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Abstract
Methionine is a proteinogenic amino acid that can be post-translationally modified. It is now well established that reactive

oxygen species can oxidise methionine residues within living cells. For a long time, it has been thought that such a

modification represents merely an inevitable damage derived from aerobic metabolism. However, several authors have

begun to contemplate a possible role for this methionine modification in cell signalling. During the last years, a number of

proteomic studies have been carried out with the purpose of detecting proteins containing oxidised methionines. Although

these proteomic works allow to pinpoint those methionines being oxidised, they are also arduous, expensive and time-

consuming. For these reasons, computational approaches aimed at predicting methionine oxidation sites in proteins become

an appealing alternative. In the current work, we address methionine oxidation prediction by combining computational

intelligence methods with feature engineering and feature selection techniques to improve the efficacy of several machine

learning models, while reducing the number of input characteristics needed to get high accuracy rates. We compare random

forests, support vector machines, neural networks and flexible discriminant analysis models. Random forests give the best

AUC (0:8124� 0:0334) and accuracy rates (0:7590� 0:0551) by using only a reduced set of 16 characteristics. These

results surpass the outcomes of previous works. In addition, we present an end-user script that has been developed to take a

protein ID as an input and return a list with the oxidation state of all the methionine residues found in the analysed protein.

Finally, to illustrate the applicability of this tool, we have selected the human a1-antitrypsin protein as a case study. This

protein was selected because it was not present among the set of proteins used to build up the predictive models but the

protein has been well characterised experimentally in terms of methionine oxidation. The prediction returned by our script

fully matches the empirical evidence. Out of the nine methionine residues found in this protein, our model predicts the

oxidation of only two of them, M351 and M358, which have been reported, on the base of mass spectrometry analyses, to

be particularly susceptible to oxidation.

Keywords Protein prediction � Post-translational modification � Methionine oxidation � Predictive computational model

1 Introduction

Post-translational modifications (PTM) are changes that

some amino acid residues can experience after proteins

have been synthesised by ribosomes. On the one hand,
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PTMs change the physico-chemical properties of the pro-

tein; hence, they can affect the function that the protein

accomplishes in the cell. On the other hand, PTMs are

reversible reactions, as those modified amino acids can be

reverted back to their original state; in this way, protein

regulation can be fine-tuned. Some PTMs are likely to

occur when some specific oxidising agents react with cer-

tain amino acids and turn them into their corresponding

modified form. One of these oxidising agents is hydrogen

peroxide (H2O2), that is part of the group of reactive

oxygen species (ROS). ROS are compounds generated in

all the cells subject to an aerobic metabolism. Although

ROS are well known as damaging agents involved in aer-

obic metabolism [1], they can also take part in regulatory

PTM reactions. As it has been shown in recent stud-

ies [7, 32], H2O2 can act as an effective cellular messenger

by bringing about reversible PTMs. Cysteine and

methionine, the two sulphur-containing amino acids pre-

sent in proteins, are likely to experience PTMs by being

oxidised by H2O2. These two amino acids contain a func-

tional group that can serve as a nucleophile in the modi-

fication reaction. For its part, methionine can be oxidised

into methionine sulfoxide (MetO) by the addition of an

oxygen atom to its sulphur atom. This oxidation can be

reverted by enzyme-catalysed reduction reactions [3]:

MetO is reduced back to methionine by certain enzymes

named methionine sulfoxide reductases, which are known

to be present in all aerobic cells [22]. However, the role of

MetO residues in cellular redox-dependent regulation

remains largely unexplored [21].

Methionine oxidation can affect the activity and stability

of the protein [18], as it has been shown that the direct

oxidation of specific methionine residues can either down-

regulate [17, 29] or up-regulate [12, 13, 30] protein func-

tion. Furthermore, methionine oxidation can also affect

protein function indirectly, by coupling oxidative signals to

other sorts of PTMs, such as protein phosphorylation [28].

The acknowledgement of methionine oxidation as a

probable mechanism to the redox-dependent modulation of

protein activity and cellular mechanisms, has motivated

recent proteomics studies. In this sense, proteome-wide

studies of methionine oxidation have identified a large

number of proteins as potential targets of oxidative signals,

in both Arabidopsis [19] and human [16]. Moreover, these

proteomics approaches have determined the precise sites of

methionine oxidation on the target proteins. However,

these experimental studies are often excessively expensive,

time-consuming and arduous. It is in this scenario where

the development of computational methods for predicting

methionine oxidation sites becomes a highly valuable

alternative.

In the field of protein phosphorylation, which can be

considered the most widely studied PTM, the use of

computational methods for prediction of phosphorylation

sites in proteins has become a very popular

approach [8, 31, 34]. Unfortunately, to the best of our

knowledge, there are no such methods for methionine

oxidation site prediction, and only some efforts have been

recently devoted by these same authors to this pur-

pose [2, 33]. Thus, in the current study, we have addressed

this issue by combining computational intelligence models

with feature engineering and feature selection strategies

aimed at improving the efficacy rates obtained in our pre-

vious work. However, as the performance results given in

[33] for the test dataset were not computed with resampling

methods (e.g. bootstrap), they are not fairly comparable to

other similar studies, such as the current one. On the

contrary, in [2] we used different machine learning (ML)

models—such as random forests (RF), support vector

machines (SVM) and neural networks (NN)—and com-

puted their performance rates from 100 bootstrap resam-

ples. RFs gave maximum mean AUC (area under the ROC

curve) and accuracy rates of 0.7998 and 0.7468, respec-

tively (see Aledo et al. [2, Table 2—testing set data]).

