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ABSTRACT Knowledge of the disulfide bond-
ing state of the cysteines of proteins is of major
interest in designing numerous molecular biology
experiments, or in predicting their three-dimen-
sional structure. Previous methods using the infor-
mation gained from aligned sets of sequences have
reached up to 82% of success in predicting the
oxidation state of cysteines. In the present study, we
assess the relative efficiency of different descriptors
in predicting the cysteine disulfide bonding states.
Our results suggest that the information on the
residues flanking the cysteines is less informative
about the disulfide bonding state than about the
amino acid content of the whole protein. Using a
combination of logistic functions learned with sub-
sets of proteins homogeneous in terms of their
amino acid content, we propose a simple prediction
approach, starting from a single sequence, that
reaches success rates close to 84%. This score can be
improved by avoiding predictions regarding cys-
teines for which the decision is not well marked. For
example, we obtain a score close to 87% correct
prediction when we exclude predicting 10% of the
cysteines. Proteins 2002;46:243-249.
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INTRODUCTION

Cysteines constitute a special class of amino acids; their
oxidation state plays an important role in protein struc-
ture and function. The formation of disulfide bridges,
involving the oxidized form of cysteines or cystines, is
known as a major component of the stabilization of the
native conformation of proteins, as it results in forming
cross-links between distant regions of the protein se-
quence.'® In its reduced form, the thiol group of cysteines
is particularly reactive. In some enzyme families, such as
the cysteine proteinases, the thiol group of cysteines is
part of the active site. In the molecular biology field, it can
be used in experiments designed to study protein structure
and function. Various methodologies, such as spin-labeling
techniques and fluorescence labeling,” 2 use these charac-
teristics.

All these different properties make the prediction of the
oxidized state of cysteines a particularly attractive tool
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concerning both the prediction of the three-dimensional
structure of proteins or the engineering of protein stability
and functionality. Different experimental, but time-
consuming, techniques attempt such determinations (see,
e.g., refs. 13 and 14). Different computational studies have
focused on this goal, generally based on the analysis of the
properties of the regions flanking each cysteine. Early
studies by Muskal et al.'® and Fiser et al.'® have analyzed
these environments and shown that different environ-
ments are observed for cysteines and cystines. More
recently, Fariselli et al.'” trained a neural network with
the information of the amino acid profiles of the regions
flanking the cysteines. These investigators reached a score
of correct prediction of 72% using single sequences, increas-
ing up to 81% when using the information of multiple
alignments. Finally, Fiser et al.’® proposed a prediction
approach based on a score measuring the conservation of
the residues flanking the cysteine in multiple alignments.
Interestingly, these workers remarked that, for most
cases, the same oxidation state tends to be found for the
cysteines of a same protein, which led them to propose a
prediction scheme at the protein level: all the cysteines of
the same protein are predicted in the same oxidation state,
i.e., the state mostly predicted over the cysteines of the
protein. Accepting some systematic error for the few cases
corresponding to proteins for which different oxidation
states occur for the cysteines, Fiser and colleagues also
reached scores up to 82% correct prediction. Obviously,
such strategy deviates from predicting the oxidation state
of cysteines starting from their local sequence environ-
ments. One might wonder how informative the amino
acids flanking the cysteines are compared with some
categorization of the whole amino acid content of the
protein.

In the present study, we investigate the relative contri-
butions of the regions flanking the cysteines and of the
overall amino acid composition of the protein in predicting
the disulfide bonding state of the cysteines. We use differ-
ent prediction approaches, all based on the training of a
logistic function. Despite its simplicity, the use of a single
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TABLE 1. Assessment of the Prediction Using
Different Information*

Data type Q, (%) Eqq (%) Eg (%)

bE 67.3 = 2.3(68.5) 38.8(43.1) 27.9(22.9)
E 70.1 +2.1(71.9) 46.2 (43.0) 17.1(17.1)
Pr 77.7+4.3(83.1) 29.3(26.3) 16.6 (10.1)
P 79.3 = 3.3(82.6) 26.3 (25.6) 16.3 (11.4)

bE, results based on the binary encoding of the nature of residues
flanking the cysteines; fE, results based on the frequency encoding of
the nature of residues flanking the cysteines; Pr, results based on
descriptors typing each protein; fP, a combination of fE and Pr.

