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Abstract—We describe a support vector regression
(SVR) approach to predict the accessible surface area
(ASA) of a protein from its sequence. Our approach
encodes each protein residue as a vector of amino acid
propensities derived from a multiple alignment of the
subject protein with homologous proteins. The vec-
tor consists of the log-likelihood ratios of each of the
twenty amino acids in the residue’s multiple alignment
column. Using a reference set of proteins of known
structure and, hence, known ASA, we trained an SVR
model. Each training sample consists of the fifteen log-
likelihood vectors in a window of width fifteen surround-
ing a residue, along with the “true” ASA value, com-
puted from the known structure. To apply the model to
proteins of unknown structure, only the subject protein
sequence is required. Our method uses PSI-BLAST to
simultaneously determine a set of (putative) homologs
and compute the log-likelihood vectors needed to en-
code the subject protein. We show that this method
provides substantially improved accuracy in predicting
ASA when compared with an earlier method.
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I. Introduction

Determining which residues are on the surface of a
protein is extremely important to understanding its
function. To a large extent, only residues that are
solvent accessible can interact with the protein’s envi-
ronment. For example, active sites are always located
on the protein’s surface.

The absolute solvent accessibility (ASA) of a protein
residue is the surface area of the residue available for
interaction with the solvent. Determining the ASA of
a residue is relatively easy when the protein’s struc-
ture is known. However, since most proteins do not
have solved structure, we are interested in the prob-
lem of predicting solvent accessibility directly from the
sequence of the protein.

A great deal of research has looked at the related
problem of classifying residues into two or more sol-
vent accessibility classes [1], [2], [3], [4]. Two-class
(buried/accessible) prediction methods have achieved
accuracies as high as 75% when multiple sequence
alignment data is used. In this paper, we address the
more difficult problem of predicting the ASA value of
each residue, rather than simply predicting its class.
Of course, any ASA prediction method can also be
used to solve the class prediction task.

Our goal is to predict the ASA of each residue in
a protein of unknown structure. In previous work [5],

we used support vector regression (SVR) [6], [7] to pre-
dict ASA values. We based the prediction on the linear
context of the residue–the identities of the residues on
either side of it in the linear protein chain. In this work,
we seek to improve the accuracy of the method by in-
corporating information implicit in a multiple align-
ment of the subject protein with (putatively) homolo-
gous proteins.

In our previous approach we encoded the context of
a residue as a sequence of fifteen context vectors,
X = (x−7, x−6, . . . , x−1, x0, x1, . . . , x7). These vectors
represented the amino acids in a window of width fif-
teen around the subject residue (with x0 representing
the subject residue itself.) Each context vector, xi,
represented a single amino acid, encoded as a length-
21 unary vector. Positions one through twenty in the
vector correspond to the twenty common amino acids
listed in their order in the IUPAC single-letter code [8].
The twenty-first position in the vector corresponds to
the other letters in the IUPAC code (B, U, X, Z). (E.g.,
“A”= (1, 0, . . . , 0), “C”= (0, 1, 0, . . . , 0), . . . , “other”
= (0, . . . , 0, 1).)

In the current work, we encode each context residue
as a length-21 vector of real numbers representing the
information contained in that residue’s column in a
multiple alignment. To derive this encoding, we first
perform a multiple alignment of the subject protein
with a set of homologous proteins. Then, for each col-
umn of the multiple alignment, we calculate the ob-
served frequency of each of the twenty amino acids.
We convert these frequencies to log-likelihood ratios
by dividing them by the relative overall frequencies of
the amino acid and taking logarithms. This results in a
length-20 vector of log-likelihood ratios encoding each
context residue. That is, the residue at position i in the
subject protein is encoded as xi = (llA, llC , . . . , llY ),
where lla is the log-likelihood of residue a appearing
aligned with residue i in the subject protein. A twenty-
first component is set to zero for most residues. How-
ever, we mask low complexity and coiled-coil regions
in the input sequences. Masked residues are encoded
using the unary-encoding described above.

II. Methods

We perform SVR on a set of training samples, T =
{(Xi, yi)}, derived from a large reference set of proteins
of known structure. Each amino acid in each protein



in the reference set contributes one sample to T . Each
sample consists of the linear context sequence, Xi, and
a calculated ASA value, yi. We describe the formula-
tion of the problem and the encoding method for deriv-
ing Xi below. Using the same encoding method, the
ASA of each residue of a target protein of unknown
structure can be estimated from the Xi for the target
protein.