Given the implicit difficulty of predicting methionine

oxidation accurately, a slight improvement of those effi-

cacy rates could be of significant importance to drive future

empirical work. For this reason, in this paper we combine

feature engineering and selection techniques to slightly—

but significantly—improve the performance of several ML

approaches when we use them to predict methionine oxi-

dation sites in proteins.

Finally, to provide a tool for methionine oxidation pre-

diction may provide an end-user R script [27] that is

publicly available at github.com/fveredas/MOPM was

developed. By using a RF trained with methionine oxida-

tion data (see Sect. 2), the script takes the PDB ID of a

protein as an input (i.e. the 4-character unique identifier of

that protein in the Protein Data Bank) and returns a

table with the prediction of oxidation for all the methionine

residues found in that protein. To show the applicability of

this tool, a real case study is addressed and described in

Sect. 4.

The rest of the paper is organised as follows. Section 2

reports the materials and methods used in this study: It

describes the datasets used for the experiments; the pro-

cedure followed to extract features from the primary and

tertiary structures of proteins; the feature engineering

strategies used to get a more effective feature set; the ML

methods and techniques used to build and tune the models

for methionine oxidation prediction; and finally, it gives

the details of the performance measures and the validation

strategies used to assess and compare the prediction effi-

cacy of the models. Since one of the main objectives of this

study is to improve the results obtained in our previous

work, these materials and methods are mostly similar to
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those in [2]. Next, the results obtained with four different

ML models are shown in Sect. 3 and analytically compared

to those in our previous work. Section 4 describes an

application of the methionine oxidation predictive model

developed to address a real case study. Finally, Sect. 5

presents the conclusions and limitations of this study.

2 Materials and methods

As previously stated, one of the aims of this work is to

improve the performance of the models and strategies for

methionine oxidation prediction designed in our previous

work in [2]. For this reason, some parts of the materials

(datasets) and methods (ML models, resampling strategies,

class-imbalance addressing, etc.) published in that work are

reused in the current study as a starting point for further

development of more effective approaches. Thus, in order

to avoid redundancy, we just cite and summarise in this

section the most important methodological points shared

by both studies. Moreover, we explain in more detail the

novelties and methodological contributions of our current

work with respect to that previously published, which

mainly consist in the feature selection and feature engi-

neering strategies we use herein to improve methionine

oxidation prediction. Since another ML model, originated

from the discriminant analysis paradigm, has also been

introduced in this study to complement the ML-model set

analysed comparatively, it is also described in detail in the

following subsections.

2.1 Feature extraction, engineering
and selection

In Fig. 1, the complete process of feature extraction,

selection and engineering to get the five different datasets

used in this study, i.e. 1D, 3D, All, SBF and SBF-Int, is

outlined. The different stages of this process are described

in detail in the following subsections.

2.1.1 Feature extraction

In [2, Section Datasets], we described the original exper-

imental dataset supplied by Ghesquière et al. [16], which

was obtained from complex mass spectrometry experi-

ments aimed at identifying an extensive set of oxidised

methionine residues. That original dataset was composed

of more than 1600 different proteins, for which over 2000

methionine residues were experimentally observed as

being oxidation sensitive. From this dataset, we selected a

subset of 774 proteins that exhibited a degree of oxidation

equal or greater than 20%. This threshold was arbitrary

established to discriminate methionine residues that

appeared as oxidised—in at least 20% of the population of

protein molecules of the experimental set—from those

others that did not. After removing redundancy and filter-

ing out low quality structures, we assembled a collection of

113 proteins of known structure, containing 975 methion-

ine residues from which 122 out were oxidation-prone.

Finally, this dataset was used to extract a set of primary and

tertiary characteristics that are explained in detail in [2,

Section Feature Extraction] and summarised here briefly.

This dataset can be downloaded from github.com/fveredas/

PredictionOfMethionineOxidationSites.

For each methionine residue being analysed, 76 features

from both the primary (1D) and the tertiary (3D) structure

of the protein were extracted. These features are sum-

marised as follows:

76 independent variables (input):

• 52 protein’s primary-structure features:

• 40 distance variables:

• NT_X: distance (number of positions in the

primary structure) from the analysed methionine

to the closest X residue towards the N-terminus.

• CT_X: distance (number of positions in the

primary structure) from the analysed methionine

to the closest X residue towards the C-terminus.

