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autocorrelation vectors and genetic algorithm-optimised support vector machines
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The conformational stability of more than 1500 protein mutants was modelled by a proteometric approach using amino acid
sequence autocorrelation vector (AASA) formalism. 48 amino acid/residue properties selected from the AAindex database
weighted the AASA vectors. Genetic algorithm-optimised support vector machine (GA-SVM), trained with subset of AASA
descriptors, yielded predictive classification and regression models of unfolding Gibbs free energy change (DDG). Function
mapping and binary SVM models correctly predicted about 50 and 80% of DDG variances and signs in crossvalidation
experiments, respectively. Test set prediction showed adequate accuracies about 70% for stable single and double point
mutants. Conformational stability depended on autocorrelations at medium and long ranges in the mutant sequences of
general structural, physico-chemical and thermodynamical properties relative to protein hydration process. A preliminary
version of the predictor is available online at http://gibk21.bse.kyutech.ac.jp/llamosa/ddG-AASA/ddG_AASA.html.

Keywords: protein stability prediction; point mutations; kernel methods; structure–property relationship

1. Introduction

Current computational methods of assessing protein

functions and properties are based to a large extent on

prediction of sequence similarity of proteins with other

proteins having known functions.

The accuracy of such predictions depends on the

ability of the computational methods to extend sequence

similarity to functional similarity [1]. Conventional

approaches to molecular recognition have until now

required determining protein 3D structures, which is

resource-demanding, error-prone and generally requires

prior knowledge such as 3D structure of a homologous

protein. But the great gap between the amount of known

protein sequences and the elucidated structures is a large

drawback for the 3D-based protein function modelling [1].

Predicting protein structures and stability is a

fundamental goal in molecular biology. Even predicting

changes induced by point mutations has immediate appli-

cation in computational protein design [2–4]. Although

free energy simulations have accurately predicted relative

stabilities of point mutants [5], the computational cost of

the methods actually is extremely high to test the large

number of mutations studied in protein design applications.

Translation of structural data into energetic parameters is

intended today by developing fast algorithms for protein

energy calculations. However, the development of fast and

reliable protein force-fields is a complex task due to the

delicate balance between the different energy terms which

contribute to protein stability. Force-fields for predicting

protein stability can be divided in three main groups:

physical effective energy function [7,8], statistical

potential-based effective energy function [6,9,10] and

empirical data-based energy function [11,12].

Furthermore, stability prediction studies not based

on protein force-field calculations have been focused

on correlations of free energy change with structural,

sequence information and amino acid properties such as

hydrophobicity, accessible surface area (ASA), etc. In this

sense, Gromiha et al. had reported some of the seminal

works in this topic [13–15]. On the other hand, empirical

equations involving physical properties, have been

calculated from mutant structures. Zhou and Zhou [16]

reported a broad study regarding 35 proteins and 1023

mutants, from which they derived a new stability scale.

A ‘transfer free energy’ scale was extracted assuming

that the mutation-induced stability change is equal to the

change in transfer free energy without needing any

structural information.

In addition, some X-ray structural-independent stab-

ility prediction methods have gained attention.

The advantages of such methods are that they just employ

amino acid sequence information for predicting protein

stability and that they are much less computationally

intensive than free energy function methods [17,18]. Levin
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and Satir [17] successfully evaluated the functional

significance of mutations on hemoglobin by amino acid

similarity matrixes. Frenz [18] reported a nonlinear model

for predicting the stability of staphylococcal nuclease

mutants by amino acid similarity scores. Outstanding

reports of Capriotti et al. [19–21] describe predictors of

the change of protein Gibbs free energy change (DDG)

upon mutations by sequences and 3D structures from a

dataset of more than 2000 mutants.

More recently, new predictors have been published

using sequence and/or 3D structure information.

iPTREE-STAB server [22] discriminates the stability of

proteins and predicting their changes upon single amino

acid substitutions from amino acid sequence. Similarly,

Cheng et al. [23] developed sequence and 3D structure-

based support vector machine (SVM) predictors.

In addition, the prediction of protein mutant stability

from distance and torsion potentials were also published

by Parthiban [24].

In chemistry and related fields, chemometrics has been

developed in the last 30 years, consisting of the use of

mathematical, statistical and symbolic methods to improve

the understanding of chemical information [1]. Chemo-

metrics has been most successfully applied in four areas:

multivariate calibration, quantitative structure–activity/

property relationship (QSAR/QSPR) studies, pattern

recognition, classification and discriminate analysis and

multivariate modelling and monitoring process [1]. But

recently the development of the bioinformatics has

brought up chemometrics studies focused on proteins,

known as proteometrics studies.

QSAR/QSPR studies of proteins have been developed

by extending conventional graph-theoretical represen-

tation of chemical structures to sequences and 3D

structures in combination with statistical methods for

regression and/or classification analysis [25–27]. This

approach has been applied to protein stability prediction.

Similarly, the new proteochemometric approach includes

the mapping of molecular recognition without needing

knowledge of the 3D structure of biological macromol-

ecules and it has successfully been applied to the study of

protein–ligand interactions [1].

Nonlinear computing, artificial neural networks

(ANNs) and SVMs have grown up rapidly in research

fields as biochemistry, chemical engineering and phar-

macy. In this regard, such frameworks have encountered

successful applications in chemometric and bioinformatic

studies, overcoming methods to linear regression models

like Multilinear Regression Analysis (MRA) or partial

least square [20,21,23,26–35]. Unlike these methods,

ANNs and SVMs can be used to model complex nonlinear

relationships. Since biological phenomena are complex by

nature, this ability has encouraged the employment of

nonlinear techniques in biological patron recognition

problems.

In this work, protein conformational stability was

successfully modelled from their amino acid sequences.

We predicted the conformational stability by extending the

concept of structural autocorrelation vectors [36–41] in

molecules to protein primary structure. Protein sequence

was encoded by means of amino acid sequence

autocorrelation (AASA) vectors weighted by 48 physico-

chemical, energetic and conformational amino acid/resi-

due properties extracted from the AAindex amino acid

database [42]. AASA vectors were previously reported by

us for developing predictive models of the conformational

stability of human lysozyme and gene V protein mutants

[26,27]. Here in, conformational stability of a large dataset

of more than 1500 mutants of 64 proteins, previously

collected by Capriotti et al. [20], will be used for deriving

general protein predictive models not biased to particular

proteins. Genetic algorithm-optimised SVMs (GA-SVMs)

trained with a reduced subset of AASA vectors yielded

optimum nonlinear regression and classification models of

DDG upon single mutations. Temperature and pH of the

DDG experimental determinations were also conveniently

added as extra SVM inputs, in order to improve predictors’

performance.

