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Abstract

In this paper, a novel approach has been introduced to predict the disulfide-bonding state of cysteines in proteins by means of a
linear discriminator based on their dipeptide composition. The prediction is performed with a newly enlarged dataset with 8114
cysteine-containing segments extracted from 1856 non-homologous proteins of well-resolved three-dimensional structures. The
oxidation of cysteines exhibits obvious cooperativity: almost all cysteines in disulfide-bond-containing proteins are in the oxidized
form. This cooperativity can be well described by protein’s dipeptide composition, based on which the prediction accuracy of the
oxidation form of cysteines scores as high as §9.1% and 85.2%, when measured on cysteine and protein basis using the rigorous jack-
knife procedure, respectively. The result demonstrates the applicability of this new relatively simple method and provides superior
prediction performance compared with existing methods for the prediction of the oxidation states of cysteines in proteins.

© 2004 Elsevier Inc. All rights reserved.
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Disulfide bonds are primary covalent crosslinks be-
tween cysteine side chains that play very important roles
in the native structures of globular proteins. Such bonds
can stabilize protein spatial conformation and ensure
that protein will perform its biochemical function [1].
The correct formation of disulfide bonds is the crucial
step in the folding pathway [2,3]. Many theoretical and
experimental studies indicated that disulfide bridges can
increase the conformational stability of proteins mainly
by reducing the conformational entropy of the unfolded
state and constraining the unfolded conformation [4-9].
Several analyses of the characteristics of disulfide bonds
and detailed conformational analysis of cysteines, as
well as amino acid neighbors in proteins have been
performed [10,11]. But information of such important
bonds cannot be derived directly from amino acid
sequences. Previously numerous researches on disulfide
bridges were reported, most of them were mainly
time-consuming experimental works [12—-18].
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Disulfide-bonding pattern information can help
understand structural properties of proteins and identify
which family a protein belongs to, giving important in-
sights into its biological functions. More recently,
Chuang et al. [19] found that there exists a very close
relationship between the disulfide-bonding patterns and
protein structures, based on which it is feasible to
discriminate structure similarities and identify protein
homologs. van Vlijmen et al. [20] constructed a com-
prehensive database of disulfide-bonding patterns and
developed search method to find related protein homo-
logs with similar disulfide patterns. In protein folding
prediction, the localization of disulfide bridges can
strongly reduce the search in the conformational space
[21,22]. Thus, the accurate predictions of disulfide con-
nectivity in proteins would have potentially important
applications, both in introducing engineered disulfide
bonds to increase the conformational stability of pro-
teins and helping locate disulfide bridges to aid three-
dimensional structure predictions.

Methodologies related to the prediction of disulfide
bridges can be decomposed into two steps. First, the
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disulfide-bonding state of each cysteine is predicted from
protein amino acid sequence, a typical binary classifi-
cation problem. Subsequently, the second step is to lo-
cate the actual disulfide connectivity from candidate
oxidized cysteines, which has received relatively scant
attention in the published literature. Fariselli and Ca-
sadio [22] presented a method based on the weighted
graph representation of disulfide bridges and achieved
17 times accuracy higher than that of a random pre-
dictor in the case of proteins with 4 disulfide bonds.
Then a neural network based approach was adopted to
solve the pairing problem and received satisfactory re-
sults for the simplest cases (2 or 3 disulfide bonds in one
protein) [23]. More recently, Vullo and Frasconi pro-
posed a novel machine learning method based on ex-
tended recursive neural networks (RNN) to predict the
disulfide connectivity patterns in cysteine-rich proteins
[24]. They further improved the prediction performance
by incorporating evolutionary information in the form
of multiple alignment profiles.

This paper focused on the first task of the prediction
of the disulfide-bonding state of cysteines in proteins,
i.e., to predict which cysteines in protein sequence are
oxidized. Concerning this topic, theoretical investiga-
tions emerged in recent years. Muskal et al. [25] pre-
dicted the disulfide-bonding states of cysteines by means
of neural networks. They used local sequences, i.e., the
flanking amino acid sequences of cysteines as input and
an overall accuracy of 80% was achieved. By using ad-
ditional evolutionary information, higher success ratio
can be obtained [26]. Fiser et al. [27] also used local
sequence information but they employed statistical
method. Their method performed at 71% prediction
accuracy. Since disulfide bridges are crucial to maintain
proper structures of proteins, oxidized cysteines that
take part in disulfide bonds should be more conserved
than free cysteines. Based on this idea, multiple sequence
alignment was used to predict the oxidation state of
cysteines, the success rate of which is about 80% [28,29].
If a constant threshold was used, the overall prediction
accuracy could rise above 84% [29]. Mucchielli-Giorgi
et al. [30] used logistic functions learned with subsets of
proteins with similar amino acid compositions to predict
the disulfide-bonding state and reached success rates
close to 84%.

