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Abstract Predicting the effects of amino acid substitu-

tions on protein stability provides invaluable information

for protein design, the assignment of biological function,

and for understanding disease-associated variations. To

understand the effects of substitutions, computational

models are preferred to time-consuming and expensive

experimental methods. Several methods have been pro-

posed for this task including machine learning-based

approaches. However, models trained using limited data

have performance problems and many model parameters

tend to be over-fitted. To decrease the number of model

parameters and to improve the generalization potential, we

calculated the amino acid contact energy change for point

variations using a structure-based coarse-grained model.

Based on the structural properties including contact energy

(CE) and further physicochemical properties of the amino

acids as input features, we developed two support vector

machine classifiers. M47 predicted the stability of variant

proteins with an accuracy of 87 % and a Matthews corre-

lation coefficient of 0.68 for a large dataset of 1925 vari-

ants, whereas M8 performed better when a relatively small

dataset of 388 variants was used for 20-fold cross-valida-

tion. The performance of the M47 classifier on all six tested

contingency table evaluation parameters is better than that

of existing machine learning-based models or energy

function-based protein stability classifiers.

Keywords Amino acid mutation � Physicochemical

properties � Residue–residue contact energy � Support

vector machine � Protein stability prediction
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Introduction

Protein stability is a fundamental property affecting func-

tion, activity, and regulation of biomolecules. Many amino

acid substitutions, which can cause changes to hydropho-

bicity, over packing, backbone strain, or loss of electro-

static interactions, affect stability and biological functions

of proteins, while others are tolerated (Khan and Vihinen

2010). Understanding the effects of these alterations

facilitates the elucidation of the molecular basis of many

diseases (Thusberg and Vihinen 2009). Site-directed

mutagenesis has been utilized for decades (Kearns-Jonker

et al. 2007; Rajendhran and Gunasekaran 2007), and sev-

eral methods have been proposed for predicting protein

stability changes based on the primary sequence or the

protein’s three-dimensional structure information.

Predictions are used because experimental studies are

tedious, time-consuming and costly, requiring protein

production, purification, and characterization. The predic-

tions methods include energy function-based approaches

and machine learning-based methods. The energy functions

used in these models include (1) a physical energy function

calculated using ab initio quantum mechanics (QM) (Laz-

aridis and Karplus 2000; Moult 1997), (2) an empirical

energy function or force field derived from different types

of experimental data (Capriotti et al. 2004), (3) a statistical

energy function obtained by the analysis of protein struc-

tural information. Both ab initio QM and force field cal-

culations are time-consuming and they are sensitive to

small displacements, especially if only a low-resolution

protein structure is available. Ab initio QM calculations are

impractical for large proteins. Statistical approaches may

provide a similar accuracy to the ab initio QM calculation,

but their theoretical foundation is not clear (Lazaridis and

Karplus 2000).

Recently, several papers have proposed machine learn-

ing-based methods, including support vector machines

(SVMs) and neural-network (N-N) (Capriotti et al. 2004,

2005a, b; Cheng et al. 2006; Guerois et al. 2002; Shen et al.

2008). Many of these methods are aimed at predicting the

sign of DDG (Gibbs free energy change). A positive or

negative DDG corresponds to an increase or decrease in the

protein stability, respectively. Sequence-based classifiers

have been trained and tested using different sequence

window lengths (Capriotti et al. 2005a; Cheng et al. 2006),

or in combination with structural information (Capriotti

et al. 2004). The inputs have been encoded using the

20-alphabet amino acid code, so the number of parameters

rapidly rises to more than 100. The large number of

parameters may cause problems. The models may be over-

fitted and give poor performance when applied to new

cases (Khan and Vihinen 2010). The database containing

experimental DDG values for variations, ProTherm,

contains just over 2000 examples (Kumar et al. 2006). The

performance of most of the published stability predictors

was systematically tested and found to be suboptimal

(Khan and Vihinen 2010).

We have previously developed a support vector machine

classifier for stability change predictions (Shen et al. 2008).