*The uncertainty values correspond to 1 SD. Values within parenthe-
ses correspond to the results obtained with a database including
proteins with one cysteine, for comparability with other studies.

logistic function is well suited for deciphering some of the
determinants that undergo a prediction process, as it is
possible to analyze the weights associated with each input,
and thus to extract information about the parameters that
do condition the prediction. We apply a simple predictor to
a series of data extracted from single sequences; assess-
ment of the accuracy of the prediction is achieved through
a cross-validation process. First, we perform a learning—
prediction cycle on a whole set of nonredundant proteins
using, as input of the logistic function, information about
either the residues flanking the cysteines or the amino
acid content of the whole protein. This leads us to iterate
this process on groups of proteins extracted by clustering
the initial set of proteins on the basis of their relative
content in amino acids. Finally, a global prediction strat-
egy is assessed.

MATERIALS AND METHODS
Database of Cysteine-Containing Fragments

For training and validation, we have used a collection of
nonredundant protein chains from the culled Protein Data
Bank (PDB)'® (not models, percentage of sequence identity
less than 25%, and a resolution of >2.5 A). Two sets of
proteins were defined.

A first set (set 1) was used to assess the prediction scores
obtained using different descriptors and to define groups of
proteins. Starting from a collection of 869 proteins, only for
683 does at least one cysteine occur in the sequence, and
only for 559 do at least two cysteines occur in the sequence.
As we are interested in predicting the disulfide bonding
state of cysteines, the studies were made from this set of
559 proteins, except when noted in Table I. This corre-
sponds to a total of 2,882 cysteines. The disulfide bonding
state of the cysteines was determined by analyzing the
interatomic distance between the SG sulfur atoms of the
cysteines of each protein, with disulfide bonds correspond-
ing to a distance of < 2.15 A. Among the 559 proteins for
which disulfide bond could exist, none is observed for 348.
For 156 chains, all the cysteines are involved in disulfide
bonds, and for the remaining 55 proteins, different oxida-
tion states occur depending on each particular cysteine.
Overall, this resulted in a collection of 1,270 cysteines
involved in disulfide bonds (denoted SS), and 1,612 not
involved (denoted S).
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A second set of proteins (set 2), unrelated to the previous
set, was defined among the newcomers of the culled PDB.
This set consists of 375 proteins, for which at least two
cysteines occur. For 75 proteins, all the cysteines are
involved in disulfide bonds, for 274 proteins, no disulfide
bond occur, and for 26 proteins, different states occur. This
corresponds to 1,838 cysteines, with 464 involved in disul-
fide bonds. This set was used to assess the global predic-
tion score.

Descriptors of the Cysteine Disulfide Bonding
States
Cysteine environment descriptors

The environment of the cysteine was defined by a
window of size 2n + 1, centered on the cysteine of interest,
where n is the number of amino acids flanking the cysteine
each side. Only the 2n positions of such a window are of
interest, the central position always corresponding to a
cysteine. Two different ways of encoding the environment
of a cysteine were considered. For each residue in the
window, the first method consists of defining a vector of
dimension 20 (for the 20 different amino acid types), with
all elements set to 0, but one set to 1, according to the type
of the particular amino acid encoded. We denote it as bE
for “binary” description. A second approach, denoted fE for
“frequency” description, was to use for each residue of the
window a single number, log(f4/f?), where f, corresponds,
for the protein &, to the occurrence frequency of the type of
amino acid / observed at a given position of the window,
and £’ the occurrence frequency of the same type of amino
acid in the whole database. This type of descriptor can
reflect the under- or overrepresentation of some amino
acid types at the different locations in the window. This set
of descriptors was supplemented with a measure of the
position of the cysteine within the sequence, obtained as

(P/N*[(N}, = p)/IN,]

where p is the position of the amino acid in the sequence,
and N, the number of amino acids of the protein %. This
descriptor measures the distance of the cysteine to the
extremities of the sequence.

Protein descriptors

For each protein, we define a vector of dimension 23. The
20 first elements are log(f4/f"), where f corresponds to
the occurrence frequency of amino acid type [ in the protein
k, and f! the occurrence frequency of the amino acid type /
in the whole database. The 21th corresponds to a normal-
ized size of the protein, as log(IV,/N,, ...) Wwhere N, is the
size of the protein %, and N, the average size of the
proteins of the database. The two last elements are an
explicit measure of the number of cysteines occurring in
the protein (number of occurrences and frequency of
occurrences in the protein k). This set of descriptors is
denoted Pr for protein descriptors.