A. Support Vector Regression

We formulate the ASA prediction problem as a sup-
port vector regression problem following [7]. Each
residue in the proteins in the training set is encoded,
as described in the next section, into a vector we will
call X . Then, X is mapped (non-linearly) onto an
m-dimensional feature space. A linear model is con-
structed in this feature space. The predicted ASA
value will be given by

f(X) =
m

∑

j=1

wjΦ(X) + b.

Here, Φ(X) is the non-linear mapping and b is the
“bias”. The regression parameters wj and b are es-
timated by minimizing the sum of the norm of the
“weights”, ‖w‖2, and the empirical risk on the train-
ing samples. In particular, Vapnik’s ε-insensitive loss
function is used here to quarantine the errors. It is
defined by

Lε(y − f(X)) =

{

0, if |y − f(X)| ≤ ε

|y − f(X)| − ε, otherwise.

The empirical risk function is

C

n

n
∑

i=1

Lε(yi − f(Xi)),

where C is a (user-setable) regularization constant and
n is the number of training samples. Only those errors
that are larger than ε contribute to the risk function.
The size of C determines the relative contributions of
the model complexity and error terms to the risk func-
tion.

To reduce the complexity of the optimization prob-
lem, slack variables ζ and ζ∗ are introduced to measure
the deviation of samples outside the ε-insensitive zone.
Thus, SVR is formulated as:

minimize:
1

2
‖w‖2 + C

m
∑

i=1

(ζi + ζ∗i )

subject to:







f(Xi) − yi ≤ ε + ζi

yi − f(Xi) ≤ ε + ζ∗i
ζi, ζ

∗
i ≥ 0, for i = 1,. . . ,m

This can be transformed to the dual problem. Its
solution is given by

f(X) =

n
∑

i=1

(α∗
i − αi)K(Xi, X) + b,

where the dual variables are constrained to [0, C] and
the kernel function,

K(X, X ′) = Φ(X) • Φ(X ′).

In this study we use the radial basis function

K(X, X ′) = e−γ‖X−X′‖2

.

The user-settable parameter gamma determines the ra-
dius of kernel.

In our implementation, we use the SVM Light [9]
package to perform support vector regression.

B. Residue encoding

To encode a subject protein of known or unknown
structure, we begin by creating a multiple align-
ment. We use PSI-BLAST [10] run for three iterations
against the NCBI non-redundant protein database to
create the multiple alignment. For each residue i in
the subject protein, PSI-BLAST directly outputs the
length-twenty vector, xi, of log-likelihood ratios de-
scribed in the introduction. The values of xi in a
window of length fifteen are used to compose the con-
text sequence Xi = (xi−7, xi−6, . . . , xi, xi+1, . . . , xi+7).
Each residue is thus mapped onto an 15 · 21 = 315 di-
mensional feature space.

C. Reference protein set

We prepared a high-quality dataset of 945 non-
redundant protein chains from the Protein Data Bank
(PDB) [11] extracted using PDB-REPRDB [12]. The
pairwise identity of all proteins in the dataset is not
more than 25%. All proteins are at least 60 amino
acids long. For structures solved using X-ray crys-

tallography, only those with resolution ≤ 2.0Å
2

and
R-factor ≤ 0.2 are included in our dataset. For
the NMR structures, we use only the first model
in its PDB entry. (Datasets are available at URL
http://www.uq.edu.au/ uqgyuan/embs2004.)

For proteins in the reference set, we compute the
ASA of each residue using the SURFace algorithm [13].
(We refer to this value as the “true” ASA.) Our previ-
ous research [5] has shown that accuracy is improved
by predicting normalized ASA rather than raw ASA.
Hence, we normalize the calculated ASA by dividing
it by the ASA value of the subject amino acid, R, in
the tripeptide Ala-R-Ala, as given in [14]. This gives
the value of yi for the subject residue. Absolute ASA
values are easily recovered by multiplying by the same
normalizatIon constants.



TABLE I

Comparison of accuracy of ASA predictions for the

two SVR methods.

method C mean absolute correlation

error (Å
2
) coefficient

S1 5.0 31.28 ± 0.04 0.597 ± 0.002
S2 2.0 30.26 ± 0.05 0.621 ± 0.002
M1 2.0 27.52 ± 0.05 0.679 ± 0.002
M2 5.0 26.82 ± 0.05 0.693 ± 0.002

D. Measurement of prediction performance

We use a testing methodology related to cross-
validation to measure the accuracy of our prediction
method. We divide the reference protein set into three
groups each containing 315 protein chains. Three-fold
cross-validation would use two groups for training and
one group for testing. Because of the large amount of
computer time required for training, we instead trained
on one group and tested on two, as follows. For each
group, we create a set of samples by encoding the
residues and computing the ASA as described above.
We then learn the SVR parameters using one group
of samples, and test using the other two groups. This
procedure is repeated three times, using each group of
samples as the training set once. The final results are
the average of the three rounds of tests.