The method uses amino acid similarity from the 20 amino

acids based on their physicochemical properties. To further

improve the prediction performance, we introduced a new

parameter, the protein total contact energy change, which is

calculated using the coarse-grained model that we devel-

oped (Shen and Vihinen 2003) and we performed sys-

tematic optimization of the features for Predictor of Protein

Stability Changes (therefore we have termed this method,

and software, PPSC). Changes in the total contact energy

due to a variation may reflect stability changes. The novel

prediction with contact energy change together with the

selected physicochemical properties of amino acids utilizes

fewer parameters to avoid over-fitting and to improve the

performance.

Materials and methods

Datasets

The datasets used to train and test the models was extracted

from the ProTherm database (http://gibk26.bio.kyutech.ac.

jp/jouhou/Protherm/protherm.html) (Bava et al. 2004;

Gromiha et al. 2002). The test cases had to fulfill two

criteria: (i) to be single point variations and (ii) the protein

structure had to be available in the Protein Data Bank

(http://www.rcsb.org/pdb).

We extracted seven attributes for each record including

the PDB identification code, the protein name, the amino

acid variation, DDG, pH and temperature (T) measure-

ments, and the solvent accessibility of the variant residue.

If more than one measurement was available for a variant,

the average DDG value was used. The final dataset

extracted contained 2760 variations affecting 75 proteins,

with 1887 negative and 873 positive DDG value cases. A

positive DDG value indicates that the variant is stabilizing

whereas a negative DDG indicates the destabilizing effect

of a variant. This dataset is referred to as S2760.

Any values of DDG between 0.5 and -0.5 kcal/mol were

classified as neutral. Therefore, we removed the variations

with (absolute value of DDG) \ 0.5 kcal/mol from S2760 to

establish the dataset S1810. The dataset, which contains

1810 variations affecting 71 proteins, with 1,388 negative

and 422 positive examples, was used for input attribute

analysis due to it having more accurate DDG values.

For comparison to other methods, smaller, previously

introduced datasets were used. These included the S1925
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set of 1925 single point variants affecting 55 proteins with

1,343 negative and 582 positive cases (Masso and Vaisman

2008), and the S388 set of 388 single site variations in 17

proteins with 340 negative and 48 positive variations

(Capriotti et al. 2004).

All the dataset information is shown in Supplementary

Table 1. About 200 variants have more than one mea-

surement of DDG, and most of the standard deviations of

the DDG values for the 200 variants are less than

0.5 kcal/mol (Supplementary Fig. 2). There is less varia-

tion within the positive DDG values compared with the

negative values. The proportion is broadly 1:2 (except

S388) and is caused by the low volume of positive cases

contained in the ProTherm database. S388 contains more

negative cases, possibly because its variation number is so

small. The distribution of the variations in the DDG value

in S2760, S1925, and S388 is shown in Supplementary

Fig. 1. It accords with normal distribution very well and

the data distributed in the section [-4, 4]. The datasets are

available at PPSC web sites under the User guide tag.

Support vector machine

SVM is a widely used technique for data classification. The

kernel function is used to transform the input space into a

higher dimensional feature space for efficient classification

(Burges 1998). We built two SVM predictors, M8 and

M47, using the radial basis function (RBF) kernel in

LIBSVM (www.csie.ntu.edu.tw/*cjlin/libsvm) (Chang

and Lin 2011). M8 has eight and M47 has 47 input vector

parameters.

Input attributes for M8

In the construction of the M8 model, eight attributes were

used for variant characterization: dHydro, dISA, dElec,

dVolume, and dCE, solvent accessibility (ASA) of the

variant residue, and pH and T. The attributes dHydro,

dISA, dElec, and dVolume were defined as the difference

between the original and the variant in amino acid

hydropathy (Eisenberg et al. 1984), isotropic surface area

(ISA) (Collantes and Dunn 1995), electronic charge con-

centration (Collantes and Dunn 1995), and volume (Zam-

yatnin 1972), respectively. The dCE was defined as the

difference in total contact energy between the wild type

and the variant protein. The first four parameters were

calculated as previously described (Shen et al. 2008). The

dCE was calculated using our coarse-grained model (Shen

and Vihinen 2003). The values of the last three attributes

(ASA, pH and T) were extracted from ProTherm.