Protein
primary

structure
Feature 

extraction

1D
dataset

(52)

Protein
tertiary

structure
Feature 

extraction

3D
dataset

(24)
Combine

All
dataset

(76) mRMR
feature 

selection

SBF
dataset

(17)
Feature 

engineering

(50) mRMR
feature 

selection

SBF-Int
dataset

(16)

Fig. 1 Five different datasets. Diagram of the complete process or

feature extraction, selection and engineering. Five datasets, each one

composed of different feature sets, were used in this study: 1D, 3D,

All, SBF and SBF-Int. The number of input characteristics of each

dataset is shown in parentheses
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• 8 phosphorylation-related features, with X being

either S (serine), T (threonine) or Y (tyrosine):

• Met2X: distance between the analysed methion-

ine and the closest X phospho-acceptor, com-

puted as minðNT X;CT XÞ.
• Met2X_PTM: distance between the analysed

methionine and the closest X phosphosite.

• closer10res: number of phosphorylat-

able residues in a radius of 10 amino acids

from the analysed methionine.

• away.ptm: calculated according to

minX2fS;T ;YgðMet2X PTMÞ.

• 4 conservation variables obtained after computing

multiple sequence alignment (MSA):

• entropy: Shannon base-21 entropy.

• mean.entropy: mean entropy at all positions

of the analysed protein.

• sd.entropy: standard deviation of entropy at

all positions of the analysed protein.

• fM: relative frequency of methionine at the

position of analysed methionine, after multiple

sequence alignment (MSA).

• 24 protein’s tertiary-structure features:

• 4 phosphorylation variables:

• closest.ptm.pdb: distance in Å between

the methionine and the closest serine, threonine

or tyrosine experimentally shown to be

phosphorylated.

• closest.ptm.chain: distance in Å

between the methionine and the closest serine,

threonine or tyrosine experimentally shown to

be phosphorylated and present in the same

polypeptide chain that the methionyl residue.

• closer10A.pdb: number of phosphorylat-

able sites within a sphere of radius 10 Å centred

at methionine.

• closer10A.chain number of phosphorylat-

able sites, found on the same polypeptide chain,

within a sphere of radius 10 Å centred at the

methionine.

• 16 S-aromatic variables, with X being either Y

(tyrosine), F (phenylalanine) or W (tryptophan):

• Xd.pdb: distance in Å between the sulphur

atom of the analysed methionine and nearest X

aromatic residue.

• Xd.chain: distance in Å between the sulphur

atom of the analysed methionine and nearest X

aromatic residue within the same polypeptide

chain.

• nX.pdb: number of X residues at a distance\
7Å from the Met.

• nX.chain: number of X residues, within the

same polypeptide molecule, at a distance\ 7Å

from the Met.

• numberBonds.chain: computed as
P

X2fY ;F;Wg nX:chain:

• numberBonds.pdb: computed as
P

X2fY ;F;Wg nX:pdb:

• closestAro.chain: computed as

minX2fY ;F;WgðXd:chainÞ:
• closestAro.pdb: computed as

minX2fY ;F;WgðXd:pdbÞ:

• 4 accessibility properties:

• SASA.chain: solvent accessible surface area

given the atomic coordinates of the single

polypeptide chain harbouring the methionine.

• SASA.pdb: solvent accessible surface area

given the atomic coordinates of the whole

protein.

• Bfactor: the B factor of the sulphur atom

from the methionine of interest extracted from

the PDB file.

• dpx: depth of the sulphur atom from the

considered Met.

Finally, the dependent variable (output) was defined as:

• oxidised: binary variable indicating whether the

methionine is oxidised ([ 20%) or not.

2.1.2 Feature engineering and selection

As it has been summarised above, for each methionine

residue present in a certain protein a total of 76 charac-

teristics were evaluated, of which 52 were derived from the

primary structure, while the remaining 24 features were

extracted from the tertiary structure of the protein. These

three collections of features will be referred to as All (76

features), 1D (52 features) and 3D (24 features), respec-

tively. With the purpose of comparing them with the results

obtained in our previous works [2, 33], in Sect. 3 we have

included the performance analysis of four ML predictive

models when applied to these three different feature sets.

In addition to these three collections of characteristics,

we have also used a feature subset composed of the most

relevant features. For this purpose, we used the minimum

redundancy maximum relevance (mRMR) method [11] to

rank the importance of the 76 original features. The
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resulting ranking is obtained by means of a method that is

based on the concept of mutual information. Thus, a score

for each feature is computed as a trade-off between the

relevance to the output (oxidised) and the redundancy

between the input variables. Basically, the mRMR filtering

algorithm defines a ranking score as follows: for each input

feature to be tentatively selected, its score is computed as

the mutual information between the target (oxidised)

and this tentative feature, minus the average mutual

information of all previously selected features and this

tentative feature. In this way, a final subset composed of

those 17 features with mRMR scores greater than zero was

identified as the ‘‘optimal’’ feature set. We named it the

SBF (Selection of Best Features) feature set.

Subsequently, we have selected the two first variables in

the mRMR ranking, i.e. SASA.pdb and NT_M predictors,

to compute all the interaction terms that result from mul-

tiplying these two variables by all the 17 variables in the

SBF feature set. In this way, we obtained 33 new interac-

tion variables that added up to the SBF feature set to give a

total of 50 variables. After that, we applied again the

mRMR filtering algorithm to these 50 input variables and

ranked them again by their mRMR score. This ranking gave

us a new collection of 16 features comprised of those

variables with mRMR scores greater than zero. We named

this new collection of 16 variables the SBF-Int feature set.