2. Materials and methods

2.1 AASA vector approach

Conformational stability of a protein depends on a variety

of intramolecular interactions such as hydrophobic,

electrostatic, van der Waals and hydrogen bond that are

ruled by the amino acid sequence. Therefore, in structure–

property/activity studies the strategy for encoding

structural information must, either explicitly or implicitly,

account for these interactions. Furthermore, usually

datasets include structures with different size and numbers

of elements, so the structural encoding approaches must

allow comparing such structures [36].

Autocorrelation vectors have several useful properties.

Firstly, a substantial reduction in data can be achieved by

limiting the topological distance, l. Secondly, the auto-

correlation coefficients are independent of the original atom

numberings, so they are canonical. And thirdly, the length of

the correlation vector is independent of the size of the

molecule [36].

For the autocorrelation vectors in molecules,

H-depleted molecular structure is represented as a graph

and physico-chemical properties of atoms as real values

assigned to the graph vertices. These descriptors can be

obtained by summing up the products of certain properties

of two atoms, located at given topological distances or

spatial lag in the graph. 2D spatial autocorrelations

[37–41] has been successfully applied in the last decades

for modelling biological activities [38,39] and pharma-

ceutical research [37,41]. In recent works, our group has

M. Fernández et al.858

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
7
:
3
4
 
1
4
 
J
a
n
u
a
r
y
 
2
0
1
1



obtained outstanding results when such chemical code was

used in combination with ANN approach in biological

QSAR studies [29,32]. Such results have inspired us

to extend the application of the autocorrelation vector

formalism to the study of other biological phenomena,

particularly to encode protein structural information

for conformational stability prediction. AASA vectors

were previously reported by us for separately developing

predictive models for the conformational stability of

human lysozyme and gene V protein mutants [26,27].

Broto–Moreau’s autocorrelation coefficient [39] is

defined as:

Aðpk; lÞ ¼
X
i

dijpkipkj; ð1Þ

where A( pk,l) is Broto–Moreau’s autocorrelation coeffi-

cient at spatial lag l; pki and pkj are the values of property k

of atom i and j, respectively, and d(l,dij) is a Dirac-delta

function:

dðl; dijÞ ¼
1 if dij ¼ l

0 if dij – l

( )
; ð2Þ

where dij is the topological distance or spatial lag between

atoms i and j.

The autocorrelation vector formalism can be easily

extended to amino acid sequences considering protein

primary structure as a linear graph with nodes formed by

residues. Autocorrelation approach in protein stability

mainly differs from the Gromiha et al. [15] method, when

considering the whole sequence of the protein to calculate

descriptors instead of local segments over the mutated

point. In this way, the calculated autocorrelation vectors

encode structural information of whole protein. Particu-

larly, AASA vectors of lag l are calculated:

AASAlpk ¼
1

L

X
i

dijpkipkj; ð3Þ

where AASAlpk is the AASA at spatial lag l weigthed by the

pi property; L is the number of terms in the sum; pki and pkj
are the values of property; k of amino acids; i and j in the

sequence, respectively and d(l, dij) is a Dirac-delta function.

For example, if we consider the decapeptide ASTC-

GFHCSD,AASAvectors at spatial lag 1 and 5 are calculated

as follows:

AASA1pk ¼
1

9
ðpkA·pkS þ pkS·pkT þ pkT ·pkC þ pkC·pkG

þ pkG·pkF þ pkF ·pkH þ pkH ·pkC

þ pkC·pkS þ pkS·pkDÞ; ð4Þ

AASA5pk ¼
1

5
ðpkA·pkF þ pkS·pkH þ pkT ·pkC þ pkC·pkS

þ pkG·pkDÞ: ð5Þ

Autocorrelation measures the level of interdependence

between properties, and the nature and strength of that

interdependence. It may be classified either as positive

or negative. In a positive case all similar values appear

together, while a negative spatial autocorrelation has

dissimilar values appearing in close association [37,41].

In a protein, autocorrelation analysis tests whether the

value of a property at one residue is independent of

the values of the property at neighbouring residues.

If dependence exists, the property is said to exhibit spatial

autocorrelation. AASA vectors represent the degree of

similarity between amino acid sequences.

As weights for sequence residues we used 48 physico-

chemical, energetic, and conformational amino acid/resi-

due properties (Table S1 in the Supplementary Material,

available online). These were collected by Gromiha et al.

[13] from the AAindex database [42] in a previous study

regarding relationships between amino acid/residue prop-

erties and protein stability for a large set of proteins. In our

work, spatial lag l, was ranging from 1 to 15 with the aim of

accessing long range interactions in the sequence, due to

tertiary structure arrangements. Computational code for

AASAvector calculation was written in Matlab environment

(MATLAB 7.0 Program, available from The Mathworks

Inc., Natick, MA, USA. http://www.mathworks.com).

A data matrix of 720 AASAvectors, 48 properties £ 15

different lags, was generated with the sequence auto-

correlation vectors for each mutant. Descriptors, which

remained constant or almost constant, were eliminated.

Pairs of variables with square correlation coefficients

greater than 0.8 were classified as intercorrelated and

only one of these was included for building the model.

Finally, 302 descriptors were obtained. Afterwards,

optimum classification and regression models were built

with reduced subsets of normalised variables by means of

a hybrid approach combining GA optimisation and SVM

training.

2.2 SVM

SVM is a new machine learning method, which has been

used for many kinds of pattern recognition problems.

Since there are excellent introductions to SVMs [44], only

the main idea of SVMs applied to pattern classification

problems is stated here. Firstly, the input vectors are

mapped into one feature space (possible with a higher

dimension). Secondly, a hyperplane, which can separate

two classes, is constructed within this feature space. Only

relatively low-dimensional vectors in the input space and

dot products in the feature space will involve by a mapping
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function. SVM was designed to minimise structural risk,

whereas previous techniques were usually based on

minimisation of empirical risk. SVM is less vulnerable

to the overfitting problem, so it can deal with a large

number of features.

The mapping into the feature space is performed by a

kernel function. There are several parameters in the SVM,

including the kernel function and regularisation parameter.

The kernel function and its specific parameters, together

with regularisation parameter, cannot be set from the

optimisation problem but have to be tuned by the user.

These can be set by the use of Vapnik–Chervonenkis

bounds, crossvalidation, an independent optimisation set

or Bayesian learning. In this paper, the radial basic

function (RBF) was used as kernel function. GA-based

SVM (GA-SVM) algorithm was implemented for choos-

ing the optimum subset of input training vectors and

setting the two SVM parameters, regularisation parameter

and width of the RBF kernel. The optimisation inside the

GA framework was driven by crossvalidation. The toolbox

used to implement the SVM with RBF kernel (RBF–

SVM) was LIBSVM for Matlab by Chang and Lin [45]

that can be downloaded from: http://www.csie.ntu.edu.tw/

cjlin/libsvm/.

