Initially proposed by O’Hagan, GP is based on casting
the problem of building a model for some data in the form
of a Bayesian inference (O’Hagan 1978). Bayes’ theorem
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updates probabilities given new evidence (observed data)
in the following way:

P(f(x)ID) oc P(ylf(x), X)P(f(x)) (1)

where P(f(x)ID) is the posterior, P(ylf(x), X) is the
likelihood, and P(f(x)) is the prior. In GP, it is assumed
that f(x) is a random function, where functional values
f(x(l)), f(x(z)), f(x(")) for any finite set of n points form a
Gaussian distribution. A GP is completely specified by its
mean zero and n x n covariance matrix P for noise-free
function values f(x):

f(x)~N(0,P) (2)

Based upon that, we have further assumed that the
observed activities y differ from the function values f(x) by
additive noise which follows an independent and identical
normal distribution with zero mean and variance af. In
reference to Eq. 2, the prior distribution for the observed
activities y is described as following:

y~N(0,C) (3)

where C is the covariance matrix for the noisy observed
activitiesy, C = P + a%I, I is an identity matrix. C defines
the similarity between different peptides in the input space
(see below), with the matrix element Cov(y(i), y(j)) (i,jel,?2,
..., n) denoting the covariance of peptide pair i—j. Here,
based on a set of # training points in dataset D = {X,y}, we
wish to find the predictive distribution of y* corresponding to
anew given input x . For the collection of random variables
(V1, Y2 V31 ---» Y ¥ ) We can write joint distribution:

( Z) ~N(0,C") (@)
y

where C" is a (n+ 1) x (n 4+ 1) covariance matrix:

[CL. [k]

Tl

(5)

where k denote the vector of covariance between the new
point X and the n training points X, and x is the
autocovariance of x . Thus, we can obtain a prediction of
the GP model at the input x . Dividing the joint distribution
(Eq. 4) by the training point distribution (Eq. 3), we obtain
the predictive distribution of y* (AZman and Kocijan 2007):

)

P(y*) = 6
0") =) (6)
It can be shown that this is a Gaussian distribution:

y' ~NE®G), V™)) (7)

where E(y') = k'C™'y, V(y") = k—k"C™' k, indicating
the expectation and variance of the predictive distribution

of y*, respectively. Usually, the most probable E(y") is used
as the prediction result of GP regression. Different from
other modeling methods, GP also provides the variance
V(y") of the predictive distribution, indicating the distance
from new peptide X" to the training set samples. If the new
input x* is far away from the training set D, the term
kK'C 'k in predictive variance will be small, so that the
predictive variance V(y') will be large, and then the
predictive reliability of GP regression is low.

Now, GP regression problem is transformed to solving
the covariance matrix C. In terms of Mercer’s theorem
(Schlkopf et al. 1999), matrix element Cov(y(i), y(’)) in C
can be calculated by the covariance function (or kernel)
K(x”, x?) in input space. The only constraint stated by
Mackay is that the function must always generate a non-
negative definite covariance matrix for any set of data
points (MacKay 1998). Following is a common covariance
function which is a linear combination of constant term,
linear term, squared exponential term and noise term:

Cov(yy9) = K(xV, x¥)

M
= 0o+ 0 Zxﬁ,?x%)
m=1

; N 2
1 () 0
+ Oy exp _EE (u + a5y
m=1 T'm
(3)

where xf,? is the mth component of x®. M is the number of
peptide descriptors (M dimensional input space), and 0y, 01,
0y, {rm}M_,, 62 € @, are hyperparameters. 0, 0, and 0, are
overall scales of constant, linear and squared exponential
term, respectively; r,, are the length scales associated with
each input and characterizes the distance in the mth
direction over which y is expected to vary significantly.
The last hyperparameter, o> is noise variance which
controls the tradeoff between smoothness and quality of
fitting. Conventionally, hyperparameter set @ is determined
by maximizing the (logarithm) marginal likelihood:

InP(y[X, ©) = — +yTCly — L1n|C| - "in2n (9)

2 2 2

where P(ylIX, @), the marginal likelihood, is also a
Gaussian distribution. The three terms in Eq. 9 have
readily interpretable roles: data-fit term, complexity pen-
alty term and normalization constant term, respectively.
Many approaches can be used to optimize the hyperpa-
rameter set @, including conjugate gradient method
(Rasmussen 1996), Markov chain Monte Carlo sampling
(Neal 1997), nested sampling (Skilling 2006), etc. In which
the conjugate gradient method is the most common, well
dealing with the tradeoff between computational accuracy
and time. In this study, the conjugate gradient Polak-
Ribiere method (Polyak 1969) was used to compute search
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directions, and a line search using quadratic and cubic
polynomial approximations and the Wolfe-Powell stopping
criteria (Wolfe 1969) was used together with the slope ratio
method for guessing initial step sizes. Setting of initiali-
zation @ was suggested by Obrezanova et al. (2007).