In Table 1, the lists of input variables for the SBF and

SBF-Int feature sets are shown sorted by mRMR score (see

above, as well as Aledo et al. [2], for a detailed explanation

of these features).

Finally, the data for each resulting input variables in

these five feature sets (i.e. 1D, 3D, All, SBF and SBF-Int)

were analysed by visually inspecting its distribution his-

togram. Those variables showing right- or left-skewed

histograms were log-transformed to get more symmetric

distributions and improve their predictive power [35].

2.2 Machine learning models

Three of the four machine learning methods used in the

current study to predict methionine oxidation—i.e. RF,

SVM and NN—were already introduced and explained in

detail in [2, Section Machine learning methods]. Further-

more, for those three ML models, a deep view of the

strategies for hyper-parameter tuning was also given in that

paper. Although those three models and model-selection

approaches have been used in the current study, they are

not described here again but only summarised in Table 2 in

order to avoid redundancy.

Moreover, to complement those three ML models used

in [2], we have also included in this study a fourth model,

originated from a different ML paradigm: flexible dis-

criminant analysis (FDA). Many classification models,

such as ridge regression, the lasso or adaptive regression

splines (MARS) [15], can be extended to create discrimi-

nant variables. In particular, MARS can be used to create a

set of discriminant functions that are nonlinear combina-

tions of the original predictors. This conceptual paradigm is

referred to as FDA [24]. In this study, we have followed a

bagging approach for FDA, which uses MARS basis

functions to compute a FDA model for each bootstrap

sample. The only parameter to be tuned for model selection

was the maximum number of terms (including intercept) in

the pruned model [15], usually known as nprune (see

Table 2), which is used to enforce an upper bound on the

model size. The optimal nprune parameter was chosen as

that in the range f1; . . .; 25g that gave the highest AUC

rate. The maximum degree of interaction (Friedman’s mi)

was fixed to 1; thus, an additive model (i.e. no interaction

terms) was used.

2.2.1 Model training and validation

The main methodological aspects regarding model selec-

tion, training and validation can be summarised as follows:

• For model selection, training and validation (see

Tables 3 and 4), the dataset was split into three

independent subsets:

• training 80% (98 ‘positive’; 683 ‘control’)

• evaluation 6:66% (8 ‘positive’; 57 ‘contro’)

• testing 13:33% (16 ‘positive’; 113 ‘control’)

Table 1 Feature engineering SBF and SBF-Int sets

SBF (17) SASA.pdb (5.09e-02), NT_M (1.37e-02), Met2Y (7.92e-03), Met2S_PTM (3.76e-03), NT_D (3.39e-03), CT_Q (3.03e-03),

CT_F (1.45e-03), NT_E (1.58e-03), CT_H (1.2e-03), numberBonds.chain (2.2e-03), Bfactor (1.39e-03), Met2S
(1.26e-03), CT_C (1.13e-03), CT_E (8.16e-04), NT_R (3.08e-04), NT_H (2.18e-04), dpx (7.17e-04)

SBF-Int

(16)

SASA.pdb � NT_M (6.72e-02), Met2Y (6.86e-03), NT_M � Met2S (3.79e-03), NT_D (3.48e-03), CT_Q (2.9e-03),

Met2S_PTM (3.72e-03), NT_E (1.26e-03), numberBonds.chain (2.43e-03), Bfactor (1.47e-03), CT_C (1.04e-03),

NT_M � CT_F (1.38e-03), CT_H (1.29e-03), CT_E (7.74-04), NT_H (3.3e-04), SASA.pdb � Met2Y (4.07e-03), NT_R
(3.7e-05)

An interaction term between A and B variables is represented as A� B

mRMR scores are given in brackets
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• Six performance measures of the out-of-bag (OOB)

samples for tenfold cross-validation with five repeti-

tions (50 resamplings) were computed: AUC, accuracy,

sensitivity, specificity, F-measure, and Matthews-Cor-

relation-Coefficient (MCC).

• For bootstrap resampling (see Table 5), 100 random

resamples were generated and tenfold cross-validation

(with five repetitions) was used to train and fit each

model (RF, SVM, NN and FDA).

• The caret R package [23, 27] (R version 3.4.1) was

used for model fitting with SVM (package

kernlab [20]), NN (package RSNNS [4]), RF (package

randomForest [26]) and FDA (package glmnet [14]).

• Class imbalance was counteracted by determining

alternative ROC curve cut-off points by using an

independent evaluation dataset from which we extract

the point on the ROC curve that is closest to the model

with 100% sensitivity and 100% specificity [22] (as it is

illustrated in Fig. 2).