2.3 GA-based feature selection and hyperparameter
optimisation

The applications of SVMs for solving classification and

function mapping problems in biological QSAR studies

have vastly developed in the last years [46,47]. However, it

is difficult to choose the adequate descriptors for predictor

training, due to lack of absolute rules that govern this choice.

Evolutionary algorithms and specifically GA have been

used for variable selection problems [26,27,30–33,47].

Since 302 AASA vectors were available for modelling and

only a subset of them is statistically significant in terms

of correlation with the mutants stability, it was necessary to

implement an optimal model by variable selection.

GA was applied at the same time for selection of the

optimum subset of variables and also to the optimisation

of regularisation parameter and width of an RBF kernel,

according to Fröhlich et al. [48]. We can simply

concatenate a representation of the parameter to a

chromosome representing subset of variables used for

SVM training. That means, we are trying to select an

optimal feature subset and an regularisation parameter at

the same time. This is reasonable because the choice of the

parameter is influenced by the feature subset taken into

account and vice versa. Usually, it is not necessary to

consider any arbitrary value except certain discrete values

with the form: n £ 10k, where n ¼ 1–9 and k ¼ 24, . . . ,

4. So, these values can be calculated randomly, generating

n and k values as integers between 1–9 and 24, . . . , 4,

respectively. In a similar way, we used GA to optimise

the width of an RBF kernel. Then, our chromosome was

concatenated with another gene with discrete values in the

interval 0.001–90,000 for encoding the regularisation

parameter and the width of the RBF kernel.

A five-fold-out (FFO) crossvalidation assessed model

quality throughout the GA search. Five data subsets were

created, four subsets are generated in the crossvalidation

process for training the SVM and another subset is then

predicted. This process is repeated until all subsets have

been predicted. A ‘venetian-blind’ method was used for

creating the data subsets. In the first place, dataset is

ordered according to the dependent variable and in the

second step, the cases are added consecutively to each

subset, in such a way that they become representative

samples of the whole dataset. In order to avoid

overestimation of the model’s predictive power, similar

mutants were kept in the same set during crossvalidation

even when they reported under different experimental

temperature and pH values. The GA routine minimised the

regression mean squared error (MSEFFO) of FFO cross-

validation experiment.

Afterwards, the same subset of optimum variables

selected by the regression GA-SVM was used for

training a SVM classifier. Nevertheless, regularisation

parameter and width of RBF kernel for the SVM binary

classifier were set by a bidimensional grid search around

optimum GA-selected parameters, which minimised

the percent of misclassifications (MCFFO) of FFO

crossvalidation.

A version of the GA implemented in this paper was

recently reported by our group [33] and applied to SVM

hyperparameters optimisation. GlibSVM [49] toolbox for

Matlab was programmed within Matlab environment

(MATLAB 7.0 Program) using GA [50] and libSVM

Toolboxes [45].

2.4 Model’s validation

The quality of the regression SVM models was evaluated

by the squared correlation coefficient of FFO cross-

validation (R2
FFO) and the root MSEFFO (RMSEFFO) and

also calculated classification statistics of test set.

The efficiency of the SVM predictor for the

classification problem was accomplished using the set of

statistics listed below.

The overall accuracy is

Q2 ¼
p

N
; ð6Þ

where p is the total number of correct predicted mutations

and N is the total number of mutations.

The correlation coefficient C is defined as follows:

CðsÞ ¼
½pðsÞnðsÞ2 uðsÞoðsÞ�

D
; ð7Þ
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where D is the normalisation factor,

D ¼ ½ðpðsÞ þ uðsÞÞðpðsÞ þ oðsÞÞðnðsÞ þ uðsÞÞ

� ðnðsÞ þ oðsÞÞ�1=2;
ð8Þ

for each class s (þ and 2 , for stable and unstable mutant);

p(s) and n(s) are the number of correct predictions and

correctly rejected assignments, respectively, and u(s) and

o(s) are the number of under- and over-predictions.

The coverage for each discriminant structure s is

evaluated as

QS ¼
pðsÞ

pðsÞ þ uðsÞ
; ð9Þ

where p(s) and u(s) are the same as in Equation (8)

The accuracy for s is computed as

PS ¼
pðsÞ

pðsÞ þ oðsÞ
; ð10Þ

where p(s) and u(s) are the same as in Equation (8).

2.5 Mutant training and test datasets

Our training dataset was a non-redundant version of the

mutant dataset previously collected for Capriotti et al. [20]

for deriving a predictive model for the signs and the actual

values of DDG using ANNs and SVMs predictors. They

collected the data from the Protherm database [43]

according to the following constrains:

(1) DDG values have been experimentally determined

and reported in the database.

(2) The data is related to single point mutations (non-

multiple mutations were taken into account).

After the filtering, they gathered 2048 single point

mutants, obtained from 64 proteins. But, we removed the

redundant mutants from Capriotti et al.’s dataset and a

total of 1383 non-redundant single point mutants was used

as training set.

We collected a test set including non-redundant

mutations, with single, double and multiple character-

istics, according to Protherm’s database and Cappriotti

et al.’s selection until September, 2007. The test dataset

was collected according to the following constraint:

(1) DDG values have been experimentally determined

and reported in the database.

(2) Included single mutants in Capriotti’s dataset were

not considered in the test set.

After filtering, we gathered a test set including

non-redundant 222 single, 277 double and 144 multiple

point mutations corresponding to 22, 43 and 18 proteins,

respectively.

Table S2 in the Supplementary Material reveals the

values of calculated and experimental DDG for training’s

and tested dataset, the secondary structure, solvent

accessible surface details of the mutated sites, as well

as pH and temperature values of the experimental

determinations.

3. Results and discussion

We trained new robust classification and regression

predictors of the conformational stability of protein

mutants, using just sequence information from a dataset

with 1383 non-redundant from the 2048 mutations

collected by Capriotti et al. [20]. In addition to internal

crossvalidation, the stability prediction of a test set with

non-redundant single, double and multiple mutations were

also predicted. We computed a large set of 720 AASA

vectors (see Section 2.1, AASAvector approach) calculated

on the mutant sequences. Since autocorrelation vectors

have some intercorrelations [26,27,47], redundancy on the

AASA data matrix was reduced by eliminating inter-

correlated variables. Finally, a total of 302 autocorrelation

vectors were available for building the models. Then,

function mapping of conformational stability was

accomplished by training regression GA-SVMs. In the

GA-SVM framework, optimum subset of training AASA

inputs and SVM parameter values were set using GA rules.