The Logistic Function: A Simple Model for
Prediction

The method for predicting the disulfide bonding state of
a cysteine is based on the use of a single logistic function,
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equivalent to a perceptron, i.e., a neural network without a
hidden layer. In our case, the basic input of the logistic
function is a vector X[X;] of descriptors describing either
the cysteine environment (bE or fE) or the protein (Pr), or a
combination of both. The probability of observing a cys-
teine in a disulfide bond is evaluated as

PX) = 1/[1 + exp(—w, — 2, wX)]

i

where w; is the weight of the descriptor at position  of the
input vector. The vector of weights Wlw;,] is estimated by a
maximum likelihood method on a learning set, using the
general linear model (GLM) package of the R software.?°

Decision Rule and Assessment of the Prediction
Accuracy

The rate of error R associated with the prediction was
defined as

R = P(Pred = SS/Obs = S) - P(Obs = S)
+ P(Pred = S/Obs = SS) - P(Obs = SS)

where Pred and Obs denote, respectively, the prediction
and the reality, SS (resp. S), a cysteine (resp. not) involved
in a disulfide bond. It corresponds to the probability of
either predicting a SS state when a S state is observed, or
a S state when a SS state is observed. The rate of correct
prediction (or accuracy of the prediction) @, is equal to
1 — R. We also define Eg (resp. Egg) as the fraction of
cysteines in the state S (resp. SS) predicted in the SS state
(resp. S), i.e.

Eg = P(Pred = SS/Obs = S)
and Egqq = P(Pred = S/Obs = SS)

Given a logistic function and its associated vector of
weights, the decision rule consists simply of testing whether
the output P(X) of the logistic function is more or less than
a given threshold Ps. If P(X) > Ps, the prediction is SS;
otherwise, it is S. After estimating the weights of the
logistic model, we determined the threshold by minimizing
the rate of error R. This was achieved simply by slicing the
[0 ... 1] interval by steps of 0.01, computing the value of R
for each step, and keeping the value of the slice for which
the minimum of R was obtained. This decision threshold
was applied during the validation to assess @,.

Cross-Validation of the Results for Set 1

To permit cross-validation of the prediction procedure,
the collection of the cysteines of set 1 was split into five
randomly selected subsets. For each of the five subsets, the
four other subsets were used as the learning set, while this
particular subset was used for validation. Each cysteine
observed in the database is present either in the learning
or the validation set.

Clustering of Proteins

Classification of the proteins was carried out, to describe
each protein, using a vector V[V%] of dimension 20, where
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Vi = FLNVFL FL the frequency of the amino acid / in the
protein %, and f the frequency of the amino acid in the
whole database. Hence, a Euclidian distance between two
proteins £ and %' is expressed as

20 20

dk, k') = >, (V= Vi)? = > (Fh — FL)Hf!

=1 =1

This is equivalent to using a x? metrics. Hierarchical
classification was performed using Ward’s minimum vari-
ance method.?! After visual inspection of the tree to
determine a reasonable number of groups, the clusters
were determined by a K-means approach,?? using as input
the means of the clusters extracted by hierarchical cluster-
ing. The stability of the groups was assessed by verifying
that the means of the clusters move slightly. Finally, a
Sammon map?® was used to display the repartition of the
proteins in the clusters. We used the R software?® imple-
mentation of these methods.

Global Decision Rule Using a Jury Approach

Given the definition of clusters of proteins, it is possible
to estimate the probability that one new sequence belongs
to one cluster by assuming that the distances intra-
clusters are distributed according to Gaussian laws. Given
the means and standard deviations of the clusters, one can
estimate the probability that a given sequence s belongs to
agroup g as

ps, = fids,) / S fds)

with
flds;) = exp[—ds(207))/(\270;)

where f(ds;) is the probability density that sequence s
belongs to group i, ds; is the distance between sequence s,
and the center of the group i, ; is the standard deviation of
the distances of group i.