Of the eight attributes, the first five directly reflect the

variant’s effect on the structure. The dCE quantitatively

describes the total contact energy change. Amino acids are

treated as united interacting particles in the coarse-grained

model, while the parameters used for the contact energy

calculation are environment-dependent and are secondary

structure-specific. The coarse-grained model is less sensi-

tive to local structural deviations while it also allows the

use of molecular models and relatively low-resolution

protein structures (Shen and Vihinen 2003). The solvent

accessibility of the amino acid describes the local structural

context of a variant and may have different effects

depending on whether the variation occurs on the protein

surface or deep in the protein core (Ferrer-Costa et al.

2002). By definition, DDG is related to pH and T and thus

these two attributes were included.

Input attributes for M47

The M47 model was trained using 47 input attributes, 40 of

which are the same as those defined by Capriotti et al.

(2005b). The first set of 20 attributes is used to encode for the

amino acid types. A value of -1 is given to the wild-type

residue, 1 for the variant residue, and 0 for all other amino

acid types. The second set of 20 attributes indicates the

presence of residue types within a sphere of 9 Å radius. The

remaining seven attributes are the same as in the M8 model,

i.e., dHydro, dISA, dElec, dCE, ASA of the site, pH, and T.

Assessment of method performance

The goal of the predictor is to forecast the direction of the

DDG sign change caused by the amino acid substitutions,

without considering the extent of the energy change. The

performance of the model was evaluated using the fol-

lowing measures:

Accuracy: Acc ¼ TPþTN

TPþTNþFPþFN0

True positive rate: TPR ¼ TP

TPþFN0

True negative rate: TNR ¼ TN

TNþFP0

Positive predictive value: PPV ¼ TP

TPþFP0

Negative predictive value: NPV ¼ TN

TNþFN0

Matthews correlation coefficient:

MCC ¼ ðTP�TNÞ�ðFP�FNÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðTPþFNÞ�ðTPþFPÞ�ðTNþFNÞ�ðTNþFPÞ0
p

where TP, TN, FP, and FN represent the numbers of true

positives, true negatives, false positives, and false nega-

tives, respectively.

The performance of the predictors was evaluated with a

20-fold cross-validation, where the dataset was randomly

divided into 20 partitions. The model was then trained

using 19 of the partitions and tested with the remaining one

and repeated 20 times for all combinations before the

results were averaged.
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We conducted support vector regression (SVR) using

the RBF kernel to predict the DDG value. The dependent

variable (Y) is the predicted DDG while the experimental

DDG is the explanatory variable (X). Correlation coeffi-

cient, r, and root mean square error (RMSE) measurements

are calculated to assess the prediction performance:

Correlation coefficient:

r ¼ N
P

XY�
P

X
P

Y
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

N
P

X2�ð
P

XÞ2
p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

N
P

Y2�ð
P

YÞ2
p

Root mean square error: RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

P

t¼1
ðXt�X0tÞ

2

N

q

The receiver operating characteristic (ROC) curve was

calculated to visualize the method performance by plotting

the true positive (sensitivity) in comparison with the (1-true

negative (specificity)) classification rates. The value of the

area under the ROC curve (AUC) is equal to the probability

that a classifier will rank a randomly chosen positive

instance higher than a randomly chosen negative one when

using normalized units (Fawcett 2006; Linden 2006).

Results

Machine learning methods are dependent on the quality

and quantity of training data, the training process, and the

implementation of the learner. The SVM algorithm can

identify with certainty the global minimum of the error

(objective) function compared with other methodologies

like neural networks (NN); also it requires less computer

power when the feature space dimensions increase (Shen

et al. 2008).

SVM implementation and parameters optimization

There are four basic kernels of SVM: linear, polynomial,

radial basis function (RBF), and sigmoid. Capriotti et al.

