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ABSTRACT An integrated system of neural
networks, called SPINE, is established and optimized
for predicting structural properties of proteins.
SPINE is applied to three-state secondary-structure
and residue-solvent-accessibility (RSA) prediction in
this paper. The integrated neural networks are care-
fully trained with a large dataset of 2640 chains,
sequence profiles generated from multiple sequence
alignment, representative amino acid properties, a
slow learning rate, overfitting protection, and an
optimized sliding-widow size. More than 200,000
weights in SPINE are optimized by maximizing the
accuracy measured by Q3 (the percentage of cor-
rectly classified residues). SPINE yields a 10-fold
cross-validated accuracy of 79.5% (80.0% for chains of
length between 50 and 300) in secondary-structure
prediction after one-month (CPU time) training on
22 processors. An accuracy of 87.5% is achieved for
exposed residues (RSA >95%). The latter approaches
the theoretical upper limit of 88–90% accuracy in
assigning secondary structures. An accuracy of 73% for
three-state solvent-accessibility prediction (25%/75%
cutoff) and 79.3% for two-state prediction (25% cutoff)
is also obtained. Proteins 2007;66:838–845. VVC 2006

Wiley-Liss, Inc.
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INTRODUCTION

How to make an accurate prediction of protein second-
ary structure and residue solvent accessibility (RSA) is a
long-standing unsolved problem in structural bioinfor-
matics. One common way to predict secondary structure
and solvent accessibility is to classify them into a few
states. A three-state classification (helix, sheet, coil) is
often used for secondary structure while two-state (bur-
ied and exposed) and three-state (buried, exposed, inter-
mediate) assignments are most common for solvent
accessibility.
Early methods for secondary-structure prediction are

built on statistical analysis of single residue1–3 and its
neighboring residues.4–7 Current state-of-the-art techni-
ques,8,9 on the other hand, employ machine-learning
models to ‘‘learn’’ from sequence profiles generated from

multiple sequence alignment as well as other sequence-
derived information. The most commonly used machine-
learning models are neural networks.10–18 Other meth-
ods such as multiple linear regression,19,20 k-nearest
neighborhood,21 and support vector machines22–24 have
also been used. Some methods14,15,25–30 are based on
consensus prediction from multiple methods or multiple
neural networks. In a recent study, a separate neural
network for predicting the ends of secondary-structure
segments yields an improved prediction of secondary
structure.31 Many approaches have also been developed
for predicting RSA.32–43,35 Methods for a combined pre-
diction of secondary and solvent accessibility44 or w dihe-
dral angles45 are also developed. The accuracy of second-
ary-structure prediction is stagnated around 77%. Most
reported accuracies, however, are not multiply cross vali-
dated and/or are obtained from several small datasets.

The goal of this paper is to develop an integrated sys-
tem of neural networks that is suitable for predicting
structural properties of proteins. We design a consensus
predictor based on a parallelized two-level neural net-
work. The method is called SPINE (prediction of Struc-
tural Properties of proteins by Integrated NEural net-
works). Here, we apply SPINE to secondary-structure
and solvent-accessibility prediction. To have a reliable
estimate on the three-state accuracy of SPINE, we use a
ten-fold cross-validation on a large nonredundant data-
set available from protein data bank (2640 proteins with
less than 25% similarity). The Q3 score (the percentage
of correctly classified residues) is 79.5% for secondary-
structure prediction and 73% for RSA (three-state defini-
tion based on 25% and 75% cutoffs). We further examine
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the effect of window sizes, number of hidden layers,
X-ray resolution, chain sizes, and other attributes on
the accuracy of secondary-structure prediction.