PLS, ANN and SVM for regression

PLS (Geladi and Kowalski 1986). PLS is a widely used
modeling method to construct the linear relationship
between peptide structures and activities. It has many
advantages such as overcoming collinearity issue and is
particularly suitable for the problems of which the sample
size is smaller than variable numbers. The PLS principle is
as follows: original descriptor matrix X is subject to a
bi-linear decomposition, X = TP + F, where matrix T
contains mutually orthogonal latent variable or score
which is a linear combination of the variables in matrix X.
While PLS also implements bi-linear decomposition on
activity Y = UQ" + E, where U comprises latent variable
of Y (if Y is a vector y, then U = u = y = Y). The latent
variable T is extracted by decomposing X in the consid-
eration of maximally overlapping with latent variable U
derived from Y decomposition. Therefore U = cT + e,
where e is error vector, and the coefficient ¢ is determined
by least square approach. In this study, cross-validation
was used to assess the significance of each extracted PLS
component, if correlation ¢* corresponding to a newly
constructed latent variable is smaller than 0.097, then the
latent variable is not significant and removed from the
model.

Artificial neural network (Haykin 1999)

Feed-forward fully connected neural network was adopted
by using the back-propagation algorithm for training
(Rumelhart et al. 1986). The hidden layer and output layer
are activated by Sigmoid and linear functions, respectively.
Network is trained by the methods of gradient degression
with momentum and self-adaptive learning velocity, and
the neuron number of hidden layer is determined using
minimum error with fixed training times (Heravi and
Parastar 2000). In addition, a monitoring set was randomly
selected from the training samples to reduce the possibility
of overtraining risk.

Support vector machine (Cortes and Vapnik 1995)

SVM is a machine learning algorithm on the basis of
statistical learning theory (SLT). In SVM, structural risk
minimization (SRM) is instead of traditional empirical risk
minimization (ERM), and it is particularly suitable
for small-sample, high-dimensional and strong collinear
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problems. The central strategy of SVM regression is as
this: under a given accuracy ¢, a regression hyperplane
fx) = (w-x) + b is used to best fit sample points in the
data space (i.e. data set D). Following that, slack variable
E>0, é* > 0 and penalty parameter C > 0 are further
introduced, and by the Lagrange method, quadratic convex
programming is transformed to the dual problem. Similar
to GP, SVM employs kernel function K(x-x’) to implement
the inner product operation of high dimensional Hilbert
space in the input space. Its decision function can thus be
obtained as f(x) = > («f — o)yiK(x - x;) + b*, in which
i=1
only few Lagrange multiplier o, o; are not zero, so-called
the support vectors. In SVM, the parameters required to be
optimized include insensitive ¢, penalty parameter C and
kernel parameter 7. In this study, radial basis function
(RBF) was served as the SVM kernel, and parameters ¢,

C and y were optimized by grid-searching.