(2005a) compared the four kernel functions and concluded

that the RBF kernel

Kðxi; xjÞ ¼ e�cjjxi�xjjj2 ; c[ 0

is the first choice in general, because it can deal with non-

linear cases, and has at least the same performance as a

linear (Keerthi and Lin 2003) or a sigmoid kernel (Lin and

Lin 2003) once two parameters, C (penalty parameter

which controls the trade-off between the training error and

the margin) and c (the RBF kernel parameter) are opti-

mized. Our previous study (Shen et al. 2008) also sug-

gested that the RBF kernel function performed best in this

task; still, we evaluated the four kernel functions with M47

predictor in a 20-fold cross-validation using the dataset

S2760. The results (see Fig. 1) indicate that the RBF kernel

has the best performance: the accuracy, MCC, and r were

0.85, 0.65, and 0.82, respectively, while the RMSE was the

lowest: 1.03 kcal/mol. The polynomial kernel (degree = 3)

with the accuracy 0.83 and RMSE 1.18 kcal/mol is the

second best relating to performance; the linear and the

sigmoid kernels have almost the same performance but not

good as that of RBF and polynomial kernels. RBF kernel

was used to develop the predictors.

The SVM is optimized by adjusting the parameters

C and c. This was performed using a grid-search method.

Figure 2 shows the grid-search result of M8 using the

dataset S1810. A Python script from LIBSVM

(http://www.csie.ntu.edu.tw/*cjlin/libsvm) (Chang and

Lin 2011) called grid.py was automated for the search. The

detailed procedure can be found in the Supplementary

Materials. A similar grid-search method for support vector

regression parameter optimization is supplied by LIBSVM

as well with a Python script called gridregression.py. (see

Supplementary Table 2 for the optimized parameter values

for SVM classification and regression).

Several datasets were used to train and test the methods.

Two versions, M8 and M47, were developed. The former

was trained with eight physicochemical features for the

normal and variant amino acid and the latter with 47 fea-

tures, the additional ones coding for original and variant

amino acid types and types of residues in the vicinity of the

site.

Analysis of the input attributes

To test the significance of the input attributes, we produced

the S1810 dataset by removing cases with DDG values

between 0.5 and -0.5 kcal/mol from the S2760 dataset,

because the DDG measurements may have an experimental

error of up to ± 0.4 to 0.5 kcal/mol (Khatun et al. 2004).

We trained and tested the predictors using the S1810

dataset. S1810 is the most suitable dataset for this step, as it

contains only those cases that clearly affect the DDG value.

Our goal was to determine the parameters that were

most important for the protein stability change. We

assumed that there was a linear relation between DDG and

the eight input attributes and calculated the p value and

t-value using R. ASA had the highest statistical signifi-

cance correlated with the DDG (p value = 1.65e-13 and

t-value = 7.432) (Table 1). In addition, dCE, dHydro,

dElec, and dISA were all significant (with t-value [2 and

p value \0.05) whereas the dVolume and pH had only a

marginal correlation.

The effects of the attributes were tested by training the

SVM predictors with different combinations of the physi-

cochemical parameters. We found that when we removed

any one of the parameters dCE, dHydro, and dISA, the

effect on accuracy and MCC was small (Table 2). A

bivariate scatter plot of dCE, dHydro, and dISA

850 Y. Yang et al.
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(Supplementary Fig. 3) shows that these parameters are

correlated and when one is removed, the other correlated

parameters can compensate for part of the information of

the missing parameter. When only limited data are avail-

able, increasing the number of parameters may cause the

model to be over-fitted. If two of these parameters were

removed, the accuracy and MCC declined rapidly. Thus,

the dCE, dHydro, and dISA all affect the overall prediction

performance. As the combination of all the tested attributes

had the best performance it was used as the M8 predictor

and with additional features as the M47 predictor, from

which dVolume as the least significant physicochemical

parameter was excluded.