METHOD
Dataset for Training and Testing

A list of chains (3920 proteins), with sequence identity
less than 25% and X-ray resolution lower than 3 Å, was
taken from the protein sequence culling server PIS-
CES.46 The chains with unknown structure regions were
removed. The final dataset contains 2640 protein chains
with a total of 591,797 residues. The dataset has a com-
position of 37.6% helix, 23.0% sheet, and 39.4% coil. In
this set, there are 1952 chains whose chain length is
between 50 and 300. The composition of 1952 chains is
37.5% helix, 24.3% sheet, and 38.2% coil. To test the de-
pendence on the size of dataset, another group of chains
is obtained by randomly removing 50% of the dataset
with 2640 chains. This small-size dataset has 1373
chains.
For a given protein structure, the secondary structure

of a residue is defined by the program DSSP.47 Because
the DSSP program assigns eight states for secondary
structures, we group them into the three states by con-
verting (G, H, I) to H, (B, E) to E, and (T, S, other) to C.
Residue solvent accessible surface area is also calculated
by the DSSP program. Residue solvent accessibility
(RSA) is the solvent accessible surface area of a residue
in a protein normalized by the solvent accessible surface
area of the residue in its ‘‘unfolded’’ state.48 We define a
residue as buried if RSA �25%, somewhat exposed if
25% < RSA � 75%, and fully exposed if RSA >75%. The
compositions for buried, partially exposed, and fully
exposed are 55.4%, 37.1%, and 7.5%, respectively, for the
2640-protein set.
To further test the method and facilitate comparison

with early studies, other small datasets of protein struc-
tures have been used. These datasets include 215 high-
resolution structures of proteins (Manesh-215) collected
by Naderi-Manesh et al.,49 338 monomeric protein data-
set (Carugo-338) used by Carugo,50 and 513 protein
dataset (CB-513) developed by Cuff and Barton.51 These
datasets are also made of protein sequences with less
than 25% homology.

SPINE Input

Each amino acid is described by a vector of many pa-
rameters. These parameters include 20 values from the
Position Specific Scoring Matrix (PSSM). The PSSM is
obtained from PSI-BLAST52 with three iterations of
searching against nonredundant sequence database
(ftp://ftp.ncbi.nih.gov/blast/db/FASTA/nr.gz) (i.e. it was
produced with command ‘‘blastpgp -d filtnr -j 3 -i
psitmp.fasta -Q psitmp.prf ’’). As in PSIPRED,12 the
database was filtered to remove low-complexity regions,
transmembrane regions, and coiled-coil segments. We
also use seven representative amino acid properties

identified by Meiler et al.:53 a steric parameter (graph
shape index), hydrophobicity, volume, polarizability, iso-
electric point, helix probability, and sheet probability. In
addition, one parameter is used for describing the non-
existence of amino acids for some positions of the sliding
window centered at the edge of the chain. A sliding win-
dow centered on a residue is employed to make use of
information of its neighboring residues. (Also see later.)
Thus, we have a vector of 21 or 28 parameters for each
amino acid residue at a given sequence position depend-
ing on if seven properties of amino acid residues are
used.

As with previous studies,26 each network unit is re-
sponsible for predicting the secondary structure (or
RSA) of one residue. The network unit for a residue is
trained and tested with a sliding window of sequential
residues centered around that residue. The total number
of the attributes for learning in the SPINE method is ei-
ther 21 3 n þ 1 for PSSM only or 28 3 n þ 1 for PSSM
plus properties (PROP). Here, one additional attribute is
the bias used for refining the network and n is the size
of sliding window.

SPINE Algorithm

As shown in Figure 1, the overall architecture of neu-
ral networks in SPINE follows the protocol established
by Rost and Sander26 and adapted by many others (e.g.
Refs. 12 and 54). The system makes a consensus predic-
tion from two separate predictors (A and B) consisting of
two-level neural networks (i.e. a total of four neural net-
works). The first-level (A1 or B1) network is a three-state
classifier using all the input attributes described earlier.
The second-level (A2 or B2) network is a filter that
refines the predicted results from A1 or B1 with or with-
out a sliding window.

The neural networks employed here are back propaga-
tion neural networks with a sigmoid activation function.
The parameters for neural networks are shown in Table I.
Specifically, the learning rate and momentum are set at
0.001 and 0.4, respectively. The momentum and learning
rate were chosen for slow learning and minimizing the
possibility of missing local optimization. We use either 100
or 200 number of hidden units for the first-level network
in order to test the effect of the number of hidden units.
The number of hidden units for the second-level network
is fixed at 10.