The optimum SVM was also trained for solving the

classification problem regarding the recognition of stable

and unstable mutants, but the regularisation parameter

and width of the RBF kernel were set by grid search.

Afterwards, normalised Temperature and pH values of the

DDG experimental determinations, were also passed to

the SVM in order to improve predictor performance.

3.1 Function mapping of mutants conformational
stability

Firstly, GA-SVM approach was applied for yielding

optimum nonlinear regression models of protein confor-

mational stability using RBF kernel inside the SVM

framework. Nonlinearity was obtained by using a RBF

kernel inside the SVM framework. Nonlinear subspace in

the dataset was searched varying problem dimension from

5 to 30. From one generation to another GA minimised

MSEFFO. FFO crossvalidation subsets were selected

according to ‘venetian blind’ method and the MSEFFO

was minimised throughout the GA search. As it was pointed

out, in addition to selecting the optimum input subset, GA

also optimised the kernel regularisation parameter and the

width of an RBF kernel (see Section 2.3, GA-based feature

selection and hyperparameter optimisation).

Table 1 shows inputs, parameters and statistical

quantities for data fitting and crossvalidation experiment
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of the optimum RBF-SVM predictor. Optimum regular-

isation parameter and width of the RBF kernel were 1 and

0.071, respectively. Input AASA vectors in Table 1 mean:

AASA11Nm is the amino acids sequence autocorrelation

vector at lag 11 weighted by average medium-range

contacts; AASA8P is the amino acids sequence auto-

correlation vector at lag 8 weighted by polarity; AASA7PB

is the amino acids sequence autocorrelation vector at lag 7

weighted by b-structure tendency; AASA7GhN is the amino

acids sequence autocorrelation vector at lag 7 weighted by

Gibbs free energy change of hydration for native protein;

AASA10Ht is the amino acids sequence autocorrelation

vector at lag 10 weighted by thermodynamic transfer

hydrophobicity; AASA14f is the amino acids sequence

autocorrelation vector at lag 14 weighted by flexibility;

AASA12DGC is the amino acids sequence autocorrelation

vector at lag 12 weighted by unfolding Gibbs free energy

change of side-chain; AASA15ASAN is the amino acids

sequence autocorrelation vector at lag 15 weighted

by solvent-ASA for native protein; AASA15DCph and

AASA14DCph are the amino acids sequence autocorrela-

tion vectors at lag 15 weighted by hydration heat capacity

change. The optimum autocorrelation vector subset

contains only two significant pair correlations

(R 2 . 0.7): AASA14f vs. AASA15ASAN and AASA15DCph

vs. AASA14DCph (Table S3 in the Supplementary

Material). Despite this little intercorrelation, the adequate

fitting of the dataset and the FFO crossvalidation obtained

by such descriptor subset, reflect that relevant structural

information is brought into the model by each AASA

descriptor.

Figure 1(a) depicts plots of calculated vs. experimental

DDG values in crossvalidation experiment according to the

optimum RBF-SVM with 10 AASAvectors. The maximum

correlation coefficient of 0.65 in Figure 1(a) is higher than

the value of 0.62 previously reported by Capriotti et al.

[20], despite they trained a RBF–SVM regressor with

temperature and pH values, in addition to sequence-

derived variables. In order to increase the predictive

accuracy of the model, we then passed temperature and pH

values of the experimental determinations as extra inputs

to the regression SVM. Figure 1(b) depicts calculated FFO

crossvalidation vs. experimental plot of the regression

SVM using 10 optimum AASA vectors plus temperature

and pH values as extra inputs. The correlation coefficient

Table 1. Crossvalidation statistics of the RBF-SVM model for prediction of protein mutant DDG actual values.

Regression RBF–SVM inputs R 2
FFO RMSEFFO

AASA11Nm, AASA8P, AASA7PB, AASA7GhN, AASA10Ht, AASA14f,AASA12DGC,
AASA15DASA, AASA15DCph, AASA14DCph

0.42 0.139

AASA11Nm, AASA8P, AASA7PB, AASA7GhN, AASA10Ht, AASA14f,AASA12DGC,
AASA15DASA, AASA15DCph, AASA14DCph, temperature, pH

0.45 0.136

Note: SVM regularisation parameter was 1 and width of the RBF kernel was 0.071. R 2
FFO and RMSEFFO are the square correlation coefficient and the root mean square error of

FFO crossvalidation.

Figure 1. Plots of crossvalidation calculated vs. experimental
change of unfolding Gibbs free energy change (DDG) of protein
mutants according to regression SVM models without including
experimental condition data (a) and including experimental
condition data (b) as SVM inputs. Dotted lines are an ideal fit
with the respective intercept and slope equal to zero and one.
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was increased up to 0.67 representing nearly a 50% of

explained crossvalidation data variance. This value is

remarkably higher than 38% of the Capriotti et al. [20]

regression model. Meanwhile, AASA vector approach

encodes sequence information considering quasi-sequence

order effect by calculating autocorrelation vectors at

different lags all over the protein sequence and also by

using as weighting values a set of 48 amino acid/residue

properties [13].

Since it has been reported that the effects caused for a

specific mutation depend on the type of substituted and

new added residues [20,51], it is interesting to analyse the

performance of the predictor regarding the nature of

the mutations. Mutations were classified according to the

physico-chemical properties of the substituted and new

residues. Prediction accuracies of the optimum regression

predictor depending on the mutation type appear in Figure 2

that depicts plots of calculated FFO vs. experimental DDG

values for mutants according to mutation types. The worst

predictions were achieved for charged/charged, polar/ch-

arged and apolar/charged. Otherwise, the specific effects of

residue substitutions on the actual DDG values are better

predicted for polar/polar and polar/apolar mutations with

crossvalidation accuracy over 50%. The prediction

accuracies of the DDG actual values varied for each

mutation type. This fact suggests that the regression SVM

model can better learn the effects produced by some

mutation types, in comparison to others. The effects caused

Figure 2. Plots of crossvalidation calculated vs. experimental change of unfolding Gibbs free energy change (DDG) of protein mutants
for each mutation (physico-chemical properties of the substituted and new residues) type according to regression SVM models including
experimental condition data as SVM inputs. Dotted lines are an ideal fit with the respective intercept and slope equal to zero and one.
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for charged/charged, charged/apolar and polar/charged

mutations seem more complex. Therefore, such inter-

actions are not sufficiently contained in the mutant dataset

or they can not be successfully encompassed by the

sequence descriptors used.