Given a set of predictors (logistic functions) associated
with each group of proteins, it is possible to combine them
into a global jury score defined as

J(s) = D V(X), X ps,

where ps, is the probability that sequence s belongs to
group g and V(X), the “vote” obtained using the predictor
of group g, expressed as 0 when the prediction is that the
cysteine is not involved in disulfide bond, 1 else. Hence, the
nearest groups condition mostly the jury score. The deci-
sion rule simply consists of testing whether the output J/(s)
is more or less than a given threshold J . If J(s) > J, the
prediction is SS, else S. Here, we have taken a value of 0.5
for ..

RESULTS AND DISCUSSION
Assessing the Relative Contribution of the
Predictors
Table I presents the cross-validation results obtained
using different predictors on the whole set 1. The bE (resp
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TABLE II. Properties of the Groups of Proteins According to Their Amino Acid

Composition
Group N Allgg Allg Het g Mean,, fovs (%) fss (%)
g, 68 42 20 6 92 10.1 741
g 125 16 103 6 276 1.7 17.0
25 137 29 9 13 230 18 37.1
gs 128 13 108 7 329 14 136
gy 101 56 22 23 276 1.9 782

N, Number of proteins of the group; Allgg, number of proteins for which all cysteines form disulfide
bonds; Allg, number of proteins for which all cysteines form no disulfide bonds; Hetgg, number of

proteins for which only some cysteines form disulfide bonds; Mean,

mean size of proteins of the

sze?

group; feys, frequency of the cysteines in the group; fsg, frequency of cysteines forming disulfide bonds.

fE) line corresponds to the results obtained with the binary
(resp. frequency) encoding of the residues flanking the
cysteines (for a window of seven residues each side, i.e., the
optimum observed by Fariselli et al.'”). The data within
parentheses correspond to results obtained from a data-
base including the proteins for which only one cysteine
exists, for comparability with related studies. One ob-
serves rates of prediction on the order of 70%, i.e., slightly
less than the rate of 72% obtained by Fariselli and
coworkers when training a neural network, and carrying
out a prediction from single sequences. The use of the fE
encoding leads to better results. A larger portion of the
errors comes from a poorer attribution to the SS state, on
the order of two times worse than that obtained for the S
state.

The Pr line corresponds to the results obtained when
using only the set characterizing the protein composition.
Better scores are obtained, comparable to the score of 82%
obtained by Fiser et al.,'® using a conservation score
within aligned proteins. Compared with the bE and fE
results, most of the improvement comes from a better
discrimination of the disulfide bonding cysteines, as shown
by the E g column.

Looking at the weights associated with the logistic
function, it is possible to extract some of the factors that
determine the prediction. For bE, we obtain very few
significant contributions, with poor reproducibility among
the different subsets of the cross-validation: the negative
contributions of Met at location —3 and Ile at location +2,
with the cysteine located in position 0. For fE, which
measures the under- or overrepresentation of the amino
acids observed at certain locations, whatever their type,
the only significant contributions detected for some cross-
validation sets are associated with locations —3 and +3,
and they are negative. For Pr, we obtain a much larger
number of significant contributions, with good reproducibil-
ity through the cross-validation. In this study, we only
report the contributions of the amino acids that are
extremely significant (P < 10 ~ ©). Asp, Phe, Asn, Pro, Ser,
Thr, and Tyr contribute positively to the SS state, while
His, Met, Val, and a large normalized size of protein are
negative parameters. Interestingly, this is in partial agree-
ment with the observations by Abkevich and Shakhnov-
ich,2* who reported, using lattice model simulations, a
positive correlation of disulfide content with Gln, Ser, Thr,

and Asn, and a negative correlation with Glu, Asp, Lys,
and Arg.

Finally, we have considered combining both types of
descriptors. We report only results obtained for fP, a
combination of fE and Pr. For fP, we obtain only a small
gain (1.6%) compared with Pr, and no gain at all when
considering proteins for which at least two cysteines occur.
This suggests that most of the information lies within Pr
and that comparatively little complementary information
lies within fE, i.e., the local sequence environment. We
have checked this explicitly by proposing as input of a new
logistic function the outputs of Pr and fE, to analyze the
relative weights resulting for the two types of input. We
obtain weights on a magnitude on the order of 10 times
larger for Pr compared with that of fE, which confirms a
major contribution of the amino acid composition of the
protein compared with that of the local sequence environ-
ment.