Peptide characterization

Peptide characterization methods can be classified into
global and local descriptors (Zhou et al. 2008a), the latter is
also called as the amino acid descriptor. Doytchinova et al.
(2005) demonstrated local descriptor was superior to global
descriptor in statistical quality and interpretability. There-
fore, peptide sequence characterization in this study was
fulfilled by four groups of local descriptors, i.e., z scales,
extended z scales, ISA-ECI and DPPS (Table 1). z scales,
the famous principal properties of amino acids, were
derived from 29 measured/calculated properties of 20
coded amino acids (Hellberg et al. 1987). PCA was applied
to the standardized 20 x 29 property matrix and yielded
three significant components z;, z, and z3 which represent
the amino acid properties as hydrophilicity, size and
polarity, respectively. Sandberg et al. (1998) further
extended z scales to 87 amino acids (20 coded ones plus 67
non-coded ones). The number of components of the
extended z scales was thus increased from the original 3 to
5. ISA-ECI was one of the most widely used local
descriptors (Collantes and Dunn 1995). ECI was calculated
as the sum of the absolute values of the charges for each
atom presented in the amino acid side-chains, ISA was
derived by summing the surfaces of the side-chain atoms
accessible to nonspecific solvent interactions. DPPS, divi-
ded physicochemical property scores of amino acids, was a
recently proposed descriptor in our laboratory (Tian et al.
2008). Four DPPS components as Dy, D,, D3 and D, were
separately generated by the PCA processing of 23 elec-
tronic properties, 37 steric properties, 54 hydrophobic
properties and 5 hydrogen bond properties, thus this amino
acid descriptor possesses definite physicochemical
meaning.
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Table 1 ISA-ECI, z scales, extended z scales and DPPS descriptors for 20 coded amino acids
AAs ISA-ECI z scales Extended z scales DPPS
ISA ECI z 2 Z3 2 2 23 24 Zs5 D, D, D5 D,
Ala, A 62.90 0.05 0.07 —-1.73 0.09 024 232 0.60 —0.14 1.30 -—1.02 —6.15 0.04 —1.94
Arg, R 5298 1.69 2.88 252 344 3.52 250 —=3.50 1.99 -0.17 1.99 478  —9.06 441
Asn, N 17.87 131 3.22 1.45 0.84 3.05 1.62 1.04 —1.15 1.61 =2.19 -230 -=5.71 1.73
Asp, D 1846 1.25 3.64 1.13 2.36 3.98 0.93 1.93 —-246 0.75 —6.60 -3.25 -7.36 1.24
Cys, C 78.51  0.15 0.71  —-0.97 4.13 0.84 —1.67 3.71 0.18 —-2.65 0.21 —2.27 311 —1.70
Gln, Q 19.53 1.36 2.18 053 -—1.14 1.75 0.50 —144 —1.34 0.66 —0.47 039 546 1.93
Glu, E 30.19  1.31 3.08 0.39 -0.07 3.11 026 —-0.11 -3.04 -025 -—-5.39 —-023 -6.84 1.41
Gly, G 19.93  0.02 223 =536 0.30 2.05 —4.06 036 -0.82 -038 —-286 —1145 =211 -=2.16
His, H 87.38 0.56 2.41 1.74 1.11 2.47 1.95 0.26 3.90 0.09 0.73 1.60 —1.94 0.44
Ile, I 149.77 009 —444 —-168 —-1.03 -389 -1.73 —-1.71 —-0.84 0.26 1.91 2.70 893 —1.10
Leu, L 15435 0.10 —-419 -103 -098 —428 —-130 -149 -0.72 0.84 1.64 2.62 772 —1.03
Lys, K 102.78  0.53 2.84 141 -=-3.14 2.29 0.89 —-2.49 1.49 0.31 2.47 277 —6.18 2.19
Met, M 13222 034 —-249 -027 -041 -285 —-0.22 0.47 1.94 —-0.98 1.93 2.79 533  —-0.99
Phe, F 189.42 0.14 —4.92 1.30 045 —4.22 1.94 1.06 0.54 —0.62 2.68 5.02 8.60 —1.40
Pro, P 122.35  0.16 —1.22 0.88 223 —1.66 0.27 1.84 0.70 2.00 0.45 -3.79 0.70 —1.67
Ser, S 19.75 0.56 1.96 —1.63 0.57 239 —1.07 1.15 —-1.39 0.67 —1.76 -5.72 —-4.14 -0.13
Thr, T 59.44  0.65 092 —-2.09 —1.40 075 -2.18 —-1.12 —146 —-040 —-0.55 —2.76 —2.46 0.17
Trp, W 179.16 1.08 —4.75 3.65 0.85 —4.36 3.94 0.59 344 —1.59 3.88 9.31 7.53 —-0.23
Tyr, Y 132.16 0.72 —1.39 2.32 0.01 —-2.54 2.44 0.43 0.04 —147 2.10 5.90 3.71 0.25
Val, V 12091 0.07 -2.69 —-253 -—-129 -259 -264 —-154 -0.85 —-0.02 0.83 0.05 5.61 —1.44
Two ISA-ECI components have distinct orders of 1 1 n=1 n 1
magnitude, so autoscaling was performed to eliminate the ~ SpScore(G) = D) [7 Z Z (L—-Sj)+———
. . nn—1)4& & m(m—1)
difference before modeling. =1 j=itl
m—1 m 1 n m

Model validation x ; ‘;1 (L - Sij) + %; ; Sij

(11)

Splitting data set into a training set and a test set. Usually,
training set space is expected to sufficiently cover the test
set samples, i.e., training and test set should have a desired
similarity, while sufficient internal diversity should also be
ensured for both the training set and the test set. Based
upon these considerations, here a simple method for
splitting peptide set is presented. Similarity between two
peptides A and B with length L is expressed as:

L
Sap =y (P}, P}) (10)
=1

where P! and P? denote the Ith residue position at peptide
A and B, respectively, 5(PA, Pf ) is the discriminant
function: in case P‘? = Pf;, then 5(P‘,4, Pf) =1,
otherwise, o(P{, P%) =0. Dissimilarity (or diversity)
between peptide A and B is thus described as L — Syp.
Obviously, Sqpand L — S43e 0, 1, 2, ..., L. For a splitting
scheme G, a peptide set consisting of N samples is divided
as training/test set as the proportion of n/m (N = n 4+ m)
with the following formula served as its scoring function:

The two terms in the square bracket denote the average
internal diversity of training set and test set respectively,
and the last term indicates the average similarity between
training and test set. For a random splitting, the ratio of
diversity to similarity is expected as E(L%?) = 19 which is
served as background and deducted in Eq. 11 (i.e., the
average internal diversity in the square bracket is divided
by 19). When the number of training and test samples is
given, we attempt to find an optimal splitting scheme
Gopiimal Of Which the SpScore achieves maximum. This is a
combinational optimization problem. In this study, splitting
scheme G was optimized by Monte Carlo sampling, with
SpScore(G) as the scoring function.

Internal validation
Training set was validated by cross-validation: leave-one-

out and leave —1/3-out cross-validation were performed
for PLS. In consideration of computational efficiency, only
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leave-1/3-out cross-validation for SVM and GP were
implemented. No cross-validation for ANN due to moni-
toring set was used to prevent overtraining.

External validation

For the test set, besides the traditional coefficient of
determination rf,,ed and root mean square error of predic-
tion (RMSP) (Gedeck et al. 2006), the statistics proposed
by Golbraikh and Tropsha (2002) were used in this study.
Corresponding criteria for a QSAM model to perform high
predictive power are described as follows (Tropsha et al.
2003):

Next 2
obsd pred
2 (y,» —¥i )

i=1
qzxt =1- Text N (12)
Z (y;)bSd - ylr)
i=1
,,2 _ r2 ’,2 _ r/2
pred 5 0,ext <0.1or pred 5 0,ext <0.1 (13)
rpred rpred
0.85<k<1.150r 0.85<k' <1.15 (14)

where g2 (external ¢°) is external correlation coefficient
indicating unbiased predictability on the test set, r%,ext and
Iexare the coefficients of determination for the regres-
sion through origin (predicted vs. observed activities r(z),m,
and observed vs. predicted activities ré%ext), and k together
with k' are the slopes of the origin-passed regression
line.

Software used

SIMCA-P 10.0 (Umetrics AB, 2002) was used to perform
PLS analysis. Matlab toolboxes of NNET, SVM (Gunn
1998) and GPML (Rasmussen and Williams 2006) were
used for implementations of ANN, SVM and GP, respec-
tively. In this study, we made some modifications for these
Matlab programs, adding the functions as of ANN training
monitoring, SVM grid-searching and GP cross-validation,
and so on. Splitting dataset was carried out using in-home
program SPEP written in C++-.

Results and discussion

Angiotensin-I converting enzyme (ACE) inhibitory
dipeptides

The set of 58 ACE inhibitory dipeptides synthesized by
Cushman et al. (1980) is a benchmark of QSAM studies.
By SpScore approach, this dataset was divided into a
training set and a test set with the proportion of 40/18.
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While for the ANN, 8 samples were randomly selected
from training set to enter into the monitoring set.

Table 2 lists the statistics of QSAM models constructed
by different methods. The results obtained by linear PLS
are relatively poor in both of fitting ability r* on the
training set and predictive power rﬁred on the test set. But,
the z scales-based PLS model achieves a good predictive
power on the test set (rgred = 0.802), suggesting favorable
linear relationship between the z scales and bioactivities of
ACE inhibitory dipeptides, this was previously confirmed
(Hellberg et al. 1991). The ANN model is indicated to be
slightly overfitted; the fitting ability /> on the internal
training set is all above 0.9, while the predictive power on
external test set is below 0.8. However, the ANN model is
acceptable due to a monitoring set is used here and its
overfitting is not very significant. Statistical qualities of
SVM and GP models are approximate to each other, and
the both performed favorably. In comparison, GP is slightly
superior to SVM. In the previous studies, it was demon-
strated that there existed some linear relationship between
the dipeptide structures and their bioactivities (Hellberg
et al. 1991; Cocchi and Johansson 1993; Zaliani and
Gancia 1999). In SVM only the nonlinear RBF kernel was
employed, while in GP the both linear and nonlinear terms
were included in its covariance function and thus better
modeling sequence-activity relationship for this panel of
peptides. In Table 2, statistics of most models met the
Tropsha’s criteria, indicating these models constructed by
different methods were reliable. For the three groups of
descriptors, z scales performed best, ISA-ECI and DPPS
were secondary. In addition, for such small dataset the
computational time of GP is less than that of ANN and
SVM.