Prediction performance assessment using

the S2760 dataset

M8 and M47 predictors trained with S2760 dataset were

tested in 20-fold cross-validation together with FoldX

(http://foldx.crg.es/) (Schymkowitz et al. 2005; Guerois

Fig. 1 Performance evaluation

of the four kernel functions with

our M47 predictor in 20-fold

cross-validation using dataset

S2760: for each index the 4 bars
denote RBF, polynomial, linear

and sigmoid kernel functions

from left to right, a the

accuracy, MCC, r, and b the

RMSE for the different kernels

Fig. 2 The contour plot of cross-validation accuracy (in dataset

S1810): the accuracies for combinations of the parameters in cross-

validation are shown in the legend. The optimal values are C = 2,

c = 8, with CV accuracy of 86.1 %

Table 1 Linear regression analysis of the input attributes

Attributes Estimate Std. error t-value Pr([ |t|)*

dCE 0.051 0.015 3.396 0.001

dVolume -0.004 0.004 -1.094 0.274

dHydro -0.114 0.257 -4.456 8.87e-06

dISA -0.007 0.003 -2.469 0.014

dElec -0.670 0.200 -3.504 4.69e-04

ASA 0.007 0.001 7.432 1.65e-13

pH 0.032 0.023 1.390 0.165

T 0.007 0.002 2.849 0.004

* Pr means p values

Table 2 Prediction performance for parameter combinations

Attributesa TPR TNR PPV NPV Accuracy MCC

CHEIVAPT 56.8 95.03 77.70 87.87 86.13 0.58

CHEIVA 65.17 91.01 67.57 89.52 85.59 0.56

HEIVA 60.00 91.00 66.58 88.18 83.64 0.53

CEIVA 43.13 96.46 78.79 84.80 84.03 0.50

CHEVA 44.08 96.00 78.48 85.00 84.14 0.51

EIVA 41.46 95.68 74.47 84.72 83.04 0.47

CHEIV 56.16 92.51 69.50 87.41 84.03 0.53

CHEIA 41.7 96.97 80.73 84.55 84.09 0.50

a C dCE, H dHydro, E dElec, I dISA, V dVolume, A ASA, PH P,

T Temperature
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et al. 2002), MUpro (http://www.ics.uci.edu/*baldig/

mutation.html) (Cheng et al. 2006) and I-Mutant 2.0 (http://

folding.uib.es/i-mutant/i-mutant2.0.html) (Capriotti et al.

2005b). Table 3 shows that M47 outperformed in the

comparison. Its accuracy, 0.85 was higher than for any

other tool. Overall the performance measures for M47 were

greater than those for the other methods and I-Mutant 2.0

comes closest to M47. M8 clearly had a better performance

compared with FoldX, but the small number of attributes

used for its training is not capable of capturing all the

features of the variants.

We conducted regression analysis on all the models and

predicted the DDG values for S2760 in the 20-fold cross-

validation. Table 4 shows that the r of M47 reached 0.82

while the RMSE was only ±1.0 kcal/mol, the best for any

of the models. Figure 3 shows the relationship between the

experimental and the predicted DDG for the M8 and M47

models. The fitted line for M47 is y = 0.6805x - 0.2494.

The ROC curves in Fig. 4 show the tradeoff between

sensitivity and specificity. M47 has the highest perfor-

mance and I-Mutant 2.0 and Mupro are the closest,

whereas M8 and FoldX have clearly weaker performance.

Prediction performance assessment using other datasets

Several other datasets have previously been used to train

and test stability predictors. To be able to compare the

performance with those methods, further performance

evaluations were made. The M8 and M47 methods were

further trained with S1925 and S388 datasets.

To study the effects of the training dataset size, we

randomly generated ten datasets that contained 10 %,

20–100 % of the dataset S1925. These partitions were then

used to train and test in a 20-fold cross-validation the M8

and M47 models as well as two other SVM predictors:

I-Mutant 2.0 (with 43 input attributes) and MUpro (with

160 input attributes). When the dataset was small (less than

about 300 variants), the prediction accuracy and the MCC

of the M8 model were nearly the same as those for M47,

and better than for I-Mutant 2.0 and MUpro (Fig. 5, Sup-

plementary Fig. 6). When the size of the dataset was

increased, the M47 model was clearly the best. According

to this experiment, M8 would be an option to deal with

relatively small datasets because M8 has only 8 input

vectors, whereas other predictors require more data to learn

to generalize.