Overall, these results suggest that the bE or fE informa-
tion is, in fact, much less informative than that of Pr.
Other combinations of descriptors for various window
sizes of either bE or fE (not reported) always lead to the
same conclusion.

Prediction Within Clusters of Unrelated Proteins of
Similar Amino Acid Content

Given the observation that protein characterization
predictors lead to the best prediction rates, we have
investigated whether it is possible to categorize subsets of
our collection of proteins of set 1 in terms of the set of
protein descriptors. Clustering of the proteins of set 1 (see
Materials and Methods) first resulted in isolating a small
homogeneous group of 68 proteins, distant from all others,
denoted g,. As shown in Table II, the major characteristics
of this group, compared with others, are the smaller size of
the proteins and the richer cysteine content (on the order
of six times larger than for other proteins). Also, the
fraction of cysteines involved in disulfide bonds is large.
Such a group has already been noted.?® Using hierarchical
classification, clustering of the remaining 491 proteins
leads to the identification of four stable groups that were
satisfactorily homogeneous. Figure 1(a) shows a Sammon
map illustrating how these four groups are differentiated.
As shown Table II, these groups show different combina-
tions of their protein mean size, their number of Allyq or
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a: Sammon map of the four groups of proteins, after exclusion of the small cysteine-rich proteins.

Symbols correspond to the different groups. Ellipses roughly indicate the location of the highest densities for
each group. b: Relative propensities of the amino acids in the four groups of proteins.

Allg proteins, and their cysteine content that is involved in
disulfide bonds. Figure 1(b) presents the amino acid pro-
files of these proteins. As expected, the four groups show
very distinct profiles. Group 1 is associated with a lack of
Gly, Asn, and Lys and with an excess of Leu and Arg.
Group 2 is characterized by an excess of Lys and with a
lack of Ala and Gly; group 3 by an excess of Ala and Gly
and a lack of Tyr and Trp; and group 4 by an excess of Tyr,
Trp, Ser, Thr, and Asn, and a lack of Glu.

The proteins corresponding to each group were isolated
from the database, and the learning/validation process

was iterated on each group separately. Table III presents
the results obtained from these subsets. In light of the
results obtained from the whole database, the results are
reported for only three combinations of descriptors. Again,
the protein predictors attain much higher scores than do
the cysteine environment predictors. For Pr, the rate of
correct predictions in all cases is higher than 86% and can
be as high as 95%, with a mean of 89.8%, which is much
larger than the results obtained for the whole database.
For the local cysteine environment predictors, the rates of
correct prediction, within the range of 75-85%, are also
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TABLE III. Assessment of the Prediction Using Different Information for Homogeneous Groups of Proteins™

Data type
Pr e P
GI'Ollp Q2 (%) ESS (%) ES (%) Q2 (%) ESS (%) Es (%) Q2 (%) ESS (%) ES (%)
8 953 £16 3.9 84 76.1 £4.7 51 76.3 93.7+x18 4.2 12.4
81 86.9 = 2.5 70.2 14 82.3+46 97.1 15 852+ 34 56.1 5.7
8 864 +2.1 27.3 5.6 782 *41 40.9 10.6 83921 28.7 8.7
o 93.0 £23 231 4.5 84.9 £ 2.7 96.4 24 906 =19 33.1 5.7
84 86.7 = 3.9 4.8 41.7 778+ 3.6 1.0 98.2 83.7+3.1 6.2 50.8

Pr, results based on descriptors typing each protein; fE, results based on the frequency encoding of the nature of residues flanking the cysteines;

[P, a combination of fE and Pr.
*The uncertainty values correspond to 1 SD.

better than those obtained from the whole database, but
the combination of both sets of descriptors (fP) leads to
worse scores than for Pr. The errors appear to be distrib-
uted differently, according to the different subsets of
proteins. For g;, most of the errors come from a poorer
prediction of the cysteines involved in disulfide bonds,
while for g,, most errors correspond to cysteines that are
not involved in disulfide bonds. These tendencies appear to
be related to the frequencies of cysteines forming disulfide
bonds in the various groups, and show the limits of the
discrimination of the logistic function, choosing to favor
errors in the smaller set. For Pr, this tendency is much
smaller, however, than when using fE. Interestingly, this
behavior is not observed for g, where the errors appear to
be well balanced between the SS and the S cysteines.