Fig. 1. Block diagram of three-state prediction for secondary struc-
ture and residue solvent accessibility.
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All initial input and output values for each network are
generated by random number generators and were normal-
ized to be within the range from 0 to 1 with a linear nor-
malization: X ¼ (X � Xmin)/(Xmax � Xmin). For each net-
work, weights are iteratively optimized to maximize the
number of correctly classified residues divided by total
number of residues, the Q3 value. In each training process,
a random selection of 5% of the data is set aside for inde-
pendent test and error estimation in order to avoid possible
overfitting. The weights that produce the more accurate
prediction of the 5% of the data are saved for further use.
Iterations for learning stop if there is more than 400 con-
tinuous iterations (epochs) that decrease (or do not
increase) the prediction accuracy. If the stopping criterion
is not fulfilled, the maximum number of iterations is 4000
for A1 and B1 networks and 20,000 for A2 and B2 networks.
In every learning the aforementioned parameters were cho-
sen so that the computing time required for learning is
affordable for the computing resource available to us.
There is no attempt to optimize them.
The training is first performed for the first-level net-

works (A1 and B1) and followed by the second-level net-
works (A2 and B2). Because two predictors (A and B) are
started from different initial random weights, different
suboptimal weights and predictions are obtained. The
two predictions are combined by voting. If both predic-
tions favor one state, the state is predicted. If the two
predictions are different states, the one with the highest
output value is chosen. The output could be either sec-
ondary structure as H (helix), E (sheet), or C (coil), or
three-state solvent accessibility for fully exposed, par-
tially exposed, and fully buried, as defined in the train-
ing dataset.

Cross validation

We randomly divide the training set into 10 parts,
nine of which are for training and the rest for testing.
The process is repeated 10 times. The Q3 score is the
total number of correctly predicted residue states (in all
10 tests) divided by the size of training set (total number
of residues). The accuracies for helices (QH), sheets (QE),
and coils (QC) are also reported in terms of number of
correctly predicted residues in total number of residues
in a given class (state).

RESULTS
The Window Size

Because of the uncertainty about which window size
for the first-level network to use, we train and test neu-

ral networks on various window sizes by using two data-
sets of different chain lengths (50–300 and 40–2000) for
1146 and 1373 chains, respectively. (1146 chains are
obtained from 1373 chains after proteins with chain
lengths less than 50 or greater than 300 are removed.)
The resulting Q3 scores are shown in Figure 2. We found
that window sizes between 15 and 25 make a negligible
effect on the accuracy of prediction (0.1–0.15%). Never-
theless, there is an optimal window size. Without curve
fitting, the optimal window size with the highest Q3

score is 23 and 19, for the first and second datasets,
respectively. From the curve fitting, the results for both
datasets suggest an optimal window size of 21. Thus,
hereafter, we will use a window size of 21 for all other
training and testing.

Secondary-Structure Prediction

Six experiments with a sliding window size of 21 resi-
dues for the first-level network are conducted. The results
of ten-fold cross validations are shown in Table II. These
experiments are designed to test the effect of employing
amino acid properties, the size of databases, and number
of hidden layers, chain lengths, and the size of window
for the second-level network on the accuracy of second-
ary-structure prediction. The overall Q3 score increases
0.5% by employing seven amino acid properties as addi-
tional attributes to PSSM, 0.5% by increasing the size of
datasets from 1373 to 2640 chains, 0.2% by using sliding

TABLE I. Neural Networks Settings

Networks Momentum
Learning

rate
Maximum
epochs

Stopping
epochs Units

A1 and B1 0.4 0.0001 4,000 400 100 or 200
A2 and B2 0.4 0.0001 20,000 400 10

Fig. 2. The accuracy of secondary-structure prediction as a function
of window size for A1 and B1. Two sets of results are for 170,093 resi-
dues and 1146 chains of lengths between 50 and 300 (triangles) and
248,299 residues and 1373 chains of lengths between 40 and 2000
(solid circles), respectively. Lines are from curve fitting to the two sets
of data. This test is conducted with PSSM as the only input.
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window of 11 to 21 in filter neural networks (A2, B2),
and 0.2% by increasing the number of hidden layers
from 100 to 200. The final Q3 score for the ten-fold cross
validation of the dataset of 2640 chains is 79.5%. The
accuracies of helix, sheet, and coil are 83.35%, 69.95%,
and 80.55%, respectively. As with previous studies,8,9

helical prediction has the highest success rate, followed
by coil. Interestingly, the Q3 score for proteins whose
chain lengths between 50 and 300, derived from 40–
2000 test results, is even higher by an additional 0.5%
(80.0%).
SPINE is further tested on several smaller datasets.