Support vector machine based predictor that oper-
ated at two stages (a multi-class classifier at the protein
level and a binary classifier at cysteine level) was sug-
gested by Ceroni et al. [31]. They achieved 85% accuracy
measured by fivefold cross-validation. Martelli et al.
implemented a hybrid system (hidden neural network)
that combines a hidden Markov model (HMM) and
neural networks (NN). After 20-fold cross-validation
procedure, the predictor accuracy scores as high as 88%
and 84%, measured on cysteine and protein basis, re-
spectively [32,33].

In this paper, we presented a novel approach by
means of a linear discriminator based on their dipeptide
composition. Predictions based only on single amino
acid composition may lose some sequence-order infor-
mation, but incorporating this information may im-
prove prediction performance. Dipeptide composition
can be considered as another simple representative form
of protein’s incorporating neighborhood information.
For this case, comparatively higher prediction accuracy
using this approach could be improved to 89.1% and
85.2% in a jack-knife test, when measured on cysteine
and protein basis, respectively.

Materials and methods

The protein dataset. 8114 cysteine-containing protein chain struc-
tures were used in this work, which were taken from the PISCES
Culled PDB (available at http://www.fccc.edu/research/labs/dunbrack/
pisces/) [34], a protein sequence culling server, which is a representative
dataset of accurately resolved non-homologous Protein Data Bank
(PDB) [35] structures. The PISCES Culled PDB list used in this paper
was generated on 27 April, 2003. Information about disulfide bonds
was extracted directly from the SSBOND records of the PDB entries.

All structures in this list had resolution better than 2.5 A, deter-
mined only by X-ray diffraction with a crystallographic R factor less
than 25%. Sequence identity between each pair of the sequences was
less than 25%. Chains with sequence length shorter than 50 amino
acids and without any cysteines were excluded. After this filtering
procedure, the total number of protein chains in the final dataset is
1856 (protein chains with cysteines that are interchain disulfide bonded
are included as “free” cysteines). Less than 15% of PDB sequences in
this dataset have more than five disulfide bridges (see Fig. 1).

According to whether containing intra-chain disulfide bonds, the
8114 cysteine-containing protein chains were divided into two classes,
which are called OXICYS and REDCYS for convenience. Proteins in
REDCYS have no intra-chain disulfide bridges, all cysteines are in
reduced form. Every protein in OXICYS has at least one disulfide
bridge. Among the total 1856 protein chains, there are 459 chains
belonging to OXICYS and 1397 chains belonging to REDCYS, with
totally 2354 cysteine-containing segments in the disulfide-bonded state
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Fig. 1. Distribution of disulfide bridges per protein sequences in the

dataset. Chains are grouped according to the number of disulfide
bonds.
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forming 1177 disulfide bonds and 5760 in the non-disulfide-bonded
state.

Prediction methods. The 459 OXICYS proteins have 2719 cyste-
ines, of which 2354 take part in intra-chain disulfide bonds. That is to
say, almost all (87%) cysteines in OXICYS proteins are oxidized.
While 5395 cysteines in 1397 REDCYS proteins are all in free form.
This key fact that cysteines (REDCYS) and half cysteines (OXICYS)
rarely co-occur was also noticed by other researchers [30,31]. This is
an obvious cooperation phenomenon that cannot be elucidated by
only local sequences near cysteines. The cooperativity is a global
characteristic that reflects properties concerning protein structure,
and there must be some global sequence information to account for
it. In the present paper, we proposed a new two-class predictor for
predicting the oxidation state of cysteines in proteins by means of a
linear discriminator, which explores the dipeptide composition of
protein sequence.

Predicting the disulfide-bonding state of cysteines based on 400 di-
peptide composition. For a protein k in the dataset, we define a char-
acteristic index O,

0 = +1, if protein & belongs to OXICYS class, (1)
¥~ 1 -1, if protein k belongs to REDCYS class.