Table 2 Model selection

summary
Model Tuned hyper-parameter Fitted value (tenfold CV—five repetitions, AUC metric)

RF mtry b
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
number of predictors

p
c

#trees 1000

SVM (RBF kernel) r Fixed by empirical methods [6]

cost Best of f2ig9i¼�2

NN (1 hidden layer) size Best of f1; 2; . . .; 20g
decay Best of f0:001; 0:01; 0:1; 0:5g

FDA nprune Best of f1; 2; . . .; 25g

See Aledo et al. [2] for further details

Table 3 Performance rates with

four different ML models
Feature set AUC Accuracy Sensitivity Specificity F-measure MCC

RF

1D (52) 0.7174 0.6434 0.8125 0.6195 0.3611 0.2873

3D (24) 0.8006 0.6667 0.8750 0.6372 0.3944 0.3414

All (76) 0.8429 0.7674 0.8125 0.7611 0.4643 0.4087

SBF (17) 0.8216 0.6434 0.8125 0.6195 0.3611 0.2873

SBF-Int (16) 0.8355 0.8605 0.6250 0.8938 0.5263 0.4547

SVM

1D (52) 0.7024 0.5581 0.7500 0.5310 0.2963 0.1852

3D (24) 0.5996 0.7054 0.1875 0.7788 0.1364 -0.0270

All (76) 0.7522 0.7209 0.6250 0.7345 0.3571 0.2562

SBF (17) 0.8042 0.7209 0.7500 0.7168 0.4000 0.3246

SBF-Int (16) 0.7445 0.7054 0.6875 0.7080 0.3667 0.2750

NN

1D (52) 0.6571 0.5116 0.6875 0.4867 0.2588 0.1151

3D (24) 0.7793 0.7209 0.7500 0.7168 0.4000 0.3246

All (76) 0.8164 0.7364 0.7500 0.7345 0.4138 0.3408

SBF (17) 0.8252 0.7132 0.8125 0.6991 0.4127 0.3504

SBF-Int (16) 0.8346 0.8372 0.5000 0.8850 0.4324 0.3437

FDA

1D (52) 0.6626 0.4884 0.8125 0.4425 0.2826 0.1708

3D (24) 0.8595 0.7597 0.8125 0.7522 0.4561 0.3998

All (76) 0.8523 0.7597 0.6250 0.7788 0.3922 0.2993

SBF (17) 0.8274 0.7829 0.6875 0.7965 0.4400 0.3621

SBF-Int (16) 0.8296 0.7829 0.7500 0.7876 0.4615 0.3951
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3 Results

Using the sets of characteristics described in Sect. 2.1.2,

we applied a number of ML predictive models, i.e. RF,

SVM, NN and FDA, which were intensively tested in a

comparative approach. The results obtained from these

comparative studies are presented in the following

paragraphs.

Table 3 shows the performance rates of four single

predictive models analysed when they are applied on the

testing dataset and after using the evaluation dataset for

ROC-threshold adjustment (see Fig. 2 and Sect. 2.2.1). As

it can be observed in the table, the best results have been

obtained with the SBF-Int feature set that gives AUC rates

above � 0:75 for all the classifiers, with RF, NN and FDA

giving AUC rates greater than � 0:83. RF gave the highest

accuracy rate of 0.8605, with the SBF-Int feature set, fol-

lowed by the NN model (accuracy 0.8372), but the former

shows a better balance between sensitivity and specificity

than the latter. However, although FDA did not result in the

best accuracy numbers (maximum 0.7829 accuracy for

SBF and SBF-Int feature sets), it gave high AUC and—

together with SVM (using SBF feature set) and NN (using

All feature set)—one of the best balances between sensi-

tivity and specificity rates. This last outcome makes the

classical FDA model highly competitive for methionine

oxidation prediction. All these results have been also

supported by the MCC and F-measures rates of these

models, that are also shown in Table 3.

Table 4 shows the list of parameters being tuned. For

each predictive model, the best values for its tuned hyper-

parameters (see Table 2) are computed as those with the

highest averaged AUC for that model, via tenfold cross-

validation (with five repetitions) on patterns in the training

dataset. The ROC cut-offs (cut) obtained from the evalu-

ation dataset after model fitting and training are also shown

in the table.

In Fig. 3, the 30 most important input variables as

estimated by the RF on the training set are shown along

with their averaged decrease in Gini index [5]. The All

feature set was used for this figure. As it can be seen in the

figure, the most important characteristics for the RF are

those 3D features regarding methionine solvent accessi-

bility area (see Sect. 2.1.1), i.e. SASA.pdb and SASA.-

chain, followed by the primary variable NT_M that

measures the distance from the analysed methionine to the

closest methionine towards the N-terminal direction.

Consistently, these SASA.pdb and NT_M input variables

are the two first ones in the mRMR filter ranking (the

SASA.chain variable is highly correlated with the

SASA.pdb variables, so that the mRMR algorithm sets it

aside to a further position in the ranking).

As results in Tables 3 and 4 (also illustrated by Figs. 2

and 3) correspond to single ML models applied on a same

training/testing set, a more comprehensive evaluation of

the predictive potential of each ML model is needed.

Moreover, more robust and reliable results must be com-

puted and shown, aimed at allowing more fair comparisons

between similar studies, such as those of our previous work

in [2, 33]. In this vein, Table 5 and Fig. 4 show the results

from a bootstrapping strategy: for each ML model and

feature set (1D, 3D, All, SBF and SBF-Int), 100 bootstrap

resamples were generated and tenfold cross-validation

(with five repetitions) were used to train and fit each model

(see also the p values from the paired Wilcoxon signed-

rank test [9, 10, 25] in Table S1). Mean performance rates

and standard deviation on the training and testing datasets

(after adjustment of ROC cut-off probability on the eval-

uation datasets) are also shown in Table 5.