Salt-bridge and hydrogen-bridge interactions at protein

surface of charged and polar residues usually appear at

long-ranges. Despite being separated by long stretches of

polypeptide in the primary sequence, surface groups lie next

to each other in space. Consequently, these interactions are

very difficult to model from a sequence framework. On the

contrary, hydrophobic interactions at protein core mainly

appear at short-range in the sequence. But mutations in

the protein core, even residue size rather than polarity

(apolar/apolar mutations), may cause an unfavourable

packing energy due to the rigidity of surrounding residues

or, alternatively, the substituting residues themselves may

be forced into unfavourable rotational isomers. Similarly,

some surroundings of mutation positions may be readily

deformable or compensate effects, if no net packing energy

change occurs [51]. In the light of this fact, complex and

3D environment-dependent interactions take place in the

protein core that can be also somehow inaccessible from a

primary structure approximation.

In addition, we compared the accuracy of the

prediction according to the type of secondary structure

found in the mutation site. The type of secondary structure

was assigned to each mutation from the database Protherm

[43], in which residues are classified in four different

secondary structures: helix, sheet, turn and coil. Figure 3

depicts calculated vs. experimental DDG values for each

secondary structure type. The lower correlations were

found for mutations allocated at helix and coil structures.

In the case of helix mutations, the deficient predictor

performance might be related to the fact that destabilisa-

tion of helix structures was caused by variations of very

Figure 3. Plots of crossvalidation calculated vs. experimental change of unfolding Gibbs free energy change (DDG ) of protein mutants
for each mutation type (secondary structure found in the mutation site) according to regression SVM models including experimental
condition data as SVM inputs. Dotted lines are an ideal fit with the respective intercept and slope equal to zero and one.
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complex residue–residue and residue–solvent interaction

patterns at the protein surface. It is noteworthy that

mutations of charged residues, mainly allocated at protein

surface, were also the worst predicted when analysing the

prediction results according to the physic-chemical nature

of the mutation site (Figure 2). In the case of mutation

allocated at turn structures, the lower correlation could be

related, in addition to the variability and complex

nature of turn regions in proteins, to the low statistical

significance of this group of mutations, taking into account

that it represents only 9% of the training dataset.

Similarly, an analysis of the regression accuracy was

carried out taking into account the ASA values of the

mutation sites. According to Protherm [43] database,

mutations were grouped as buried (ASA , 20%),

partially buried (50% , ASA , 20%) and exposed

(ASA . 50%). Results in Figure 4 support the previous

findings in Figures 2 and 3. The correlation coefficients

decrease with the decrements of ASA values of the

mutated site. The lower regression accuracy was found for

the exposed mutations allocated at the protein’s surface

and the highest correlation value was reported for

mutations in buried sites at the protein’s core.

Concerning the prediction of actual values of Gibbs free

energy change of proteins, in previous reports with large

dataset (.1000) no more than 60% of validation data

variances were described; although, such models used

protein 3D structure information [12,16,49,50]. AGADIR

[11] or FOLDEF was reported by Guerois et al. [12] for

predicting conformational stability of more than 1000

mutants with a crossvalidation accuracy about 60%. Zhou

and Zhou’s method D-FIRE [52] is based on distance-

scaled, finite ideal-gas reference state that improved

structure-derived potentials of mean force for structure

selection and stability prediction. Their model, with 3D

protein structures from a database of 895 large-to-small

mutations, described 0.45% of crossvalidation data

variance. In addition, Borner and Abagyan [53] developed

a model to predict both geometry and relative stability of

point mutants and it may be used for arbitrary mutations.

An empirical energy function, which includes energy

contributions of the folded and denatured proteins, and the

prediction of a side chain mutant, was fitted to a training set

consisting in a half of a diverse set of nearly 2000

experimental stability values for single point mutations.

The prediction method was then tested on the remaining

half of the experimental data, giving a covariance of 0.66

for 97% of the test set.

On the other hand, machine learning algorithms

in combination with sequence and 3D information were

also applied to solve the protein conformational stability

problem [18–23,26,27]. Capriotti et al. [19–21] described

the implementation of ANNs and SVMs predictors of

DDG upon mutations using sequences and 3D structures of

more than 1000 mutants. As predictor inputs they used

Figure 4. Plots of crossvalidation calculated vs. experimental
change of unfolding Gibbs free energy change (DDG ) of protein
mutants for each mutation type (accessible surface area (ASA)
values of the mutation sites) according to regression SVM models
including experimental condition data as SVM inputs. Dotted
lines are an ideal fit with the respective intercept and slope equal
to zero and one.

Molecular Simulation 865

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
7
:
3
4
 
1
4
 
J
a
n
u
a
r
y
 
2
0
1
1



a combination of experimental condition data (pH and

temperature), specific mutated residue and sequence

environment information. Their ‘best’ sequence-based

model explained a discrete 0.38% value of crossvalidation

data variance, whilst the 3D structure-dependent predictor

exhibited an acceptable value of 50%. It is noteworthy

that, despite its sequence nature, our optimum AASA-SVM

overcomes the previous sequence-based models of

Capriotti et al. in [20] and nearly reaches the result

obtained by their 3D structure-based predictor in [21] by

yielding a 0.45% of crossvalidation accuracy. However, it

should also be taken into account that the dataset they used

contained some redundant mutations that contribute to

over-estimate the predictor performance.

Recently, Huang et al. [22] reported the iPTREE-

STAB server to discriminating the stability of proteins

(stabilising or destabilising) and predicting their stability

changes upon single amino acid substitutions from amino

acid sequence. The predictor was trained with a dataset of

1859 non-redundant single point mutations of 64 proteins.

The prediction of actual DDG values is mainly based on

regression tree using three neighbouring residues of the

mutant site along N- and C-terminals. Their method

showed a crossvalidation correlation of 0.70 for predicting

protein stability changes upon mutations, which is similar

to our results. Other recent report by Cheng et al. [23]

referred to the prediction of single mutant actual DDG

values and signs by SVM predictors trained with

information from three different encoding schemes:

sequence, structure and combined sequence and structure.

In this case, the prediction of values DDG actual was

higher than our results, having crossvalidation correlation

coefficients of 0.75 and 0.76 for the sequence- and

structure-based predictors, respectively.

3.2 Classification of mutants conformational stability

In addition to the regression SVM model, we also built a

classifier for the recognition of stable and unstable

mutants. The optimum AASA vector subset was used for

training a binary SVM classifier. Parameters of the binary

SVM were set by minimising MCFFO in a grid search.