To measure the prediction performance of SVR, the
ASA absolute error is calculated for each residue, de-
fined as the absolute value of the difference in “true”
and predicted ASA. We report the mean absolute er-
ror for each round of testing. For each protein, we also
compute the Pearson’s correlation coefficient between
“true” and predicted ASA values.

We also consider the accuracy of our regression mod-
els when used as a classifier. We choose various thresh-
old values on “true” ASA for dividing residues into two
solvent accessibility classes (buried/exposed). We plot
the ROC curve [15] for the predicted ASA values of all
test residues.

E. Comparison with other methods

Our previous research [5] shows that our single-
sequence SVR method is superior to other known
methods for predicting ASA. We compare our new
method, therefore, against our earlier single-sequence
SVR method run on the same dataset.

Both the single-sequence and our current method
have three user-settable parameters. For the single-
sequence SVR method, we used the best parameters
as determined in our earlier research. For our current,
multiple-sequence SVR method, we did not optimize
over the possible user-setable parameters. We used
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Fig. 1. ROC analysis of ASA classification accuracy.
The figure shows the ROC plots for the same data as in Ta-

ble I. Residues with “true” ASA values greater than 45Å
2

were
classified as exposed; otherwise, they were classified as buried.
The ROC curves plot the sensitivity (true positives/positives)
versus 1 - specificity (false positives/negatives) for each possible
predicted ASA threshold.

ε = 0.01, γ = 0.01, and tried two values of C, C = 2
and C = 5. This puts our new method at a relative
disadvantage, making any inference of superiority more
conservative.

III. Results

ASA prediction accuracy using the multiple align-
ment and single sequence SVR is summarized in Ta-
ble I. In the table, methods S1 and S2 are the single-
sequence SVR method with two different values of
C; similarly, methods M1 and M2 are the multiple-
sequence SVR method. The average absolute errors in
predicted ASA for all sequences is shown for the two
methods is shown. The mean correlation coefficient of
predicted ASA and “true” ASA is also shown, aver-
aged over the sequences in the test groups. Results
are expressed as mean ± the standard error. The best
results for each metric are highlighted in bold type.
Under both accuracy metrics–mean absolute error and
average correlation coefficient–the multiple-sequence
method, regardless of the choice of C, is substantially
better. Overall, the multiple-sequence method using
the larger value of C (C = 5), which increases the
importance reducing training errors as compared with
model complexity, is most accurate according to all two
metrics. Clearly the use of the encoding incorporating
multiple sequence alignment information improves pre-
diction accuracy.



We also studied the accuracy that can be obtained
when the predicted ASA values are used in a classifier.
Using the same results as in Table I, we applied six
different thresholds for classifying residues as buried

versus exposed: 5, 25, 35, 45, 75, 100 Å
2
. In each

case, the ROC curves for the current method (M1 and
M2) “dominated” the curves for our previous, single
sequence method (S1 and S2). Figure 1 shows a typical
example. All the points on the curves for methods
M1 and M2 lie above the corresponding points on the
curves for S1 and S2. This means that, for any desired
level of sensitivity, the specificity of the new method is
always higher on this data.

IV. Discussion

We have described a new method for predicting the
ASA of protein residues from primary sequence infor-
mation. We have shown that it is more accurate un-
der various measures than a previous method we de-
scribed and showed to be more accurate than the state-
of-the-art. Therefore, we believe our current method
to be better than any existing method. We will make
our ASA predictor available as a web service via URL
http://bioinformatics.org.au.

The improved accuracy of our method comes from
incorporating the extra information present in multi-
ple alignments. The function of proteins constrains
the evolution of their residues, and this signal is
present when we align the homologs present in a non-
redundant database with a subject protein. One can
speculate that this reduces the noise present when we
look at the sequence of a single protein and try to pre-
dict ASA based solely on local sequence context.

The improvement in prediction accuracy comes at
a cost in computation time relative to our previous
method. The earlier method used a unary encoding
for each residue. This resulted in a very sparse encod-
ing. Our current method encodes each residue as a
real vector. Training the SVR takes much longer as a
result. One line of future research is to explore ways to
speed up the SVR training. Computing the ASA of a
novel protein takes only a minute or so plus the time for
a PSI-BLAST search of the non-redundant database.
This time is more important than the training time,
which only need be done once, or at most periodically
when the PDB has grown substantially since the last
training.
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