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ABSTRACT A neural network-based predictor
is trained to distinguish the bonding states of cys-
teine in proteins starting from the residue chain.
Training is performed by using 2,452 cysteine-
containing segments extracted from 641 nonhomolo-
gous proteins of well-resolved three-dimensional
structure. After a cross-validation procedure, effi-
ciency of the prediction scores were as high as 72%
when the predictor is trained by using protein
single sequences. The addition of evolutionary infor-
mation in the form of multiple sequence alignment
and a jury of neural networks increases the predic-
tion efficiency up to 81%. Assessment of the goodness
of the prediction with a reliability index indicates
that more than 60% of the predictions have an
accuracy level greater than 90%. A comparison with
a statistical method previously described and tested
on the same database shows that the neural network-
based predictor is performing with the highest effi-
ciency. Proteins 1999;36:340–346.
r 1999 Wiley-Liss, Inc.

Key words: multiple sequence alignment; neural
networks; structure prediction; cys-
teine redox state prediction

INTRODUCTION

The tertiary folds of native proteins are defined by a
large number of weak interactions such as hydrogen
bonding, hydrophobic interactions, salt bridges, and weakly
polar interactions. In addition to these noncovalent forces,
certain proteins are also stabilized covalently by disulfide
bridges formed by uniquely paired cysteine residues in the
folded state. Reduction of disulfide bridges triggers func-
tionally relevant conformational changes.1

The contribution of the disulfide bridge to the thermody-
namic stability of proteins has been described as being due
to a reduction of the conformational entropy of the un-
folded polypeptide chain causing a destabilization of the
unfolded state relative to the native state (for review, see
Ref. 2), and it can be both experimentally3,4 and theoreti-
cally estimated.5 Several analyses of the characteristics of
disulfide bridges in proteins have been performed, includ-
ing structural and sequence features and classification of
connectivity (see Ref. 6 and references therein). The dispo-
sition of cysteine residues relative to each other and
relative to protein secondary structure is important in the

classification of the structure of small disulfide-rich irregu-
lar proteins.7

Few studies have addressed so far the important prob-
lem of predicting the bonding state of cysteine in a protein
chain. The correct prediction of this state can help in
predicting ab initio the three-dimensional structure of
proteins by adding structural constraints. The relevance of
the flanking residues in predicting a cysteine bonding
state has been demonstrated by using statistical8 and
neural network-based methods9 with a much smaller
database than we used in the present study.

We train and test with a cross-validation procedure a
neural network system on a database of 2,452 cysteine-
containing segments (34% of which contains half cystines)
to distinguish between bonded and unbonded cysteine.
The effect of evolutionary information not taken into
account before is also investigated.

METHODS
The Database

Two thousand four hundred fifty-two segments contain-
ing cysteines (free and disulfide bonded [half cystines])
were taken from the crystallographic data of the
Brookhaven Protein Data Bank. Disulfide bond assignment
was based on the Define Secondary Structure of Proteins
(DSSP) program.10 Nonhomologous proteins (with an identity
value ,25%) were selected by using the PDB_select_oct_97
algorithm (http://www.embl-heidelberg.de). Segments that
in some residue position lack the corresponding atomic
coordinates in the PDB file and segments whose cysteines
are interchain disulfide bonded are not included in the
database. After this filtering procedure, the total number
of examples out of 641 proteins was 2,452, 842 of which
were in the disulfide-bonded state and 1,610 of which were
in the nondisulfide-bonded state. The PDB codes of the
proteins whose cysteine-containing segments are included
in the database are listed in Appendix A.
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The Neural Network-Based Predictor