Figure 1 shows the linear relationship between the
observed and calculated activities for the three GP models
based upon z scales, ISA-ECI and DPPS, respectively.
Noise deviation ¢, of the three optimized GP models are
about 0.4, indicating this group of sample set includes
about 1/10 of noise in the observed activity. In the three GP
models, z scales perform well on both training and test
sets in contrast with the other two descriptors. Besides
the GP, other modeling methods, if constructed based on
the z scales, also gave good results, suggesting for this
dataset z scales sufficiently described the sequence-activity
relationship. Table 3 lists optimal values of the z scales-
based GP hyperparameters. By comparing the overall
scales 0, the model was revealed to include a considerable
nonlinear component (6,) and also some linear component
(0o and 6)). Analyses of the length scales r corresponding
to the six z scales (for a dipeptide, z;1, z1» and z;3 corre-
spond to three z scales of the first residue, and z;1, 72, and
203 are for the second residue). z;, and z;, representing
bulk properties of the two dipeptide residues, are the most
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Table 2 Modeling statistics of the ACE inhibitory dipeptide panel by using PLS, ANN, SVM and GP approaches
Method Descriptor Training set (40 samples) Test set (18 samples)
7 q2 RMSE '%red RMSP Tropsha’s statistics
quld ’20,exl r(/)z,ex[ k k,
PLS ISA-ECT* 0.610 0.532° 0.613 0.635 0.642 0.642 0.585 0.617 0.966 0.998
0.514f
z scale® 0.738 0.709° 0.503 0.802 0.472 0.806 0.789 0.744 0.980 1.000
0.696"
Extended z scale® 0.752 0.714° 0.494 0.782 0.495 0.793 0.774 0.733 0.974 1.002
0.701"
DPPS¢ 0.704 0.626° 0.541 0.583 0.685 0.592 0.521 0.558 0.955 1.003
0.609"
ANN ISA-ECI 0.9348 0.846" 0.243 0.728 0.520 0.734 0.714 0.681 0.961 1.012
z scale 0.9708 0.863" 0.147 0.761 0.501 0.773 0.654 0.688 0.971 0.999
Extended z scale 0.965° 0.849" 0.152 0.734 0.515 0.746 0.689 0.701 0.967 1.007
DPPS 0.9428 0.891" 0.225 0.789 0.493 0.796 0.729 0.772 0.982 1.005
SVM ISA-ECI 0.871 0.810" 0.396 0.802 0.453 0.811 0.784 0.763 0.972 1.011
z scale 0.923 0.857" 0.264 0.847 0.419 0.855 0.830 0.792 0.958 1.023
Extended z scale 0.926 0.844" 0.260 0.839 0.426 0.848 0.822 0.789 0.964 1.013
DPPS 0.918 0.846" 0.291 0.835 0.441 0.847 0.794 0.821 0.965 1.018
GP ISA-ECI 0.895 0.826" 0.310 0.841 0.423 0.844 0.815 0.837 0.975 1.010
z scale 0.969 0.918f 0.167 0.848 0.414 0.851 0.802 0.825 0.956 1.031
Extended z scale 0.954 0.916" 0.169 0.846 0.416 0.852 0.801 0.827 0.962 1.025
DPPS 0.946 0.813f 0.222 0.668 0.611 0.675 0.651 0.632 0.944 1.015

Number of significant latent variables is 1

® Number of significant latent variables is 1

Number of significant latent variables is 2

Number of significant latent variables is 2

Leave-one-out cross-validation q2

Leave-1/3-out cross-validation ¢*

€ Coefficient of determination derived from 32 training samples

" Coefficient of determination derived from 40 (training + monitoring) samples

important to the model (having the smallest r values). It
can be concluded that the ACE inhibitory activity is
directly related with dipeptide size, which agrees with
experimentally measured values, i.e., dipeptides with bulk
residues usually have high activities, such as VW, 1Y, etc.
In addition, hydrophilicity (indicated by z;; and z;) also
partially relates to the activity, while electronic properties
(indicated by z;3 and zp3) have relatively few effects on
activity. In the z scale-based GP model, the predictive
RMSP on test set is just 0.414, it can be considered as a
good prediction if deducting the noise deviation o, of 0.385
from the experimentally measured activity.

Bradykinin-potentiating pentapeptides

The second peptide panel used in this study was 31
bradykinin-potentiating pentapeptides (BPPs) that were

reported by Ufkes et al. (1978, 1982). The activities of first
15 BPPs were determined in 1978 and those of the last 16,
including one inactive, were measured in 1982. The bio-
activities were expressed as the logarithm of the relative
activity index compared to the first peptide VESSK. The
total 31 BPPs were divided into training/test set as of 25/6.
For the ANN, five samples were randomly selected from
the training set to enter into the monitoring set. To decrease
complexity of the ANN, PCA was employed to reduce
dimension of the input variables since few samples inclu-
ded in the training set.