Ten-fold cross validations are separately performed on
two datasets with 338 (Carugo-33850) and 513 (CB-
51351) proteins. These datasets are also made of protein
sequences with less than 25% homology. Results are
shown in Table III. As expected, a lower predicted accu-
racy (Q3 ¼ 77%) is observed with a smaller training
dataset. Direct application of SPINE trained by 2640
proteins (Experiment 5) yields a Q3 score of 80% for
both sets.
It is of interest to see whether the accuracy of protein

structures has an effect on the accuracy of secondary-
structure prediction. We analyze the data from Experi-
ment 3 by plotting the Q3 score as a function of X-ray re-
solution. Figure 3 shows that indeed the prediction accu-

racy is higher for a structure with higher resolution. The
change in Q3 scores, however, is small. The Q3 score is
79.3% for all chains with resolution of 1.5 Å or higher and
79.1% for all chains with a resolution of 3 Å or higher.

One can also analyze whether or not the accuracy of
secondary-structure prediction is influenced by solvent
accessibility of amino acid residues. Figure 4 shows the
accuracy of prediction as a function of solvent accessibil-
ity. The outstanding feature of this figure is that predic-
tion for 11,583 residues with RSA >95% is the most
accurate (Q3 ¼ 87.5%). This is because exposed residues
interact weakly with the rest of proteins and local inter-
actions dominate. As residues became more buried (RSA
<90%), the change in accuracy of prediction is small
(between 77 and 81%). Similar feature is observed when
the accuracy of secondary-structure prediction is ana-
lyzed on the individual residue level. Figure 5 shows the
results for hydrophobic residue Leu and hydrophilic resi-
due Lys as examples.

TABLE II. Six Experiments in Secondary-Structure Prediction

Experiment
No. of
chains

No. of
residues

Chain
size

Filter
window

Input
profile

NN
units

Q3

Score (%)

1 1373 248,299 40–2000 1 PSSM 100 77.9
2 1373 248,299 40–2000 1 PSSMþPROP 100 78.6
3 2640 591,797 40–2000 1 PSSMþPROP 100 79.1
4 2640 591,797 40–2000 1 PSSMþPROP 200 79.3a

5 2640 591,797 40–2000 11. . .21b PSSMþPROP 200 79.5c

6 1952 313,006 50–300 11. . .21b PSSMþPROP 200 80.0d

aThe partial accuracies are QH ¼ 83.35%, QE ¼ 69.95%, and QC ¼ 80.55%. The compositions of helices, sheets, and coils are 37.6%, 23.0%,
and 39.4%, respectively.
bThe sizes of filter window (A2, B2) tested are 11, 13, 15, 17, 19, and 21. They yielded the same performance.
cThe partial accuracies are QH ¼ 83.72%, QE ¼ 71.07%, and QC ¼ 80.48%. (This setting was used for SPINE server.)
dThe partial accuracies are QH ¼ 84.44%, QE ¼ 72.23%, and QC ¼ 80.46%. The compositions of helices, sheets, and coils are 37.5%, 24.3%,
and 38.2%, respectively.