Standard feed-forward neural networks are imple-
mented with a back-propagation algorithm as learning
procedure.11 The network architecture consists of a percep-
tron without hidden layers, with two output nodes (dis-
criminating the disulfide and free cysteine propensities,
respectively). A cysteine residue, flanked by symmetrical
segments of different length (from three to eight residues)
is classified as disulfide bridge-forming or free, depending
on the relative values of the network output neurons. To
compensate for the disproportion between disulfide bond
forming and free cysteines during the training phase,
learning was accomplished by means of a procedure includ-
ing a balancing probability factor to reduce the number of
back propagation cycles for the most abundant class.12

This was performed to minimize overprediction of free
cysteines. Because of the limited number of examples
presently available, an early learning stopping procedure
is used to train the networks.12

Eight different input codings to the networks (N) are
considered. One is based on single-sequence input (NSS),
and the remaining seven are based on multiple-sequence
profile (NMS). In the former case, only the cysteine
flanking residues are taken into consideration by remov-
ing the cysteine from the center of the input windows, of
variable length from 7 to 17 residues. This procedure is
similar to that previously adopted,9 and it is used to
simplify the computation of the network junctions. Indeed,
being cysteine always present in the central position of the
segment, it does not carry any information. With single-
sequence input, each residue is encoded as a vector of 21
elements, with all elements set to 0 but one, set to 1, whose
position in the vector identifies the particular residue type.
Twenty elements encode for the 20 amino acids, and the
last one provides a signal when the input window overlaps
either the C or N terminus of the protein.

When evolutionary information is presented to the
network, coding is performed by using a sequence profile
for the cysteine- containing segments taken from the
HSSP files of the corresponding proteins.13 Also in this
case, each residue is encoded by a 21-element vector as in
the former case, with the difference that each of the first 20
elements represents the frequency of residue in the se-
quence alignment. When a multiple- sequence profile is
used, the central cysteine is taken into account. This is
based on the observation that cysteines can be more or less
conserved in the profile.

Alternative input codings based on multiple-sequence
profile (Network Multiple Sequence, NMS) are:

● NMS1C (Charge): this network adds to the multiple-
sequence profile explicit information regarding the
charges in the neighboring sequence environment in the
form of two more input neurons for each residue in the
window. These neurons depending on the amino acidic

charge are set respectively to 1 and 0 for positive, 0 and
1 for negative, and 0 and 0 for noncharged residues.

● NMS1H (Hydrophobicity): this network uses as input a
matrix based on the hydrophobicity profile. Elements of
the matrix are the values contained in the multiple
sequence profile derived from the HSSP files13 and
multiplied by the hydrophobicity value of each residue.
For this, we used different scales, but no significant
differences have been observed and the data presented
refer to the Rose’s hydrophobicity scale.14

● NMS1WE (conservation Weight and relative Entropy):
in this network two more neurons are added for each
residue in the input window. One accounts for the
conservation weight, and the other represents the rela-
tive entropy of each position in the multiple-sequence
profile as computed by MaxHom and present in the
HSSP files.13

● NMS1WEC: this network combines the input described
for NMS1C and NMS1WE.

● NMS1WEH: this network combines the input described
for NMS1H and NMS1WE.

● NMS1WECH: this network combines the input de-
scribed for the three networks NMS1C, NMS1H and
NMS1WE.

Statistical evaluation of the predictor efficiency is scored
by computing the network accuracy (Q3), the correlation
coefficient (C), and the probability of correct predictions
(Pc) both for the disulfide bridge-forming and free cys-
teines (Pc(SS) and Pc(SH), respectively) (for the definition
of the statistical indices see Appendix B and also Fariselli
et al.12).

The predictor is validated with a cross-validation proce-
dure, which is performed by splitting the whole set of
segments of the database into 20 subsets containing an
approximate equal number of examples (with the same
proportion of disulfide bridge-forming and free cysteines).
One subset at the time is removed from the training set
and used as testing set. Identity between the segments of
the training and testing sets is carefully kept #30%.
For the evaluation of the statistical indices, the predictions
of the 20 different networks are summed up, and the
standard deviation for the network accuracy (Q3) is com-
puted, assuming a binomial distribution of the assign-
ments.