To compare our results with previously published

methods, we trained both M8 and M47 models using the

RBF kernel and performed a 20-fold cross-validation with

the S1925 dataset. The prediction accuracy of the M47

model was 87 %, the highest among the methods (Sup-

plementary Table 3). The MCC of the M47 model was

0.68, at least 0.05 higher than for the other methods. All the

measures were higher for M47 compared with the other

methods. The prediction accuracy of M8, which is similar

to that for I-Mutant 2.0, is higher than for FoldX, but lower

than for MUpro and Automute (http://proteins.gmu.edu/

automute/) (Masso and Vaisman 2008).

To determine the DDG value, we trained both M8 and

M47 using the RBF kernel and performed a 20-fold cross-

validation with the real DDG values in the training dataset.

This was implemented using m-regression SVM with the

RBF kernel. With C = 32, c = 0.25, and m = 0.0625, the

best performance with an r value of 0.84 and RMSE value

of 0.97 kcal/mol was obtained using the M47 model

(Supplementary Fig. 4, Supplementary Table 4). These

results are better than for the other predictors. We also

calculated the DDG value using FoldX. After optimization

and discarding some outliers, FoldX yielded an r value of

0.51 and an RMSE value of 1.8 kcal/mol, the highest

among the tested methods. The ROC curves are shown in

Supplementary Fig. 5. The AUC values for M8 and M47

are 0.83 and 0.91, respectively, while the AUC for FoldX is

0.78.

M8 and M47 were also assessed using a smaller dataset,

S388. When it was used in a 20-fold cross-validation, M8,

with its accuracy 0.90, performed even better than M47.

However, if S1156, constructed from the S1615 dataset by

removing the S388-related dataset, was used for 20-fold

cross-validation, the accuracy of M8 was much lower

compared with M47 (Supplementary Table 5).

The S388 dataset was also compared with some addi-

tional methods, namely MUpro, I-Mutant (http://gpcr2.

biocomp.unibo.it/*emidio/I-Mutant/I-Mutant.htm) (Cap-

riotti et al. 2004), DFIRE (http://sparks.informatics.iupui.

edu) (Yang and Zhou 2008), PoPMuSiC (version1.0)

Table 3 Prediction performance for the S2760 dataset

Method TPR TNR PPV NPV Accuracy MCC

M8 0.56 0.89 0.70 0.81 0.79 0.48

M47 0.66 0.94 0.84 0.86 0.85 0.65

FoldX 0.64 0.72 0.52 0.81 0.70 0.35

I-Mutant 2.0 0.64 0.93 0.81 0.85 0.84 0.61

MUpro 0.65 0.92 0.79 0.85 0.84 0.61

Table 4 Regression performance for the S2760 dataset

Method r RMSE (kcal/mol) Regression line

M8 0.65 1.3 y = 0.4676x - 0.4128

M47 0.82 1.0 y = 0.6805x - 0.2494

FoldX 0.41 2.1 y = 0.4755x - 0.2301

I-Mutant 2.0 0.79 1.1 y = 0.5765x - 0.3106

MUpro 0.78 1.1 y = 0.6799x - 0.2638

852 Y. Yang et al.

123

http://www.ics.uci.edu/~baldig/mutation.html
http://www.ics.uci.edu/~baldig/mutation.html
http://folding.uib.es/i-mutant/i-mutant2.0.html
http://folding.uib.es/i-mutant/i-mutant2.0.html
http://proteins.gmu.edu/automute/
http://proteins.gmu.edu/automute/
http://gpcr2.biocomp.unibo.it/~emidio/I-Mutant/I-Mutant.htm
http://gpcr2.biocomp.unibo.it/~emidio/I-Mutant/I-Mutant.htm
http://sparks.informatics.iupui.edu
http://sparks.informatics.iupui.edu


(http://babylone.ulb.ac.be) (Kwasigroch et al. 2002), and

FoldX for which performance figures were available in

literature. If S1156 was used as the training dataset and

S388 as the blind test set, the accuracy of M47 was 0.89,

which was higher than the other datasets (Supplementary

Table 6). These results indicate that M47, which has the

most descriptive features, provides the best performance.