TABLE III. The Accuracy of Secondary-Structure
Prediction for Small Datasetsa

Dataset Method Qh Qe Qc

Q3

Score (%)

Carugo-338b Tenfoldc 79.76 67.63 80.13 77.07
Directd 83.02 73.23 81.86 80.14

CB-513e Tenfoldc 79.04 64.85 80.98 76.77
Directd 83.84 72.35 79.91 79.64

aWindow sizes are 21 and 15 for the first and second level neural
networks, respectively. Both PSSM and PROP profiles are used.
The number of neural network units is 200 for the first level neural
networks.
b338 monomeric protein dataset.50
cTenfold cross-validated results.
dDirect application of SPINE trained by 2640 proteins.
e513-protein dataset (CB-513) developed by Cuff and Barton.51

Fig. 3. The accuracy of secondary-structure prediction as a function
of the cutoff for the X-ray resolution of protein structures included
in the training dataset. Results are from Experiment 3 described in
Table 2. The number of residues is 135,378, 410,274, 544,503, and
591,797, for a resolution cutoff of 1.5, 2, 2.5, and 3A, respectively. The
number of chains is 628, 1849, 2427, and 2640, for a resolution cutoff
of 1.5, 2, 2.5, and 3A, respectively.
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The accuracies of predicted secondary structures for
20 amino acid residues (Experiment 5) are shown in Ta-
ble IV. The prediction accuracy ranges from 75% to 81%.
The residue with the lowest accuracy is Cys (75.16%).
We found that there is a strong positive correlation
(with a correlation coefficient of 0.66) between predicted
accuracy for amino acid residues and their abundance in
2640 proteins (or 591,797 residues). (See Fig. S1 in Sup-
plement Materials.) There are two under-performed out-
liers (hydrophilic Ser and Thr) and two outperformed
outliers (hydrophobic Met and Ile). Removing the four
residues yields a correlation coefficient of 0.9. It is not
clear what makes relatively poorer prediction for Ser
and Thr. Nevertheless, a larger dataset for a residue
will likely yield a more accurate prediction for that resi-
due. This further highlights the importance of a large
dataset for training and test.
What constitutes 20.5% errors in secondary-structure

prediction in Experiment 5 described earlier? Table V
compares the error rates associated with misclassifica-
tion between different secondary structural classes. It

shows that the error is mainly due to misclassification
between helix and coil (9.4%) and between sheet and coil
(9.2%) but is rarely due to misclassification between he-
lix and sheet (1.9%). The result agrees with previous
observations 8 and explains the high success rate of pre-
diction of protein classes (all-a proteins, all-b proteins,
and mixed a, b proteins, e.g. Ref. 14).

We also analyze additional details regarding actual
secondary structures of the residues surrounding the
residue with an incorrectly predicted secondary struc-
ture (see Table S1 in Supplement Material). It shows
that misidentifying the secondary structure in the mid-
dle of a secondary-structure segment is 9% (e.g. 2.4%
error involving ‘‘H’’ in the middle of ‘‘HHH’’ that is misi-
dentified as ‘‘C’’) while misidentifying the secondary
structure at the edge of a secondary-structure segment

Fig. 4. The accuracy of secondary-structure prediction as a function
of solvent accessibility (RSA).

Fig. 5. The accuracy of secondary-structure prediction, for K and L
residues, as a function of solvent accessibility (RSA).

TABLE IV. The Accuracy of Secondary-Structure
Prediction (Q3) for 20 Residues Along With Their
Compositions in the Training Set of 2640 Proteins

Amino
acid Q3

Composition
(%)

A 81.45 8.21
C 75.16 1.27
D 78.97 5.84
E 80.99 6.8
F 78.16 4.08
G 80.72 7.31
H 75.61 2.33
I 82.07 5.73
K 78.92 5.9
L 81.48 9.2
M 80.42 1.83
N 78.00 4.38
P 80.61 4.54
Q 79.72 3.75
R 79.37 4.98
S 76.06 5.89
T 76.75 5.45
V 81.48 7.07
W 75.67 1.44
Y 76.72 3.58

TABLE V. Errors Contributed by Misclassification
of Residue States

Predicted Actual Error (%)

H E 1.03
H C 4.16
E H 0.85
E C 3.54
C H 5.27
C E 5.61

+
Misclassification Error (%)

H , C 9.43
H , E 1.88
E , C 9.15
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is 8% (e.g. 2.7% error involving ‘‘E’’ in the middle of
‘‘EEC’’ or ‘‘CEE’’ that is misidentified as ‘‘C’’).