Table 4 Model tuning. Best hyper-parameters

Feature set cut mtry Number trees

RF

1D 0.4155 7 1000

3D 0.3650 4 1000

All 0.4030 8 1000

SBF 0.3565 4 1000

SBF-Int 0.5040 4 1000

Feature set cut sigma C

SVM

1D 0.1168 0.0101 32

3D 0.1348 0.0345 32

All 0.1338 0.0070 32

SBF 0.1205 0.0336 4

SBF-Int 0.1109 0.0385 4

Feature set cut size decay

NN

1D 0.1210 13 0.001

3D 0.1744 3 0.001

All 0.2048 1 0.001

SBF 0.1652 11 0.001

SBF-Int 0.1745 18 0.001

Feature set cut degree nprune

FDA

1D 0.09047 1 20

3D 0.10182 1 4

All 0.13925 1 20

SBF 0.14201 1 26

SBF-Int 0.09558 1 20
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The best overall results on the testing sets (high AUC

and accuracy rates, with balanced sensitivity and speci-

ficity) were obtained with RFs applied to the SBF-Int

feature set, showing significant differences (with p value\
0.05 in most cases) with respect to the other ML models

analysed, and for all the feature sets studied. The most

significant differences were found between RF and SVM,

whereas in the comparisons between RF and NN/FDA, the

former gave best or equal performance rates than the latter

ones. As it can be observed in Tables S1 and S2 (this latter

shows the p values from the paired Wilcoxon signed-rank

test of the paired comparisons between the different feature

sets with only RF), although very similar results were

obtained with both the SBF-Int subset (of only 16 features)

and the complete set (of 76 characteristics), significant

differences were found in favour of the SBF-Int feature set

(p value\ 0.05 for AUC comparisons), which means that

this reduced feature set composed of mRMR-selected

variables and enriched with a few interaction terms is

capable of extracting all the predictive power from the

original primary and tertiary characteristics.

In general, as it can be seen in Table 5 and Fig. 4, NNs

and FDAs show similar efficacy rates, with accuracy and

AUC numbers that are significantly lower than those

obtained using RFs. NNs and FDAs show also slightly

worse balances between sensitivity and specificity rates

than RFs. Overall, the worst results were obtained with

SVMs. However, when compared to the results obtained

with SVM and NN in our previous work [2, Table 2], a

very significant improvement (see Table S3) has been

achieved now in the predictive capabilities of both ML

models and, in particular, in the balance between sensi-

tivity and specificity rates, even though we use here a much

more reduced set of features (16 features against the 54

features used in our previous study).

Based on the AUC rates shown in Table 5, the best

results for three of the four ML models were obtained with

the SBF-Int feature set (i.e. with feature engineering ?

selection). The only model that does not seem to benefit

from these two techniques is SVM, for which using all the

features gives the best AUC rates. Even so, those results

obtained with SVM are significantly lower than the best

performance rates of the other three models when using

feature engineering ? selection, and even when using

feature selection only. That is the reason why we consider

that feature engineering and selection (i.e. the SBF-Int

feature set) provide, in general, a clear advantage over

using the All feature set.

Table 5 Performance rates for four different ML approaches: mean (sd)

Feature set AUC Accuracy Sensitivity Specificity F-measure MCC

RF

1D (52) 0.6969 (0.0428) 0.6195 (0.0608) 0.6819 (0.1292) 0.6108 (0.0822) 0.3038 (0.0432) 0.1961 (0.0566)

3D (24) 0.7625 (0.0378) 0.7014 (0.0492) 0.6945 (0.1144) 0.7020 (0.0668) 0.3620 (0.0434) 0.2753 (0.0520)

All (76) 0.7953 (0.0356) 0.7501 (0.0547) 0.6841 (0.1117) 0.7589 (0.0717) 0.4031 (0.0535) 0.3235 (0.0598)

SBF (17) 0.8024 (0.0311) 0.7357 (0.0591) 0.7008 (0.1028) 0.7404 (0.0766) 0.3966 (0.0547) 0.3174 (0.0580)

SBF-Int (16) 0.8124 (0.0334) 0.7590 (0.0551) 0.6994 (0.0994) 0.7672 (0.0714) 0.4185 (0.0558) 0.3431 (0.0584)

SVM

1D (52) 0.6546 (0.0440) 0.6118 (0.0694) 0.5967 (0.1365) 0.6137 (0.0918) 0.2718 (0.0453) 0.1420 (0.0598)

3D (24) 0.6525 (0.0484) 0.6318 (0.0877) 0.5798 (0.1371) 0.6391 (0.1124) 0.2788 (0.0459) 0.1515 (0.0606)

All (76) 0.7649 (0.0339) 0.7066 (0.0622) 0.6569 (0.1329) 0.7135 (0.0844) 0.3542 (0.0469) 0.2623 (0.0564)