We try to predict the characteristic index O, of protein £ by means
of its 400 dipeptide composition pf,l,?. We use the linear function of p((f;)
to approximate Qy, namely,

k
0= vaply, (2)
ab

where ab stands for one dipeptide (a and b could be the same or dif-
ferent amino acid), and the summation runs over all the 400 types of
dipeptides. The parameters v,, are constants for all proteins. In order
to choose the parameters v,, that best fit the dataset, we minimize

2
Z= Z <Qk - Z%b}’f,?) k] (3)
k ab

by letting 0Z/dv., = 0 for all dipeptides cd, which leads to

3 (S oo - St “

ab k k

where the summations on & run over all protein sequences in the da-

taset. By solving Eq. (4), the fitted parameters v,, can be obtained.
With these parameters one can calculate the quantity Q for a given

protein with dipeptide content p,, as follows:

Q = Z UabPab (5)

@b

which is designed to approach the characteristic index of the protein

(+1 for OXICYS and -1 for REDCYS). To test the fitness, we com-

puted the following cumulative distributions:

_ The number of OXICYS proteins with O > Oy

> _ 6
oxicys(Q) The number of all OXICYS proteins  ©

and

The number of REDCYS proteins with Q < Q,

F = -
kepcys(Oo) The number of all REDCYS proteins

™
Measurement accuracy. The prediction quality was examined using
the jack-knife test (leave-one-out procedure), an objective and rigorous
testing procedure. In comparison with subsampling test or independent
dataset test, the jack-knife test is thought to be more rigorous and
reliable [36]. During the process of jack-knife test, each protein was
singled out in turn as a test protein with the remaining proteins used as
training set to calculate the test sample’s v,, parameters and predict the
class (OXICYS class or REDCYS class). The prediction quality was
evaluated by the overall prediction accuracy and prediction accuracy
for each cysteine and each protein chain.

Denote n,, the number of proteins that are predicted as x class and
in fact they belong to y class, where x, y =0 (OXICYS), or r (RED-
CYS). Therefore, the overall prediction accuracy is
Moo + Nir

2=P/N=— 2"
Q / Moo + My + Moo + M

(8)
where P is the total number of correctly predicted cysteines and N is
the total number of cysteines.

The other measure of prediction accuracy is Matthew’s correlation
coefficient (MCC) [37] between the observed and predicted cysteines,
based on the cysteine basis or between the observed and predicted
proteins, based on the protein basis, as given by

- p(s)n(s) — u(s)o(s) |
V() +u(s)(p(s) + o(s)) (n(s) + u(s)) (n(s) + ofs))

Here, for each class s (OXICYS class or REDCYS class), p(s), and n(s)
are the total number of correct predictions and correctly rejected as-
signments, respectively, and u(s) and o(s) are the number of under- and
over-predictions. The more MCC is, usually the higher the prediction
reliability is.

The accuracy for each discriminated class s is evaluated as

MCC(s)

©)

p(s)
o) =——"——. 10
(s) p(s) + u(s) (10)
For sake of further explanation, when s refers to the OXICYS class
and REDCYS, respectively, Eq. (10) equivalent to the following Eq.

(11):

Moo
Xi = ) red = 11
Qo Too + Mor Q ed ( )

where Qo and Q.4 are the success rates for OXICYS and REDCYS
class, respectively. p(s) and u(s) are the same as in Eq. (9).

Also, the probability of correct predictions P(s) is calculated as

p(s)
P(s) = ——F———, 12
RAOERE "

where n(s) and o(s) are the same as in Eq. (9).

Finally, the prediction accuracy per protein is

P
szml =-F ( 13)

ﬁp7

Ty

Ry + Nyo

where P, is the number of proteins whose cysteines are all correctly
predicted and N, is the total number of proteins.

Results and discussion
Cumulative distribution of Q values

The results are depicted in Fig. 2.

Fig. 2 shows clearly that the O value is a good index to
distinguish the two classes of proteins. Therefore, the
classification of a protein can be predicted based on its O
value: If O > Q. then the protein is predicted as OXICYS,
otherwise REDCYS, where Q. is a critical value. From
Fig. 2, we could also observe that O, = 0 is usually not the
best-fitted critical value, i.e., in most cases 0 and Q. do not
match each other. The highest prediction accuracy may be
achieved at the value of Q, less than zero.