Solvent-Accessibility Prediction

To test the general applicability of the SPINE algo-
rithm, we also use it to predict RSA. The widow sizes for
the first- and second-level networks are 21 and 1,
respectively. (A larger window size for the second-level
networks did not improve the results.) Four experiments
are conducted on the effects of the use of amino acid
properties and the number of hidden layers. The results
are shown in Table VI for three-state classification and
in Table VII for two-state classification. The reported ac-
curacy confirms a small increment of accuracy with
higher number of hidden layers and a relatively larger
increment of accuracy with addition of amino acid prop-
erties. The best Q3 score is 73.0% for a three-state classi-
fication and 79.3% for a two-state one.
We further evaluate SPINE by applying it directly to

several small datasets regardless of whether some or all
of proteins were contained in the training/test set of
2640 proteins. Results are shown in Table VIII. The pre-
diction accuracy is stable across different datasets (72–
74% for Q3 and 79–81% for Q2).

DISCUSSION

In this paper, we have developed a general-purpose
neural-network method, called SPINE. The method is

tested for secondary-structure and solvent-accessibility
prediction. With a large dataset of 2640 chains and
591,797 residues, SPINE achieves a Q3 score of 79.5%
for secondary-structure prediction and 79.3% for two-
state RSA prediction from a ten-fold cross validation.
The prediction accuracy given by SPINE can be attrib-
uted to a large-scale learning of more than 200,000
weights with a slow learning rate and overfit protection.
Moreover, the optimal weights in SPINE are those
increasing Q3 instead of choosing the lowest error func-
tions—an approach commonly used by other methods.

This work represents one of a few studies reporting a
rigorous ten-fold cross validation on a large dataset for
secondary-structure prediction. A probabilistic-based
model55 yields a 77% accuracy in a 10-fold cross valida-
tion on a small test set of 174 proteins. Wood and
Hirst45 reported a 77.2% accuracy in a ten-fold cross val-
idation on a set of 2245 proteins and further improved
to 79.4% after iterative use of predicted w dihedral
angles. A conditional-random-field consensus-based
method29 produced a 77% accuracy on a dataset of 513
proteins51 but for a sevenfold cross validation. Porter, a
bidirectional recurrent neural network, reported 79.0%
accuracy in a fivefold cross validation on a dataset of
2171 proteins. HYPROSP II achieves a greater than
80% success rate for a ten-fold cross validation on large
datasets of 3925 and 2217 proteins. This method, how-
ever, combines the prediction of PROSP (based on short-
fragment matching) and PSIPRED. PSIPRED12 was

TABLE VI. Solvent Accessibility (3-States) Prediction

Experiment No. of chains No. of residues Chain size Input profile NN units Q3 Score (%)

1 2640 591,797 40–2000 PSSM 100 72.2
2 2640 591,797 40–2000 PSSM 200 72.4
3 2640 591,797 40–2000 PSSMþPROP 100 72.8
4 2640 591,797 40–2000 PSSMþPROP 200 73.0a

aThe partial accuracies are Qburied ¼ 83.66%, Qexposed ¼ 68.68%, and Qfully-exposed ¼ 16.47%. The fraction of residues are 0.554 for buried
(RSA <25%), 0.371 for exposed, and 0.075 for fully exposed (RSA >75%).

TABLE VII. Solvent Accessibility (2-States) Prediction (25% Cutoff)

Experiment No. of chains No. of residues Chain size Input profile NN units Q2 Score (%)

1 2640 591,797 40–2000 PSSM 100 78.6
2 2640 591,797 40–2000 PSSM 200 78.8
3 2640 591,797 40–2000 PSSMþPROP 100 79.2
4 2640 591,797 40–2000 PSSMþPROP 200 79.3

TABLE VIII. Solvent Accessibility (2 and 3 States) Prediction With SPINE Server

Experiment Dataset Qburried Qexposed Qfully exposed Q3 Score (%) Q2 Score (%)

1 RS-126a 84.30 64.77 16.61 69.57 77.19
2 Manesh-215b 84.77 69.79 20.80 74.39 80.65
3 Carugo-338c 84.67 68.91 19.87 73.26 79.93
4 CB-513d 85.21 66.10 18.64 72.12 78.78

a126 Proteins by Rost and Sander.32
b215 Proteins by Naderi-Manesh et al.49
c338 Monomeric protein dataset.50
d513 Protein dataset developed by Cuff and Barton.51
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trained separately. Thus, it is difficult to know the
actual accuracy from cross validation when all methods
involved in HYPROSP II are trained and tested in the
same manner. However, it should be emphasized that
comparison made between this work and other pub-
lished works is not a strict one. This is because it is
impossible to have an exact comparison between the
methods that use the time-dependent sequence and/or
structural libraries.
Ten-fold cross validation for RSA prediction is rare.