Since the mutant dataset was three fold unbalanced

towards unstable mutants, we used a three-fold higher

penalty for stable mutant misclassification inside the SVM

framework. This allows obtaining a classifier not biased to

one class. Optimum values of regularisation parameter and

RBF kernel width were 7 and 0.167, respectively, which

yield training and crossvalidation results in Table 2. As can

be observed, when SVM was only trained with optimum

AASA subset overall FFO the crossvalidation accuracy was

78% for mutant’s DDG signs and the correlation

coefficient C ¼ 0.48. It is noteworthy that the cross-

validation statistics for recognising stable mutants

Q(þ ) ¼ 0.68 and unstable mutants Q(2 ) ¼ 0.77 are in

the range of the overall accuracy achieved. This result is

quite interesting since the predictor just used sequence

Table 2. Crossvalidation statistics of the RBF–SVM model for the classification of protein mutant DDG signs.

RBF–SVM inputs Q 2 P(þ) P(2 ) Q(þ) Q(2 ) C

AASA11Nm, AASA8P, AASA7PB, AASA7GhN, AASA10Ht, AASA14f, AASA12DGC,
AASA15ASAN, AASA15DCph, AASA14DCph

0.78 0.59 0.87 0.68 0.82 0.48

AASA11Nm, AASA8P, AASA7PB, AASA7GhN, AASA10Ht, AASA14f, AASA12DGC,
AASA15ASAN, AASA15DCph, AASA14DCph, temperature, pH

0.77 0.57 0.88 0.71 0.80 0.48

Note: SVM regularisation parameter was 7 and width of the RBF kernel was 0.167. þ and 2 , the indexes were evaluated for positive and negative DDG signs; Q 2 is the number
of correct predictions/number of examples; P(s) is the number of correct prediction for class s/all prediction made for s; Q(s) is the number of correct prediction for class
s/observed in class s; C is Matthews’s correlation coefficient.

Table 3. Percent of crossvalidation correct classifications of the
optimum RBF–SVM model for the DDG signs upon mutations
according to the mutations type.

New

Native Charged (%) Polar (%) Apolar (%)

Charged 66 (6) 79 (9) 72 (10)
Polar 70 (5) 84 (9) 72 (16)
Apolar 71 (4) 88 (13) 80 (28)

Note: In brackets the relative fraction of each mutation type in the training dataset of
1383 single point mutants.

Table 4. Crossvalidation classification accuracies of the
optimum RBF–SVM model for the DDG signs upon mutations
according to secondary structure allocation and ASA of the
mutated residue.

Mutation type (%) Q 2 Q(þ) Q(2)

Helix (40) 0.76 0.62 0.82
Sheet (23) 0.82 0.79 0.82
Turn (9) 0.68 0.73 0.65
Coil (22) 0.83 0.69 0.86

Buried (36) 0.80 0.71 0.81
Partially buried (27) 0.81 0.75 0.84
Exposed (30) 0.73 0.60 0.80

Note: In brackets the relative fraction of each mutation type in the training dataset of
1383 single point mutants. þ and 2 , the indexes were evaluated for positive and
negative DDG signs; Q 2 is the number of correct predictions/number of examples;
Q(s) is the number of correct prediction for class s/observed in class s.
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information encoded in 10 AASA vectors. Afterwards,

temperature and pH normalised values were passed to the

classification SVM as extra inputs and Q 2, Q(þ ) and

Q(2 ) values increased up to 0.77, 0.71 and 0.80,

respectively, with a correlation coefficient C ¼ 0.48.

Similar to the regression model, the classification SVM

tuned its prediction accuracies, while it was trained

combining experimental conditions of the DDG measure-

ments and the quasi-sequence order information, gathered

by the autocorrelation vector and weighted by amino

acid/residue properties.

In Table 3, the classification results according to the

physico-chemical properties of the mutations are shown.

Analysing the SVM predictor accuracy as a function of

the mutations classification, we found that mutations

of charged residues, mainly placed at the protein surface

by other charged residues, exhibit the lower classification

accuracy. This fact suggests that sequence information

incorrectly described the effect of Salt-bridge and polar–

polar interactions at the protein surface that should be

better using 3D structure details. As we previously stated,

in the protein core interactions often occur among residues

at shorter range in comparison to the protein surface where

interactions can be at larger ranges.

We also compared the accuracy of the classifier

according to the type of secondary structure found in the

mutation site. In Table 4, it can be observed that, similar to

the regression model, the lower accuracies were for

mutations allocated at helix and coil structures. However,

overall classification accuracies, about or higher than 70%,

were observed for all types of mutations. On the other hand,

the results of the classification accuracy, taking into account

the ASA values of the mutation site, appear also in Table 4.

The overall classification accuracies for the buried and

partially buried mutations were about 80%, but again the

classification accuracy for mutations in the protein surface

was adequately lower, about 70%. These results support the

fact that protein properties which depend on interactions at

the protein surface are more difficult to predict.

Some other classification models for protein mutant’s

stability have been reported. Two classifiers used sequence

information for Linear Discriminant Analysis (LDA)

classification of Arc repressor mutants, but according to its

melting point value. Both reports explained more than

80% of validation data variance using the ‘macromolecu-

lar pseudograph Ca-atom adjacency matrix’, a sequence

approach [25]. However, such models lack utility because

they are protein-specific and use a thermodynamic

parameter (melting point) not directly related to the

protein conformational stability. In addition, other single-

protein models, previously developed by us which were

built with AASA vectors and Bayesian regularised

neural networks, successfully mapped lysozymes [26]

and gene V protein [27] mutants in self-organising maps

according to mutant’s DDG levels.

In turn, taking into account classification models of

protein stability change upon mutations, using large and

diverse mutant data, our classification model overcomes

the optimum reported by Capriotti et al. [20] using only

sequence information. Despite the fact that they reported

an overall accuracy about 77%, the correct predictions

were drastically shifted towards unstable mutants with a

value about 91%, whilst for stable mutants, a very low

value about 46% was reported. Such statistics reflect that

their model nearly recognised all mutants as unstable,

yielding an overall adequate accuracy, but an inefficient

discriminating ability. However, our classification model

overcomes Capriotti’s classifier by predicting unstable

and stable mutants with accuracies over 70%. In this

connection, we recently reported two SVM predictors

based on 2D and 3D graph representations of protein

sequences [34,35], which identified both stable and

unstable mutants with identical good accuracy over 70%.

In comparison with these own reports, the presented

AASA-SVM revealed a similar predictive power, but the

correlation coefficient to classification (about 0.48) was

higher the reported values 0.41 and 0.39, through our 2D

and 3D graphs-based models. Interestingly, when Capriotti

et al. [21] used 3D structure information, the highest

overall classification accuracy achieved was about 80%,

but stable mutants were poorly recognised with an

accuracy of 56%. That is the fact that evaluates our

AASA–SVM predictor, despite its primary sequence

nature, as more adequate for the mutant stability

recognition task.