Cysteine conservation and sequence environment condu-
cive to disulfide bond formation

Cysteines tend to be more conserved in proteins when
they pair to form disulfide bridges, which may reflect
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Fig. 2. Cumulative distributions of the Q values for OXICYS and
REDCYS proteins.

their crucial and essential role in maintaining protein
structure stability and biological functions. As reported
previously, the amino acid composition of oxidized and
reduced cysteines shows clear differences. In the case of
oxidized cysteines, serine (S), threonine (T), and gluta-
mine (Q) are residues highly conducive to disulfide bond
formation while histidine (H), glutamate (E), lysine (K),
and arginine (R) are more frequently found in case of
reduced cysteines [28].

In the present paper instead of using amino acid
composition, we use protein’s dipeptide composition to
reveal the hidden information conducive to disulfide
bond formation. By solving Eq. (4), the fitted parame-
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Fig. 3. Four hundred dipeptide contribution weights to disulfide bond
formation. Bar’s dark shades indicate high propensity to form disulfide
bonds of the corresponding dipeptide while light shades indicate low
propensity for disulfide bond formation.

Table 1
Distinguished dipeptide patterns that favor disulfide bond formation
and non-disulfide bond formation

Distinguished dipeptide patterns

Disulfide bond formation favoring
AX X = any of 20 amino acids, except A, Q, W, and Y
NX X = any of 20 amino acids, except A, H, L, and Y
QX X = any of 20 amino acids
YX X = one of 20 amino acids, except Q and Y

Non-disulfide bond formation favoring
XC X = any of 20 amino acids, except G, I, K, and M

XG X = any of 20 amino acids, except M

XI X = any of 20 amino acids, except G, I, M, and T
XM X = any of 20 amino acids, except M

XT X = any of 20 amino acids, except C, G, and M

ters v,, can be obtained. The larger the v,, value of one
corresponding dipeptide, the stronger the relevance of
that dipeptide to be distinguished mark for the disulfide
bond (non-disulfide bond) formation. Four hundred
dipeptide contribution weights to disulfide formation
are shown in Fig. 3. Darker bars highlight the relative
dipeptides more conducive to disulfide-bonding state,
while lighter bars indicate the corresponding dipeptide
more conducive to non-disulfide bond formation.

Noticeably and interestingly, there exist some distin-
guished dipeptide patterns that strongly favor the disul-
fide bond formation and non-disulfide bond formation of
cysteines, respectively, as displayed in Table 1.

It can be seen from Table 1 that alanine (A), aspar-
agine (N), glutamine (Q), and tyrosine (Y) are four fa-
vorable residues conducive toward disulfide bond
formation when located in the first position in dipeptide
pairs, while cysteine (C), glycine (G), isoleucine (I),
methionine (M), and threonine (T) are five residues
more frequently involved in the environment of non-
disulfide bond when in the second position in dipeptide
pairs.

Prediction performance based on 400 dipeptide composi-
tion

As is shown in Table 2, a remarkable improvement
has been achieved in prediction quality. Predictions
based only on single amino acid composition may lose
some sequence-order information hidden in the protein
sequence, but incorporating this information may im-
prove prediction performance. On the other hand, di-
peptide composition can be considered as another
representative form of proteins incorporating sequence
neighborhood information [39]. Dipeptide composition
representation can be regarded as a sort of 2-gram
method. This method extracts and computes the oc-
currences of two consecutive residues from a sequence
string in a sliding window fashion. Therefore, the counts
of all 2-gram dipeptide patterns are 400 parameters
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Table 2

Prediction accuracy (%) of the predictor based on the 400 dipeptide composition by the jack-knife test

Method Prediction accuracy (%)
Qc MCC Qoxi Qrcd Q2 szml
400 dipeptide -0.2 67.6 93.2 71.9 87.2 83.1
composition -0.1 70.7 92.2 79.3 89.1 85.2
0 68.8 90.7 81.5 88.7 84.9
0.1 68.6 89.2 86.8 88.8 85.2
0.2 65.1 87.4 88.4 87.6 84.1

(dimension vectors), which can be used to represent the
protein sequence. Using dipeptide composition (2-gram
method) for protein sequence encoding, we can incor-
porate some important sequence-order information,
while the dimension of the feature vectors is still not
very high [39], compared to the total 8114 cysteines.