The only work we found is by Yuan et al.,40 who
obtained 74.6% accuracy based on 25% cutoff for a data-
set of 531 proteins. On the other hand, the SVMpsi
method43 yields 78.7% in a sevenfold cross validation for
two-state RSA prediction with the same 25% cutoff for a
dataset of 480 proteins. Yuan and Huang41 reported a
74% accuracy in a threefold cross validation for a data-
set of 1277 proteins. Other studies focused on tests on a
few datasets. The best reported accuracy for two-state
RSA prediction with the same 25% cutoff is 77–
78%.38,54,56,57 Thus, SPINE yields the most accurate pre-
diction of RSA.
We have examined the effects of amino acid proper-

ties, number of hidden layers, and size of database. All
are found to positively contribute the accuracy of predic-
tion. The effect is more significant for adding seven
amino acid properties and doubling the size of database
(by 0.5%) but is less so for doubling the number of hid-
den layers (by 0.2%). We also show that there is an opti-
mal window size for secondary-structure prediction
around 21. However, in the range from 15 to 25, the pre-
diction accuracy could vary only in 0.1–0.15%, as shown
previously.58

We found that the X-ray resolution has a small but
positive effect on the accuracy of prediction. This sug-
gests that the gap between 80% accuracy achieved by
SPINE and a suggested theoretical upper limit of 88–
90%8,59 is likely not caused by the errors associated with
the accuracy of X-ray structures.
One source of errors for secondary-structure prediction

is the lack of adequate accounting of nonlocal interac-
tions.8,59,60 This is reflected by the following. Selecting a
group of proteins based on chain sizes for learning and
predicting can change the prediction as much as 0.5%.
That is, there is a significant size dependence. This is
likely because longer chains are associated with more
nonlocal interactions (the interaction between residues
are separated by long sequences). Moreover, SPINE can
achieve 87.5% for fully exposed residues, which is very
close to theoretical limit of 88–90%8,59—the accuracy of
secondary-structure assignment. This indicates that
SPINE provides a near perfect prediction for secondary
structures if local interactions dominate as in the case of
fully exposed residues. Fully exposed residues only
interact with neighboring residues and solvent mole-
cules.
We have made several attempts to further improve

the accuracy of secondary-structure prediction. These
attempts are inspired by studies indicating that pre-

dicted RSA44 and w backbone angles45 can be used to
improve secondary-structure predictions. Adamczak
et al. improved Q3 accuracy from 76.6–77.9% to 80.3–
81.8% for four small datasets of 135–163 chains by using
real-value predicted RSA while Wood and Hirst
increased Q3 accuracy from 77.2–79.4% in a ten-fold
cross validation on a set of 2245 proteins via iterative
use of predicted w dihedral angles. Similar attempts to
improve SPINE were not successful. This happens de-
spite our ability to make more accurate prediction of
real-value RSA and w backbone angles (Dor and Zhou,
submitted). It is not clear whether this signals that
SPINE has reached the upper bound obtainable from
sequence profiles and the properties of amino acid resi-
dues for a large dataset.

CONCLUSION

The strong dependence of Q3 accuracy on the size of
the training database suggests that an upper limit for
the existing technology of secondary-structure prediction
is not yet reached. That is, one can further improve the
accuracy of secondary-structure prediction by using a
larger dataset when it is available. The datasets, execu-
tiable versions, and web servers are available at http://
sparks.informatics.iupui.edu. In the server, predicted
results are displayed along with a reliability index, that
is 0 if two predictors (A and B) disagree and (A þ B)/2 if
the two predictors predict the same state.
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