RESULTS AND DISCUSSION
The Predictor at Work

In Table I the results obtained with the neural network-
based predictor using single sequence as input are listed
depending on the window length presented to the network.
It is evident that the discriminating capability of the
predictor between the two different bonding states of
cysteine is as high as 72% with a 13-residue-long window.
This is also confirmed by the values of the other statistical
indices computed to evaluate the network performance.
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The results confirm the observation that locally surround-
ing amino acids greatly influence cysteines in forming
disulfide bridges. With the neural network-based predictor
the local environment-dependent features are best discov-
ered when cysteine is centered in a 13-residue-long seg-
ment.

Different types of network architectures were also tested,
including networks with a hidden layer comprising from 2
to 6 neurons. This did not improve the predictor efficiency
(data not shown) compared with that obtained with the
perceptron without hidden layers. Indeed, the generaliza-
tion capability of the network was progressively decreased
by the increasing number of hidden neurons in the hidden
layers, as previously noticed for small training sets as the
one used in this study. An exploration of the effect of the
number of examples presented to the perceptron without
hidden layers (with a 13-residue-long window) (data not
shown) indicates that when the training set is 50% and
75% reduced, the efficiency scored as network accuracy is
68% and 67%, respectively. However, the correlation coeffi-
cient values are drastically reduced to 0.34 (for the 50%
reduced training set) and to 0.27 (for the 65% reduced
training set), indicating that the network tends to perform
similarly to a random predictor (C 5 0). These results
indicate that the size of the database used in the present
work (and presently available) can be considered a lower
limit to start with for predicting the bonding state of
cysteine in proteins with neural networks.

It has been clearly shown that the evolutionary informa-
tion embodied in a sequence profile can significantly
improve protein structure predictions. This has been dem-
onstrated for the prediction of secondary structures,15 of
solvent accessible surface,16 and of transmembrane helices
in membrane proteins.17,18 In this work, evolutionary
information is provided to the networks to test whether
the discriminating capability between disulfide bond-
forming and free cysteines is also affected by residue
conservation in the local environment.

Using multiple-sequence alignment as input to the
networks, the efficiency of the predictor improves by 6%
(Table II). This is confirmed also by the increase of the

values of the correlation coefficient and of the probability
of correct predictions. Moreover, a new interesting result is
that the performance of the prediction is independent of
the window size ranging from 11 to 17 residues. It can be
concluded that with the number of examples in the data-
base, the addition of evolutionary information saturates
the network performance already with an 11- residue-long
window and that increasing the window size neither
deteriorates nor diminishes the generalization capability
of the system.

Alternative Input Codings

It is well known (and in it has confirmed also in the
previous paragraph) that the form of the input coding
plays a key role in the neural network performance.15–18 In
this respect we have tried to increase the input informa-
tion content by using alternative codings. The first takes
into account the charges in the cysteine environment, the
second adds also the hydrophobicity profile, and the third
uses two more input neurons for each residue belonging to
the input window, representing the conservation weight
and the relative entropy of the residue position in the
multiple sequence alignment.13 Furthermore, three other
input codings combining those described above, are also
implemented. In Table III the best results obtained with
these alternative codings with input window lengths rang-

TABLE III. Predictive Performance of Different Networks
Trained With Multiple-Sequence-Based Input

Methoda Q3 (%) C Pc (SS) Pc (SH)

NMS 1 C 78.3 (0.8) 0.51 0.71 0.81
NMS 1 H 78.3 (0.8) 0.51 0.70 0.82
NMS 1 WE 79.8 (0.8) 0.55 0.71 0.84
NMS 1 WEC 79.9 (0.8) 0.56 0.70 0.84
NMS 1 WEH 80.2 (0.8) 0.55 0.71 0.84
NMS 1 WECH 80.1 (0.8) 0.55 0.71 0.84
JURY 81.0 (0.8) 0.57 0.72 0.85
aMS 5 neural network with multiple sequence input. C 5 with residue
charge information. H 5 with hydrophobicity profile. WE 5 with
conservation weight and relative entropy as taken from the HSSP
files.13 JURY 5 the jury among the six trained networks of this table.
For notation, see Table I.