SBF (17) 0.7373 (0.0396) 0.6891 (0.0617) 0.6305 (0.1312) 0.6974 (0.0828) 0.3320 (0.0529) 0.2305 (0.0629)

SBF-Int (16) 0.7297 (0.0377) 0.6891 (0.0637) 0.6288 (0.1132) 0.6983 (0.0837) 0.3324 (0.0497) 0.2303 (0.0553)

NN

1D (52) 0.6433 (0.0505) 0.5844 (0.0645) 0.6148 (0.1459) 0.5809 (0.0873) 0.2633 (0.0420) 0.1301 (0.0636)

3D (24) 0.7646 (0.0442) 0.7246 (0.0621) 0.6739 (0.1133) 0.7314 (0.0810) 0.3768 (0.0530) 0.2904 (0.0602)

All (76) 0.7799 (0.0395) 0.7236 (0.0551) 0.6769 (0.1125) 0.7302 (0.0728) 0.3756 (0.0496) 0.2901 (0.0565)

SBF (17) 0.8072 (0.0309) 0.7388 (0.0614) 0.6873 (0.1191) 0.7461 (0.0816) 0.3945 (0.0567) 0.3145 (0.0604)

SBF-Int (16) 0.8168 (0.0291) 0.7423 (0.0585) 0.6883 (0.1108) 0.7501 (0.0767) 0.3980 (0.0561) 0.3183 (0.0605)

FDA

1D (52) 0.6619 (0.0425) 0.6212 (0.0667) 0.5943 (0.1322) 0.6252 (0.0886) 0.2760 (0.0453) 0.1484 (0.0607)

3D (24) 0.7495 (0.0409) 0.7030 (0.0576) 0.6592 (0.1309) 0.7091 (0.0773) 0.3514 (0.0477) 0.2586 (0.0598)

All (76) 0.7956 (0.0362) 0.7277 (0.0644) 0.6898 (0.1347) 0.7329 (0.0866) 0.3840 (0.0529) 0.3032 (0.0604)

SBF (17) 0.7876 (0.0377) 0.7417 (0.0532) 0.6742 (0.1147) 0.7515 (0.0685) 0.3905 (0.0559) 0.3077 (0.0650)

SBF-Int (16) 0.7969 (0.0353) 0.7505 (0.0566) 0.6799 (0.1012) 0.7604 (0.0734) 0.4030 (0.0534) 0.3224 (0.0579)
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In Table S3, the p values from paired Wilcoxon signed-

rank tests of the comparisons between the results obtained

with the current RF, SVM and NN models (applied on the

SBF-Int testing dataset) and those from our previous study

in [2, Table 2—RF– mRMR] are shown. Since FDA

models were not used in [2], they are not shown in

Table S3. In order to get the p values in Table S3, we ran

model-to-model hypothesis tests to compare the perfor-

mance rates (obtained from 100 bootstrapping resamples)

of each model when it is applied on the current SBF-Int

dataset as well as on the mRMR dataset of Aledo et al. [2].

As it can be observed in the table, the results obtained with

the current models (that take advantage of combined fea-

ture engineering and feature selection strategies) improve

those of Aledo et al. [2], with differences—most of which

are statistically significant—in all the analysed metrics

greater than one percentage point in favour of the current

approach.

Although we have thoroughly compared four different

ML models on five different feature sets, it would be also

interesting to compare them to a much simpler model, such

as one based entirely on solvent accessibility measures.

This idea is motivated by Fig. 3, in which it seams that

solvent accessibility variables (i.e. SASA.pdb and

SASA.chain features) could have likely predicted the

oxidation of methionine residues just as well as the models

based on more complex feature sets.

To evaluate this idea, we have launched 100 bootstrap

repetitions of RFs that use only SASA.pdb and

SASA.chain variables to predict methionine oxidation.

Although relatively high efficacy rates are obtained with

these two variables (see Table S4), they are in general
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Fig. 2 ROC curve with two different thresholds. ROC curve of the RF

classifier on the evaluation dataset (using the All feature set). Two

different thresholds have been highlighted on the curve, along with

their corresponding specificity and sensibility rates: 0.5 (original) and

0.403 (alternative). The theoretical maximal area of reference (i.e.

AUC = 1) has been also coloured grey. Dotted grey line represents the

smoothed ROC curve. Solid grey line means random guess
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below the performance rates obtained with the datasets

used in this study (see Table 5—RF row).

4 Application of methionine oxidation
prediction: a case study

In order to make our predictive model easily usable, we

have included it in an end-user R script that is publicly

available at github.com/fveredas/MOPM. This script uses a

RF predictive model trained with all the patterns in the

SBF-Int dataset. It works by taking a PDB ID (the

4-character unique identifier of every protein in the Protein

Data Bank) and downloading all the files from public

repositories (UniProt) which are required to extract the

protein’s primary and tertiary features needed as inputs to

the RF predictive model. Finally, the script does all the

necessary computations to return a list with the prediction

of oxidation for all the methionine residues found in the

protein being analysed.