As was previously pointed out before [30-33], a pre-
dictor that exploits both local sequence context and
global protein features would be relevant for improving
the prediction performance. Concerning this topic, to
some extent, dipeptide encoding can be considered as a
representation combining local with global information
in protein sequences.

As seen from Table 2, when the “natural” value 0, of
0. was simply chosen, we obtained Q2 = 88.7%, Qi =
90.7%, Qrea = 81.5%, MCC = 68.8%, and when scored on
a protein basis (only those protein chains are accepted for
which the predictions of all the disulfide-bonding or non-
disulfide-bonding states of the cysteines in the protein
sequence are correctly predicted), the accuracy rate
02,00 = 84.9%. Moreover, after fine-tuning of Q., the
prediction score can be slightly improved. Remarkably, if
Q. = —0.1 is chosen, then 02 = 89.1%, 02t = 85.2%,
Ooxi = 92.2%, Ored = 79.3%, and MCC = 70.7%.

This prediction score can be further improved slightly
by avoiding using those dipeptides with the absolute v,
value less than 15 (data not shown). In the case of those
dipeptides, to our method and dataset, 15 is the most
appropriate v, value when better accuracy was
achieved. The reason that there exist some lower abso-
lute v,, values may possibly owe to the computationally
statistical fluctuation.

Even though it is difficult to compare all the existing
methods tested on the different databases, it could be
claimed that the accuracy achieved by this method tes-
ted on a most recently enlarged dataset outperforms or
is at least comparable to those previously developed and
described methods to predict the disulfide-bonding state
of cysteines. The higher prediction scores (89.1% and
85.2%, on the cysteine and protein basis, respectively)
obtained by our approach may be possibly due to the
interior quality in our method for incorporating both
the global information and the local context in protein
sequences. The results can demonstrate the applicability
and efficiency of this relative simple method.

Combining with other methods and incorporating other
features

Several ways may further improve the prediction
performance. On the one hand, it should be pointed out
that the linear combination of amino acid or dipeptide
contents may not be the best function for the purpose of
prediction. Although the above results have demon-
strated the capability of the simple linear discriminator
to effectively discriminate the two cysteine classes (OX-
ICYS and REDCYS), use of more complex functions
(for example, the non-linear polynomial functions) can
possibly lead to better prediction results than the linear
discriminator based classifiers. This aspect is worthy of a
deeper investigation.

On the other hand, single prediction methods do have
limitations. A possible alternative strategy is to combine
other complementary methods, such as neural networks
[26,28], combinational logistic functions [30], support
vector machines [31,38], and Hidden Markov Models
[32,33]. Integration of other different methods incorpo-
rating more sequence-order information and evolution-
ary information together with global features and local
sequence context may be likely to further improve pre-
diction performance. Considering the conservation of
disulfide bonds and the cysteines in proteins, it is an-
ticipated to combine several methods to use protein
primary sequence and three-dimensional structure in-
formation and construct the multi-strategy approach to
perfect the task of disulfide-bonding state of cysteines.

Conclusion

In this paper, a novel and efficient binary classifier
based on the dipeptide composition is presented to re-
veal the hidden information of the disulfide-bonding
states of cysteines. This novel approach provides supe-
rior prediction performance compared with the existing
methods. Our studies support the phenomena that the
oxidation of cysteines exhibits obvious cooperativity
and demonstrate that dipeptide contents carry much
information about disulfide-bonding. This cooperativity
can be well described by protein’s dipeptide composi-
tion, based on which the prediction accuracy of the
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oxidation form of cysteines scores as high as 89.1% and
85.2%, when measured on cysteine and protein basis
using the rigorous jack-knife procedure, respectively. It
indicates that whether cysteines should form disulfide
bonds depends not only on the global but also on the
local structural features of proteins. This finding indi-
cates that global structural feature of proteins, as well as
the local sequence environment of cysteines is important
determinant of whether the cysteines should form di-
sulfide bridges. The present study demonstrates the ap-
plicability of this new relatively simple method and
provides superior prediction performance compared
with existing methods for the prediction of the oxidation
states of cysteines in proteins. The higher prediction
scores obtained by our approach may be possibly due to
the interior quality in our method for incorporating
both the global information and the local sequence-or-
der information in protein sequences.
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