We report only the contributions of the amino acids that
are extremely significant (P < 10 ~ ©). For g,, the occur-
rence of disulfide bonds appears to be favored by Asn and
Thr, while for g5, it is Asp and Thr. For g,, it appears not to
be favored by Ile, Met, and Ala. For g,, it is unfavored by
Ile, Val, Met, and Asp and by large frequencies of occur-
rence of cysteines in the protein. For g,, only this last
descriptor is extremely significant. These amino acids and
the sign of their contributions are rather consistent with
those obtained from the whole set of proteins. Also,
residues that contribute most to the prediction do not
correspond to the residues with the large propensity
values shown in Figure 1(b).

Predicting the Oxidation State of Cysteines
Without Prior Knowledge of Cluster Assignment

Finally, such an increase in the scores is not useful per
se, as one does not know the group to which new proteins
belongs. Therefore, we have to consider a strategy in which
group assignment and prediction of the oxidation state of
the cysteines are embedded. We face the problem that
proteins might be incorrectly assigned to their “true”
group. Furthermore, newcomers might correspond to pro-
teins that are rather distant from the proteins used in set
1. Taking these possible problems into account, we have
considered a full prediction scheme based on combining
the predictors obtained for the five groups of proteins
previously defined (see Materials and Methods). A first
assessment of the strategy was performed using a cross-
validation of set 1. We obtained a correct prediction score

of 84.2% * 2.3% (1 SD), with associated Egg and Eg values
of 23.7% = 4% and 9.3% * 0.9%. Compared with the
average score close to 89% obtained on the different
well-characterized clusters, a loss close to 5% appears to
come from the cluster assignment. It is possible to improve
this strategy by considering the validity of the decision for
proteins for which the jury score is close to the limit. We
have investigated a strategy in which we accept carrying
out a prediction only if the decision is marked (i.e., no
prediction is performed for values that are too close to the
decision threshold). By providing no conclusion for values
of scores within *=0.1 of the threshold (i.e., 0.4—0.6), we
obtain a prediction for 90.5% of the cysteines. Among these
cysteines, the correct prediction score is 87.4% = 1.8%,
associated with Egg and Eg values of 18.3% * 2.7% and
5.8% = 0.7%. Corresponding values for a window of 0.2
around the decision threshold are a prediction for 71.5% of
the cysteines, with a correct prediction score of 91%, and
Eg g and Eg values of 10.4% and 3.2%. Hence, well-marked
decisions appear to be associated with more reliable predic-
tions.

Finally, we measured the efficiency of the procedure on
the newcomers set (set 2). The predictors are learned from
the groups defined from protein set 1, and we assess the
prediction scores using the unrelated protein set 2. We
obtained a correct prediction score of 84.2%, with associ-
ated Egg and Eg values of 41.8% and 6.5%. The scores
obtained when providing no conclusion for values of votes
within =0.1 are of 85.2% with associated Eqg and Eg
values of 33.1% and 6.5%, without providing a conclusion
for 10.3% of the cysteines. For a window of +0.2, the
corresponding scores are 87.7%, 31%, and 2.5%, providing
no conclusion for 20.6% of the cysteines. Such results are
consistent with those obtained during the cross-validation.

CONCLUSIONS AND PERSPECTIVES

The present results suggest that the local sequence
environment of the cysteines contains much less informa-
tion than that of the amino acid composition of the protein.
Indeed, predicting the disulfide bonding state of cysteines
from a set of protein descriptors appears to be more
efficient than focusing on the specificity associated with
the regions flanking the cysteines. The accuracy of predic-
tion increases when the proteins are partitioned into
homogeneous subsets. This finding is fully consistent with
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the previous observation, by Fiser and Simon,'® that the
oxidation states of the cysteines of a same polypeptide
chain tend to be similar. Overall, we obtain better scores
using single sequences than obtained from previous stud-
ies using alignment information. Alignment information,
however, is not so independent of the global amino acid
content of the protein.

Concerning the design of molecular biology experiments,
based on chemical reactions using the thiol group of
cysteines, it is somewhat interesting to note that, for four
of five groups we obtain better scores of success in predict-
ing “no disulfide bond” proteins. As for predicting the
three-dimensional structure of proteins, the issue that
arises becomes one of attempting to predict the pairs of
cysteines that form disulfide bonds for “all disulfide bond”
proteins.
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