To show the utility of this tool, a real case study has

been analysed. Figure S1 shows a representation of the

tertiary structure of alpha-1 antitrypsin (A1AT). This

protein is commonly found in the blood plasma and the

lung parenchyma. The protein is composed of 418 amino

acids, nine out of which are methionine residues. In order

to highlight them, these methionyl residues have been

represented as spheres in the figure. In [29], Taggart and

collaborators used mass spectrometry analysis to identify

two out of these nine methionine residues, namely the

residues at positions 351 and 358, as oxidation-prone.

Moreover, as stated in [29], the oxidation of these two

methionine residues was found to be related with the pul-

monary emphysema disease. These two methionine resi-

dues identified in Taggart’s experiments are those

represented in red in Figure S1, along with their probability

of being oxidised as that given by our RF classifier. The

seven remaining methionine residues reported as non-oxi-

dised in [29] are represented in green colour in the figure.

Moreover, in Table S5, the output of the R script for

methionine oxidation prediction is shown. Given that the

protein PDB ID (namely 3CWM for A1T1 protein), the

protein chain to be analysed (A) and the probability

threshold (e.g. 0.504) have been supplied to the R script, it

computes and gives the probability of oxidation of each

one of the nine methionine residues, together with a label

‘‘Yes’’ or ‘‘No’’ (as a function of the given probability

threshold) for those residues predicted as oxidised or non-

oxidised, respectively. As it can be seen, our predictive

model could successfully predict the oxidability nature of

each methionine residue in the protein, in full agreement

with the experimental results reported in [29].

5 Conclusions

In this study, we have followed a machine learning

approach to train and fit different classification models that

have been validated and comparatively tested in a task of

methionine oxidation prediction. Starting with an
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Fig. 4 Performance rate box-

plots. Notched box-plots of the

performance rates on the testing

sets (after adjustment of ROC

cut-off probability on the

evaluation datasets) from

bootstrapping resamples. Those

feature sets for which the

classifiers gave the best AUC

rates have been used for the

box-plots: SBF-Int dataset for

RF, NN and FDA; All dataset

for SVM. (Number of resamples

= 100)
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experimental dataset obtained from mass spectrometry

experiments and composed of thousands methionine resi-

dues found in a vast set of human proteins, we have

assembled a collection of more than one hundred proteins

containing almost one thousand methionine sites, a scant

ten per cent of which was identified as oxidation-prone in

experiments. Using one-dimensional information from the

primary linear sequences of the analysed proteins as well as

three-dimensional information from the tertiary structure of

those proteins with resolved spatial structure, an initial

feature set composed of more that seventy characteristics

was extracted. We have then applied feature engineering

strategies to transform the original dataset as well as to

generate and select new input terms that allowed us to

significantly increase the efficacy of the analysed classifiers

by using a reduced set of characteristics.

For comparison purposes, we have trained and fitted

four different machine leaning models, i.e. random forests,

support vector machines, neural networks and flexible

discriminant analysis models, for methionine oxidation

prediction. Using tenfold cross-validation and bootstrap

resampling strategies, we have shown that random forests

get the best efficacy rates (highest mean AUC and accu-

racy) among all the models (with high significant differ-

ences found in the majority of paired comparisons between

the models). Given the unbalanced distribution in favour of

negative samples in the dataset, an important result to be

remarked here is that random forests get also a balanced

compromise between sensitivity and specificity rates.

These outcomes were surely contributed by the sampling

strategies used during the training phase, along with the

adjustment of the probability decision threshold by using

the ROC curve of an evaluation dataset that was set aside

during training. These results were obtained with a reduced

feature set composed of sixteen ‘‘engineered’’ characteris-

tics, which allows the models to give the best accuracy

rates in general, when compared to the complete feature set

or other subsets of primary and tertiary characteristics.

When compared with our previous work, the feature

engineering dataset gave better results for all the analysed

machine learning models, with statistically significant dif-

ferences found in the majority of the model-to-model com-

parisons analysed. Moreover, better balances between

sensitivity and specificity rates were also obtained in general

by using the strategies and methods presented in this paper.

Finally, a remarkable fact to be pointed out is that those

better efficacy rates were obtained with a reduced feature

set that was less than one-third the size of that giving the

best results in our previous studies. This sixteen-feature

‘‘reduced’’ set makes the predictive model much more

robust, as it reduces dramatically the dependency of the

model on some tertiary characteristics, such as phospho-

rylation or S-aromatic features, which are often hard to

extract—or even unavailable—from proteins with unre-

solved or partially resolved structure.

As a practical application of the predictive models

trained and fitted in this study, a R script for methionine

oxidation prediction has been implemented. This script

makes use of a random forest predictive model and works

by simply taking a protein identifier as an input and

returning a table with the prediction of oxidation for all the

methionine residues found in the protein as output. The

applicability of this specialised software has been shown

on a practical case study for which oxidised and non-oxi-

dised methionine residues were successfully identified in a

given protein. However, the necessity of extracting ter-

tiary-structure features limits the applicability of the pre-

dictive model to only those proteins with resolved spatial

structure. Thus, if the spatial structure of a certain protein

was completely (or partially) unresolved, the script could

not count on all the necessary information to extract the 3D

features related to all its methionine residues.
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