Huang et al. [22] recently reported that iPTREE-STAB

server was able to recognise unstable and stable mutants

with overall crossvalidation accuracy about 82%, and

sensitivity and specificity were about 75.3 and 84.5%,

respectively. The best sequence-based SVM classifier

reported by Cheng et al. in [23] had an overall accuracy

about 84%, but it discriminated between unstable and

stable mutants with accuracies about 90 and 71%,

respectively, in crossvalidation experiment. This result

shows that the predictor is somewhat unbalanced and tends

Table 5. Test set classification accuracies according to RBF-
SVM model for the classification of protein mutant DDG signs.
SVM regularisation parameter was 7 and width of the RBF kernel
was 0.167.

Test set Q 2 Q(þ ) Q(2)

Single point mutations 0.51 0.66 0.45
Double point mutations 0.50 0.70 0.34
Multiple point mutations 0.31 0.31 0.31
Single and double point mutations 0.50 0.68 0.40
Single, double and multiple point
mutations

0.46 0.57 0.38

Note: þ and 2 , the indexes were evaluated for positive and negative DDG signs;
Q 2 is the number of correct predictions/number of examples; Q(s) is the number of
correct prediction for class s/observed in class s.

Molecular Simulation 867

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
7
:
3
4
 
1
4
 
J
a
n
u
a
r
y
 
2
0
1
1



to recognise stable mutants with lower accuracy

(Q(þ ) ¼ 0.71), which is equal to the reported value by

our SVM classifier. In addition, when Cheng et al. used

structural information for training the predictors, the

results were very similar.

Other approaches used 3D structural information for

predicting stability change upon single point mutations.

Parthiban et al. [24] implemented a distance-dependant

pair potential through-space interactions and torsion angle

potential neighbouring effects a basic statistical mechan-

ical set-up to compare theoretically the predicted

stabilising energy values with experimental values from

thermal and chemical denaturation experiments.

The derived force fields yielded a correlation of 0.77 and

more than 80% classification accuracy in crossvalidation

for chemical denaturation. For thermal denaturation the

force field yielded a correlation of 0.78 with a prediction

efficiency of 84.65%. In addition, Gonzalez-Diaz et al.

[54] reported a LDA model for stable mutants using 3D

stochastic average electrostatic potentials from protein 3D

structure with validation accuracy nearly 90% for all the

dataset and for each class separately. However, instead of

discriminating between stable or unstable mutants

according to wild-type protein, they classified the mutants

in higher stable and near-wild-type stable.

3.3 New mutants classification

In addition to the crossvalidation experiment, we predicted

the sign of DDG values for a test set with new single point

mutants in Protherm database [43], all double and multiple

mutations on this database (see Section 2.5, Mutant

training and test datasets). Prediction of actual DDG values

was very inaccurate. Results of stability classification of

mutations in the test set appear in Table 5. As can be

observed, the performance of the predictor on the single

point mutation test set was poor. A lower overall accuracy

about 51% was achieved with an adequate recognition

of about a 66% of the stable mutations and low 45% of the

unstable ones. Similarly, the double point mutation test set

showed Q 2 ¼ 0.50 with Q(þ ) ¼ 0.70 and Q(2 ) ¼ 0.34.

Despite the discrete results, the predictor can account for

single point mutation effects and can generalise them to

some extent to double point mutations. It should be

pointed out that unbalanced classification results had been

also achieved by Cappriotti et al. [20,21] in crossvalidation

experiments. Multiple mutations exhibited the worst

prediction results with very low accuracies around 30%.

On the contrary, the accuracies for single and double

mutant test set were about 50, 68 and 40% for the

recognition of all mutants, stable and unstable mutations,

respectively. Meanwhile, these statistical quantities for the

whole test set (single, double and multiple mutants) were

lower with values of 46, 57 and 38%, respectively. When

considering only single and double point mutant test set

the overall accuracies were about 50% and for recognition

of the stable single and double point mutants, the classifier

exhibited a higher accuracy, near 70%. Finally, Table 6

shows classification accuracies for the single point mutants

in the test set according to the secondary structure

allocation and the ASA of the mutation site. The low

prediction result for the test set suggests that our sequence-

based approach could be somehow limited to achieve

better results due to the complexity of the stabilising–

destabilising interactions in proteins. In addition, super-

vised learning of a predictor should have a training dataset

with a complete description of the modelled phenomena.

Probably more experimental measurements on protein

conformational stability are needed for a more successful

machine learning approach. Nevertheless, our approach

provided a useful and fast prediction of the stability of

protein sequences.

Training single point dataset should be complemented

as more experimental conformational stability studies are

published and collected in the Protherm database [43].

Beyond the agreeable results obtained in crossvalidation

experiments and the poor results for the test set, the major

advantage of our approach is the capability of our classifier

to predict stability’s changes upon double or multiple

mutations. A preliminary version of the predictor is

available online at http://gibk21.bse.kyutech.ac.jp/

llamosa/ddG-AASA/ddG_AASA.html.

3.4 Model analysis

Interestingly, relevant amino acid/residue properties

appear weighting the optimum AASA vectors: three

structural (Nm, f and ASAN), one secondary structure-

related (PB), two physico-chemical (P and Ht) and three

thermodynamic (GhN, DGC and DCph) properties. These

relevant autocorrelations were found at lags from 7 to 15,

medium to large range interactions on the sequence.

The occurrence in our models of structural, secondary

Table 6. Classification accuracies of the optimum RBF–SVM
model for the DDG signs upon mutations of the single mutants in
the test set according to the secondary structure allocation and the
ASA of the mutated residue.

Mutation type (%) Q 2 Q(þ) Q(2)

Helix (42) 0.61 0.78 0.57
Sheet (23) 0.50 0.82 0.25
Turn (13) 0.44 0.71 0.35
Coil (12) 0.50 0.50 0.50

Buried (51) 0.59 0.84 0.52
Partially buried (24) 0.46 0.56 0.42
Exposed (14) 0.50 0.90 0.30

Note: The relative fraction of each mutation type in the single point mutation test set
of 222 single point mutants are in brackets. þ and 2 , the indexes were evaluated for
positive and negative DDG signs; Q 2 is the number of correct predictions/number of
examples; Q(s) is the number of correct prediction for class s/observed in class s.
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structure-related, physico-chemical and thermodynamic

properties reveals the complexity of the interactions ruling

protein stability, which has better accessibility by a

multifactor approach.