As can be seen from Table 4 that the results obtained
from three nonlinear modeling methods of ANN, SVM and
GP were notably batter than that from the linear PLS, It is
revealed that significant nonlinear relationship is existed
between the structural characteristics and bioactivities of
BPPs. For the PLS models, the modeling performance on
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Fig. 1 Calculated versus
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Table 3 Optimal values for the hyperparameters of z scale-based GP model
Hyperparameter 0o 0, 0, o’ Position 1 Position 2
r1 (zi1) 2 (212) r3 (213) rq (221) rs (222) re (223)
Optimal value 0.0227 0.0109 0.3108 0.1484 3.2900 0.5963 65.6279 1.6609 0.8462 14.6265

both training and test sets are poor, and the optimal ISA-
ECI-based PLS model has a predictive rf,red on the test set
only of 0.518. For the three ANN models, although coef-
ficient of determinations r* on the training set are all above
0.95, they are poor predictions on the test set, only slightly
superior to the PLS models. It can be considered as the
ANN models were insufficiently trained by the small-
sample dataset. SVM performance approximately equals to
the GP, they achieved a favorable result on both the
training and test sets. The best prediction models were
obtained by SVM-DPPS and GP-ISA-ECI, with the pre-
dictive rﬁred on the test set of 0.711 and 0.708, respectively.
For the BPP set, most Tropsha’s statistics of the three
nonlinear methods were satisfied the criteria specified in
Egs. 12, 13, 14, but the slope k of SVM and GP models was
slightly less than 0.85, it can be explained as the under-
estimation of the sample VKWAP which possesses the
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highest activity in the test set and only one peptide in the
training set has higher activity than VKWAP, so the
models may be insufficiently trained with respect to high-
active samples. In addition, the performances of the three
amino acid descriptors are approximately equivalent.

In Fig. 2, the three GP models are considered to be
satisfactory for the BPP set. In which the z scales-based GP
model involves slight systematic deviation for the test set
(k = 0.667), ISA-ECI-based GP model is the best one
(rgred = 0.708), while the DPP-based GP model possesses
a smallest noise variance o> of 0.067. Table 5 lists optimal
values of hyperparameters for the ISA-ECI-based GP
model. By analyses of the overall scales, nonlinear com-
ponents are indicated to be far more than the linear ones in
the covariance function (i.e., 6, > 0, and 0,), this further
confirmed that the BPP structures are nonlinearly related
with their activities significantly. By comparing length
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Table 4 Modeling statistics of the BPP panel by using PLS, ANN, SVM and GP approaches
Method Descriptor Training set (25 samples) Test set (6 samples)
7 q2 RMSE '%red RMSP Tropsha’s statistics
quld ’20,exl r(/)z,ext k K
PLS ISA-ECT* 0.767 0.626° 0.425 0.518 0.764 0.521 0.487 0.452 0.658 1.103
0.538"
7 scale® 0.664 0.591° 0.499 0.469 0.814 0.473 0.398 0.447 0.697 1.094
0.506"
Extended z scale® 0.745 0.621° 0.436 0.505 0.768 0.517 0.436 0.475 0.704 1.006
0.546"
DPPS* 0.690 0.606° 0.479 0.474 0.783 0.480 0.424 0.454 0.745 1.002
0.569"
ANN ISA-ECI 0.954# 0.892" 0.162 0.524 0.865 0.533 0.508 0.465 0.896 1.026
z scale 0.966° 0.887" 0.156 0.612 0.654 0.620 0.552 0.601 0.865 0.998
Extended z scale 0.971# 0.894" 0.152 0.644 0.601 0.657 0.564 0.612 0.897 1.003
DPPS 0.987¢ 0.901" 0.132 0.579 0.722 0.584 0.518 0.553 0.804 1.005
SVM ISA-ECI 0.956 0.844" 0.168 0.689 0.489 0.691 0.632 0.669 0.766 1.006
z scale 0.938 0.805" 0.207 0.597 0.813 0.604 0.588 0.549 0.715 1.019
Extended z scale 0.929 0.810" 0.267 0.614 0.667 0.625 0.592 0.558 0.734 1.012
DPPS 0.966 0.839f 0.156 0.711 0.467 0.723 0.652 0.697 0.812 1.013
GP ISA-ECI 0.967 0.846" 0.150 0.708 0.494 0.715 0.695 0.651 0.732 1.080
z scale 0.964 0.855 0.157 0.693 0.520 0.712 0.681 0.646 0.667 1.088
Extended z scale 0.965 0.851f 0.156 0.702 0.500 0.710 0.688 0.645 0.702 1.022
DPPS 0.932 0.817° 0.215 0.701 0.501 0.707 0.685 0.643 0.797 0.978