TABLE I. Performance of the Predictor Using
Single-Sequence-Based Input

Window length Q3 (%)a C Pc (SS) Pc (SH)

7 69.3 (0.9) .33 .63 .72
9 70.4 (0.9) .38 .64 .73

11 71.4 (0.9) .40 .66 .73
13 71.8 (0.9) .41 .67 .74
15 71.1 (0.9) .40 .66 .73
17 70.0 (0.9) .35 .60 .75

aQ3 (%) 5 percentage accuracy of the prediction; the standard
deviation (within brackets) is computed assuming a binomial distribu-
tion of the assignments. C 5 correlation coefficient; Pc 5 probability of
correct predictions (for the definitions of the statistical indices, see
Appendix A).

TABLE II. Performance of the Predictor Using
Multiple-SequenceAlignment-Based Input

Window length Q3 (%)a C Pc (SS) Pc (SH)

7 74.9 (0.9) .43 .65 .79
9 76.5 (0.9) .47 .67 .81

11 77.7 (0.8) .50 .68 .82
13 77.5 (0.8) .50 .68 .82
15 77.9 (0.8) .50 .69 .82
17 78.2 (0.8) .51 .70 .82

aSee Table I for definitions.
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ing from 17 to 21 residues are listed. It is evident that
neither the addition of information of the charge nor that
of the hydrophobicity profile of the cysteine environment
improves the network performance compared with that
obtained by using as input the multiple-sequence profile
alone (Table II). However, an improvement of 2% is
obtained when the conservation weight and the relative
entropy are explicitly taken into account. A graphical
depiction of the weights from each amino acid at each
window position averaged over the 20 different training
sets, including the border condition, the entropy value, and
the conservation weight is shown in Figure 1, both for the
disulfide (A) and the nondisulfide nodes (B). In the plots,
scaled to a shade of black, dark squares indicate positive
weights (strong propensity for the bonded (A) and non-
bonded (B) states), and light ones indicate negative weights
(weak propensity for the bonded (A) and nonbonded (B)
states). The inspection of the weight values under the
conditions of maximal network performance highlights the
following: (a) the presence of cysteine residues in the
environment of the central cysteine strongly favors the
disulfide bond formation, with the exception of positions 6
3. This is in agreement with the fact that metal binding
cysteines are typically found in proteins in position i and
i 6 3; (b) hydrophilic and/or charged residues in the

environment are highly conducive toward disulfide bond
formation compared with hydrophobic residues that are
poorly conducive; (c) the entropy is lower for the environ-
ment of the nonbonded cysteines; and (d) the cysteine in
the central position is highly conserved for the disulfide
bond-forming cysteines.

As previously shown by other authors,15,19 a jury of
networks improves the prediction accuracy. This is so also
when a jury of the six different networks previously
described is used and the performance increases to 81%.

Our predictive method is also evaluated by measuring
the reliability of the prediction. This can be estimated by
computing the reliability index that relates the absolute
value of the difference between the two output values of
the network with the efficiency of the prediction (Q3).15–18

In the case of the jury, the values are averaged among the
different concurring networks. In Figure 2, the accuracy of
the prediction, together with the percentage of the ex-
amples in the database whose prediction is characterized
by a certain value of the reliability index, are plotted as a
function of the value of the reliability index itself. When
the jury of networks based on evolutionary information is
used, more than 60% of the cysteine containing segments
of the database is predicted with an accuracy of 90%.