To compare M47 with our previous SVM predictor

(Shen et al. 2008), we used the datasets S2760, S1925, and

S1156. The accuracies of the latter were 0.80, 0.79, and

0.86, with MCCs of 0.50, 0.47, and 0.2, respectively. The

performance for M47 was significantly improved. Since the

previous method does not utilize protein structure infor-

mation required for all other methods, it is not included in

Table 3 or Supplementary Tables 3 or 6.

Prediction performance assessment using different

model optimizing methods

Generally, we could apply two different methods to opti-

mize the model parameters: (1) to optimize each of the 20

training sets in the 20-fold CV separately and (2) to opti-

mize the model parameters by optimizing the mean per-

formance over the 20-fold cross-validation. Ideally, if the

dataset for model training and parameter optimizing is

huge, the two methods will have the same optimizing

results, but for many cases of biological studies, with only

small datasets available for model building, the models

optimized with different datasets will have different results

and therefore the model is often unstable.

In this work, we first took the second optimizing method

and the results are shown in Supplementary Table 2. For

comparison, we also optimized the model using the first

method. The optimizing result shown in Supplementary

Fig. 7 is similar to the result of second method as expected;

although the dataset is not large enough, the results are not

exactly the same. With these different models shown in

Supplementary Fig. 7, the model cannot be built by aver-

aging the parameters, but only selecting the best model by

voting method, in this way, the last model should be the

same for these two methods.With c = 8, = 0.5, the mod-

el’s performance is indeed the best (see Supplementary

Table 3).

Software

The M8 and M47 methods are available in the software

tool called PPSC (Prediction of Protein Stability Changes).

M8 and M47 models are based on protein structure; thus it

is necessary to provide PDB format files when performing

prediction. The program can be downloaded from our web

page: http://www.ibio-cn.org/softwares/PPSC/index.html

or from a mirror site at http://structure.bmc.lu.se/PPSC/.

Fig. 3 Regression between the a M8 and b M47 predicted and experimental DDG using the S2760 dataset

Fig. 4 ROC curves for the M8, M47, FoldX, I-Mutant 2.0, and

MUpro models using the S2760 dataset
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When using the program, the first step is to download the

PDB file; the CE is then calculated, followed by the sta-

bility prediction. There is even an option to train new SVM

models with user-provided datasets. PPSC has a provision

for batch processing of a list of variants.

Discussion

New methods were developed for protein stability predic-

tion of amino acid substitutions and utilizing approaches,

and knowledge from our previous programs (Shen et al.

2008; Shen and Vihinen 2003). The M47 model improves

prediction in two main ways compared with previous

methods. First, the model quantitatively considers the

overall protein structure information using a coarse-grained

model, where the contact energy change caused by an

amino acid substitution can directly reflect the change in

protein stability. The coarse-grained model calculation is

rapid because the atomic level information for the amino

acids is simplified to united interacting particles. Second,

we used only a limited number of parameters for model

building (M8). There is a danger of models over-fitting

when many parameters and limited datasets are used for

model training. However, M47 produced better perfor-

mance when the dataset size was large. Our predictor

imported protein structure information, e.g. the very

important information of the structure-neighboring sites,

which maybe far away from each other in sequences.

Therefore, the improvement benefited prediction accuracy.

The problem of reliably predicting protein stability

changes is still important because of its significance when

investigating disease mechanisms and during protein

engineering. Although several methods have been pro-

posed for predicting stability changes, their performance

has not been satisfactory. Our model improved the input

features and prediction performance, but it still has two

limitations: (1) the dependence on three-dimensional pro-

tein structure and (2) the variant modeling is not precise

because the native amino acid was replaced with the var-

iant amino acid in the same rotamer. Some software tools

can calculate the rotamers for variants including Probe

(Word et al. 1999), but due to extensive computational

requirements cannot be applied to a large numbers of cases.

The coarse-grained model is not sensitive to small devia-

tions in structure and it can compensate for the lack of

optimal variant rotamer.

Our future work will focus on studying relationships

between input attributes and energy changes to further

improve the predictors.
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