Number of significant latent variables is 1

® Number of significant latent variables is 2

Number of significant latent variables is 3

Number of significant latent variables is 2

Leave-one-out cross-validation q2

Leave-1/3-out cross-validation ¢*

€ Coefficient of determination derived from 20 training samples

scales, electronic property of position 1 and steric property
of positions 3 and 4 were revealed to exert a relatively
important effect on peptide activities (7, rs and r; < 1),
conversely, the steric property of position 2 nearly has no
contributions to activity (r; = 61.29). The properties of
other positions have some effects on the activity. In
investigations of the noise variance o2 in the three GP
models, it was indicated that the experimental error was
relatively large, so the predictive accuracies were
decreased by the noise distribution.

Cationic antimicrobial pentadecapeptides

The third peptide panel used here consists of 101 cationic
antimicrobial pentadecapeptides (CAMPs) which were
collected from the SAPD database (Wade and Englund
2002). Peptide antibacterial activity was expressed as the

Coefficient of determination derived from 25 (training + monitoring) samples

logarithm bactericidal potency which is the averages of
potency values for 24 test bacteria such as E. coli, Bacte-
roides fragilis, Staphylococcus aureus, etc. We divided this
data set into training/test set as of 70/31. For the ANN, 15
out of 70 samples in the training set were randomly
selected as the monitoring set. Considering CAMP are all
pentadecapeptides, high-dimensional variable space would
be generated when using amino acid descriptors to char-
acterize peptide sequences, so PCA was employed to
reduce variable dimension prior to ANN training.

Table 6 lists the statistics of PLS, ANN, SVM and GP
models. Nonlinear methods as ANN, SVM and GP are
significantly superior to linear PLS, it is suggested anti-
bacterial activity of CAMP is in strongly nonlinear
relationship with structural characteristics. The statistical
qualities of ANN, SVM and GP models are very close, and
also note that the overtraining is not obvious in the ANN
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Fig. 2 Calculated versus
observed pRAI values for the
BPP panel using GP approach.
Training samples are denoted by
circles, test samples are
represented by squares and
shown with error bars

(Cald = predictive deviation,
including noise)
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Table 5 Optimal values of hyperparameters for the ISA-ECI-based GP model
Hyperparamter 0, 0, 0, o2 Position 1 Position 2 Position 3 Position 4 Position 5
r L] r3 T4 s e r7 g ) 10
(ISA) (ECI) (ISA) (EC) (ISA) (ECDH (ISA) (ECDH (ISA) (ECD
Optimal value 0.0007 0.0545 0.2680 0.1378 1.1503 0.5211 61.2885 2.0574 0.2028 4.6783 0.0632 1.1343 5.1288 1.6293

model, this can be considered as that the CAMP set
contains enough number of samples to sufficiently train the
ANN model. For these nonlinear models, the fitting #* on
training set are in the range of 0.85-0.95, and most of the
predictive rl%red are above 0.65. The best predictive result
was obtained by the DPPS-based GP model, with statistics
7%, ¢, RMSE, rheds qaxe and RMSP of 0.918, 0.823, 0.108,
0.752, 0.760 and 0.184, respectively. In further analyses of
Tropsha’s statistics listed in Table 6, the slope k of several
models is less than 0.85, indicating slight systematic errors
are existed in the predicted results of these models. By
comparing the three kinds of amino acid descriptors,
z scales and DPPS performed better than ISA-ECI for the
CAMP set.