Fig. 1. Graphical representation of the values of the
weight junctions averaged over the 20 networks used
(values are scaled to a shade of black). Junctions are
between the input window of 11 residues (shown along
the vertical axis) and the network output. A: Propensity
for the disulfide-bonding state; B: Propensity for the
nonbonding state. Labels of the residues (single letter
code) are placed horizontally; 0 represents the border
condition; & and # represent the entropy and the conser-
vation weight, respectively.
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Comparison With Other Methods

To compare our predictor with a statistical method
previously described,8 we implemented the same method
using our database. This is promoted by the fact that a
direct comparison of our results with those reported in
Reference 8 is hampered by the different and smaller
database previously used. The statistical method is based
on the compilation of two matrices representing the statis-
tical frequencies for the residues along the cysteine flank-
ing regions for both disulfide bond-forming and free
cysteines. These frequency matrices are used to com-
pute another matrix (MR), whose elements are taken
as the ratio of each position of the frequency matrices
of the disulfide bond-forming and free cysteines.8 Provided
that the segment whose central cysteine state is to be
predicted is not included in the compilation of the fre-
quency matrix, it is possible to evaluate the prediction of
the cysteine-bonding state by computing the product of
each element in MR associated to each residue in the
segment.8 If the product is .1, the cysteine in the segment
is predicted to form a disulfide bridge; otherwise, the
cysteine in the segment is assigned to the free cysteine
class.

After a cross-validation on the database, the results
obtained with the statistical method are compared
with those obtained with the neural network approach

(Table IV). For comparison, the efficiency obtained by
using single sequence and the jury based on multiple-
sequence inputs are also shown. It is evident that the
neural network-based method scores higher than the
statistical one.

Unfortunately, a direct comparison of our predictor with
that previously described, also based on neural networks
and segment single sequence, is not possible because of a
lack of cross- validation in the testing procedure adopted
by the authors.9

CONCLUSIONS

In this study we show that a neural network-based
predictor is capable of discriminating the disulfide bridge-
forming potential of cysteine residues by weighting the
effect of the local environment with and without evolution-
ary information. The results indicate that the jury of
neural networks using as input sequence profile perform
well (with an efficiency equal to 81%, which is 16% higher
than that obtained with a random predictor) and that the
accuracy of the prediction for the 60% of the database used
is extremely good (90%). The neural network system scores
higher than a statistical method implemented and tested
with a cross-validation procedure on the same database.
The neural network predictor here described can therefore
provide a useful tool for protein modeling and protein
engineering.

The software is available upon request from the authors.
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Fig. 2. The reliability of the prediction of the neural
network based predictor using evolutionary information
as input. DB(%) 5 percentage of segments in the
database. Q3(%) 5 percentage efficiency of the predic-
tions.

TABLE IV. Predictive Performance of Different
Methods on the Data Base

Method Q3 (%) C Pc (SS) Pc (SH)

MR 68.1 (0.9) .36 .50 .81
NSS 71.8 (0.9) .41 .67 .78
JURY 81.0 (0.8) .57 .72 .85

MR 5 a statistical method implemented as described in Ref. 8
and using our database. NSS 5 neural network with single-
sequence input. JURY 5 the network jury of Table III. For
notation, see Table I.
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APPENDIX B

In this study the efficiency of the predictors is scored by
using three different indices. The network accuracy is
defined as:

Q3 5 P/N (1A)

where P is the total number of correct predictions and N is
the total number of possible predictions.

Because only two classes (the bonding and the nonbond-
ing state of cysteine) are discriminated, the correlation
coefficient C is single valued and defined (for the bonding
or nonbonding state) as:

C 5 (p p n 2 u p o)/((p 1 u)(p 1 o)(n 1 u)(n 1 o))1/2 (2A)

where p and n are the total number of correct predictions
and that of correctly rejected assignments, respectively for
one state; u and o are the numbers of under and over
predictions for same state.

The probability of correct predictions Pc is evaluated as:

Pc(s) 5 p(s)/(p(s) 1 o(s)) 3A

where for the state s (bonding and non bonding) p(s) and
o(s) are the numbers of correct and over predictions,
respectively.
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