Distributions of structural properties at lags ranging

from 11 to 15 reflect the significance of an adequate amino

acid frame at large ranges in the primary structure,

resembling certain polypeptidic structural pattern. Number

of medium range contacts (Nm) is a property that contains

information of tridimensional proximities of residues in

space. The property Nm also appeared weighting optimum

autocorrelation vectors in a neural network implemented

for modelling the conformational stability of chymotryp-

sin inhibitor two mutants. Shape-related amino acid

property, flexibility ( f), appears relevant at autocorrela-

tions of large range encoding the distribution of freedom

degrees on the sequence. Re-accommodation of residue

side-chains is a critical step in protein folding after amino

acid substitution. Mutations may cause an unfavourable

packing energy due to the rigidity of surrounding residues

or, alternatively, the substituting residues themselves may

be forced into unfavourable rotational isomers. Similarly,

some surroundings of mutation positions may be

deformable or compensated effects exist that do not

yield net packing energy change [48]. The property f also

appeared weighting optimum AASA vectors for modelling

conformational stability and functional variations upon

mutations of gene V protein [24] and ghrelin receptor [44],

respectively. Another relevant structural property is the

solvent-ASA for native protein (ASAN), which is a measure

of the number of amino acid atoms interacting with solvent

molecules in the native state [55]. Interestingly, solvent-

ASA was reported by Gromiha et al. [13] among the

properties most linearly correlated with the changes of

unfolding Gibbs free energy change for a diverse set of

protein mutants. In this connection, one of the simplest and

most widely used models for calculating hydration heat

capacity in proteins is the solvent-ASA model [56].

In turn, the relevance b-structure tendency strongly

suggested that optimum secondary structure pattern is

another key factor for a stable tertiary conformation. Point

mutations studies have highlighted the role of secondary

structure propensities in protein stability. By manipulating

favourable and unfavourable secondary structure propen-

sities at certain positions in a protein can produce

significant variations in protein stability [12]. In addition,

we recently reported that secondary structure propensities

also appeared relevant in a neural network model of the

conformational stability of gene V protein mutants [27].

Hydrophilicity/hydrophobicity related properties such

as polarity (P) and thermodynamic transfer hydrophobi-

city (Ht) are also important for predicting protein

conformational stability according to our optimum SVM

models. The relevant autocorrelations of such properties

appear at medium lags. Hydrophilic interactions between

amino acid residues at protein surface usually appear at

medium and long ranges. Despite being separated by long

stretches of polypeptide in the primary sequence, surface

groups lie next to each other in space. On the contrary,

hydrophobic interactions at protein core mainly appear at

shorter range in the sequence. The P and Ht properties

were previously found relevant for neural network

modelling of conformational stability of human lysozyme

mutants [26]. The autocorrelation vectors weighed by

these properties encoded the role of hydrophylic

interactions on the surface and hydrophobic interactions

on the core to maintain protein folding and stability.

Furthermore, on the protein surface, frequently appear

hydrophobic patches are defined as clusters of neighbour-

ing apolar atoms accessible on a given protein surface

[56]. In addition, the hydrophobic part of the solvent-

accessible surface of a typical monomeric globular protein

consists of a single, large interconnected region formed

from faces of apolar atoms and constituting approximately

60% of the solvent-ASA [57]. At the light of these facts,

the combination of hydrophilicity/hydrophobicity and

solvent-accessible surface properties could also encode

hydrophobic patches patterns of protein mutants.

Thermodynamical properties for quantifying unfolding

and hydration processes of proteins [unfolding Gibbs free

energy change of side-chain (DGC), Gibbs free energy

change of hydration for native protein (GhN) and hydration

heat capacity change (DCph)] are relevant to model protein

conformational stability. In previous reports, the property

GhN was found relevant in SVM models of the functional

variations upon mutations of ghrelin receptor [47],

meanwhile DGC and DCph properties were important in

neural network modelling of human lysozymes confor-

mational stability [26]. DCph measurements in proteins

mean the variation of heat capacity (Cp), which is

consequence of the hydration of amino acid groups.

Considering that protein unfolding usually has a positive

DCp, polar groups hydration is accompanied by a decrease

in Cp; meanwhile, apolar groups hydration increases this

magnitude [56]. In this sense, Makhatadze and Privalov

[58] found a good relation between DCph and surface area.

On the other hand, GhN, is a measure of spontaneity of the

hydration process. Free energy has a direct relationship to a

primary observable, the equilibrium constant K, through

DG ¼ 2kT ln K, which describes the balance between

enthalpy and entropy. In addition, Makhatadze and

Privalov [58] showed that the compact native state of a

protein is stabilised by the enthalpic interactions between

internal groups. Hydration effects are clearly significant for

protein unfolding; the evidence showed that hydration is

the major effect [59]. The strongest current evidence is that

it can be accounted for heat capacity change of unfolding

for many proteins by adding up hydration contributions

from individual residues [56]. In summary all those

thermodynamical properties are related to the unfolding
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denaturation mechanism hypothesis. For denaturation

process of globular proteins, Privalov and Gill [59,60]

pointed out the hydration equilibrium, polar interactions

between solvent and polar residues in the protein, as the

main causes of unfolding while hydrophobic interactions in

the protein core contribute to keep the folded state.

4. Conclusions

Protein structures are stabilised by numerous intramole-

cular interactions such as hydrophobic, electrostatic, van

der Waals and hydrogen bond. Stability changes induced

by mutations have been analysed by various compu-

tational methods but most of them require X-ray structural

analysis and also they have a limited prediction accuracy.

Protein primary structure-based methods are less

computationally intense and do not require X-ray crystal

structure of proteins for implementation. Due to the

availability of some thermodynamic data on protein

stability, it is possible to use a structure–property

relationship approach to modelling its properties.

We extended the concept of autocorrelation vectors in

molecules to the amino acid sequence of proteins as a tool for

encoding protein structural information. In this sense, novel

(AASA) vectors were obtained calculating autocorrelations

on the protein primary structure of 48 amino acid/residue

properties from the AAindex database. GA-SVMs proves to

be a powerful technique to determine the relevant factors in

the modelling phenomena of classification and function

mapping. This approach yielded an adequate classification

model for the conformational stability of protein mutants

describing nearly 80% of correct classifications in cross-

validation experiment. Similarly, the regression model

described nearly 50% of crossvalidation data variance. Our

approach also allows us to study multiple mutations. Despite

low test set prediction accuracy, stable single and double

point mutants were recognised with adequate accuracies

about 70%. Optimum AASA vectors, selected by GA-SVM

approach, showed that conformational stability model

depends on a combination of structural, secondary

structure-related, physico-chemical and thermodynamical

properties mainly associated with protein hydration process.

This work demonstrates the successful application of the

AASA vectors to modelling protein conformational stability

in combination with SVMs. Encoding amino acid properties

and protein primary structure information on a same pool

of descriptors are more appropriate than those which

exclusively consider amino acid substitution information.

This approach leads to a powerful method for the scientific

community interested in protein prediction studies.
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