Figure 3 shows the calculation results for the CAMP set
using different GP models. As can be seen, z scales- and
DPPS-based GP models possessed a good performance,
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while the ISA-ECI-based GP model was relatively inferior,
in this model the calculated values for many high-active
peptides in the training set were nearly identical. By
investigating these samples, we found that their sequences
are very similar, with difference caused by only one or two
distinct residues, and in addition, these different residues
are almost conservative substitutions. So the ISA-ECI-
based GP model was indicated to be in low resolution on
CAMP structures, and thus incapable of describing the
activity differences caused by small structural changes.
Noise deviation o, of the best DPPS-based GP model is
0.167, which is about 1/5 of the average observed activi-
ties, indicating large error were presented in the
antibacterial assay for the CAMP set. For the test set, the
predictive RMSP by DPPS-based GP model is 0.184 (i.e.,
mean squared error of prediction MSEP was 0.034), note
that is a good prediction due to the added noise with
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Table 6 Modeling statistics of the CAMP panel by using PLS, ANN, SVM and GP approaches
Method Descriptor Training set (70 samples) Test set (31 samples)
7 q2 RMSE '%red RMSP Tropsha’s statistics
quld ’20,exl r(/)z,ext k K
PLS ISA-ECT* 0.627 0.412° 0.301 0.218 0413 0.239 0.186 0.156 0.684 1.180
0.369"
7 scale® 0.712 0.495°¢ 0.234 0.429 0.338 0.450 0.362 0.396 0.701 1.122
0.458"
Extended z scale® 0.753 0.521° 0.152 0.511 0.287 0.524 0.456 0.482 0.768 1.102
0.510"
DPPS* 0.733 0.484° 0.201 0.412 0.345 0.431 0.385 0.354 0.721 1.119
0.476"
ANN ISA-ECI 0.896° 0.842" 0.124 0.648 0.233 0.654 0.620 0.589 0.755 1.109
z scale 0.926° 0.871" 0.094 0.715 0.194 0.724 0.665 0.691 0.875 1.002
Extended z scale 0.924# 0.864" 0.095 0.733 0.181 0.741 0.678 0.702 0.886 1.001
DPPS 0.935¢% 0.877" 0.087 0.722 0.187 0.736 0.704 0.663 0.812 1.019
SVM ISA-ECI 0.868 0.724 0.138 0.645 0.236 0.649 0.594 0.622 0.734 1.112
z scale 0.892 0.768" 0.127 0.732 0.179 0.742 0.719 0.681 0.798 1.095
Extended z scale 0.891 0.774 0.128 0.742 0.173 0.753 0.722 0.701 0.802 1.036
DPPS 0.889 0.754f 0.129 0.724 0.183 0.733 0.678 0.704 0.871 1.007
GP ISA-ECI 0.865 0.712f 0.140 0.665 0.214 0.676 0.642 0.624 0.789 1.083
z scale 0.881 0.774 0.131 0.708 0.200 0.717 0.687 0.656 0.812 1.080
Extended z scale 0.898 0.786f 0.126 0.714 0.197 0.723 0.695 0.664 0.834 1.061
DPPS 0.918 0.823f 0.108 0.752 0.184 0.760 0.732 0.698 0.865 1.012

Number of significant latent variables is 2

® Number of significant latent variables is 2

Number of significant latent variables is 3

Number of significant latent variables is 3

Leave-one-out cross-validation q2

Leave-1/3-out cross-validation ¢*

€ Coefficient of determination derived from 55 training samples

variance 0.028. By analyses of the optimal hyperparame-
ters (here is not given due to a much number) of DPPS-
based GP model, a strongly nonlinear component was
found (0,/0, ~ 64). The electronic property (D;) and
hydrophobicity (D3) are the most contributors to the pep-
tide activity, second is hydrogen bond (D,), and steric
property (D) exert a insignificant effect on activity. This
conclusion agrees well with CAMP antibacterial mecha-
nism; since the sterilization function of CAMP is fulfilled
by penetrating cell membrane, hydrophobicity and elec-
tronic property play the critical roles in inducing CAMP
transmembrane (Jenssen et al. 2006). From Fig. 3, we can
seen that the low-active peptides are overestimated by the
GP models, it can be explained as the three amino acid
descriptors are possibly unable to reproduce their structural
information, due to the local descriptor is incapable of

Coefficient of determination derived from 70 (training + monitoring) samples

describing the interactive effect between peptide residues,
particularly for the polypeptides.

Conclusions

Being a novel SMM, GP is preliminarily applied in QSAR
field but has not yet been used to QSAM modeling. In
current study, three peptide panels spanning 215 residues
were modeled by GP approach, a systematic comparison
between GP and PLS, ANN and SVM were also made. The
results show that the GP modeling of peptides has the
advantages as follows.

1. Since the covariance function consists of linear and
nonlinear terms, the GP is able to model the linear
and nonlinear-hybrid relationship between peptide
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structures and their activities. Furthermore, the ratio of
linear to nonlinear components in the GP models can
be automatically determined by adjusting the overall
scales. By analyzing the constructed GP models, the
sequence-activity relationship for oligopeptides (e.g.,
ACE inhibitory dipeptides) is shown to be a mix of
linear and nonlinear, while for structurally complex
polypeptides (e.g., BPPs and CAMPs) the sequence-
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activity relationship is obviously presented as a
nonlinear form.

GP length scales are automatically determined by
ARD algorithm and give a straightforward insight into
the importance of amino acid descriptors, thus it can be
used to evaluate the contribution of different properties
and different positions in peptide sequence to the

activity.
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3. GP noise variance is served an indicator of the degree
of experimental error involved in the data sets and can
be used to estimate the predictive limit. For example,
the CAMP bactericidal potency is the average of 24
antibacterial activities, so it contains a large uncer-
tainty. This was well reflected by the resulted GP noise
variance.
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