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Marta González-Warleta,

d

Teresa Gárate
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Infections caused by human parasites (HPs) affect the poorest 500 million people worldwide but

chemotherapy has become expensive, toxic, and/or less effective due to drug resistance. On the

other hand, many 3D structures in Protein Data Bank (PDB) remain without function

annotation. We need theoretical models to quickly predict biologically relevant Parasite Self

Proteins (PSP), which are expressed differentially in a given parasite and are dissimilar to

proteins expressed in other parasites and have a high probability to become new vaccines

(unique sequence) or drug targets (unique 3D structure). We present herein a model for PSPs

in eight different HPs (Ascaris, Entamoeba, Fasciola, Giardia, Leishmania, Plasmodium,

Trypanosoma, and Toxoplasma) with 90% accuracy for 15 341 training and validation cases.

The model combines protein residue networks, Markov Chain Models (MCM) and Artificial

Neural Networks (ANN). The input parameters are the spectral moments of the Markov

transition matrix for electrostatic interactions associated with the protein residue complex

network calculated with the MARCH-INSIDE software. We implemented this model in a new

web-server called MISS-Prot (MARCH-INSIDE Scores for Self-Proteins). MISS-Prot was

programmed using PHP/HTML/Python and MARCH-INSIDE routines and is freely available at:

http://miaja.tic.udc.es/Bio-AIMS/MISS-Prot.php. This server is easy to use by non-experts in

Bioinformatics who can carry out automatic online upload and prediction with 3D structures

deposited at PDB (mode 1). We can also study outcomes of Peptide Mass Fingerprinting (PMFs)

and MS/MS for query proteins with unknown 3D structures (mode 2). We illustrated the use of

MISS-Prot in experimental and/or theoretical studies of peptides from Fasciola hepatica cathepsin

proteases or present on 10 Anisakis simplex allergens (Ani s 1 to Ani s 10). In doing so, we

combined electrophoresis (1DE), MALDI-TOF Mass Spectroscopy, and MASCOT to seek

sequences, Molecular Mechanics + Molecular Dynamics (MM/MD) to generate 3D structures

and MISS-Prot to predict PSP scores. MISS-Prot also allows the prediction of PSP proteins in

16 additional species including parasite hosts, fungi pathogens, disease transmission vectors, and

biotechnologically relevant organisms.
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Introduction

There are many different species of Human Parasites (HPs),

whose members cause important parasitic diseases in humans

and animals, but the number of available drugs to treat them is

very limited. In order to increase the available therapeutic

arsenal, a goal of major importance may be the development

of computational software that can predict the therapeutic

potential of new drugs or of drug-target proteins in different

parasites.1 Predicting proteins differentially expressed in only

one parasitic organism (self proteins) that are not present in

the corresponding host may become a gateway to seek targets

with unique drug-binding pockets. These proteins are reason-

ably expected to be good candidates for finding new drug

targets, so they may be considered as proteins with high

targetability. A possible strategy to discriminate between self

and non-self protein sequences is to use the methodology we

previously used for drug target/non-drug target discrimination

that may be complemented with the development of a free

web-tool to aid researchers to perform the necessary calculus.

With this tool one can apply sequence alignment procedures to

predict the function and target scores (in sequence terms) of

these proteins or peptides such as the very successful

BLAST-like procedures.2–8 However, taking into account that

the techniques relying on alignment may fail because there are

no similar candidates in the databases or the most similar

templates have not been annotated,9 we propose the use of

alignment-free Machine Learning methods for predicting the

protein functional class based on sequence (1D) parameters,

but regardless of the sequence–sequence similarity.10–13 For

instance, the so-called pseudo amino acid composition indices

and other predictive methods have been introduced by Chou

et al., Cai and other authors, to predict the function of

proteins irrespective of sequence similarity.14–22 Moreover, in

terms of drug targetability it is very important to consider not

only the primary sequence but also the 3D structure of the

protein. Consequently, some groups have used structural

parameters with spatial information and the Support Vector

Machine (SVM) to predict protein function from 3D

structures.23,24 This methodology is very similar to Quantitative

Structure–Activity/Property (QSAR/QSPR) methods used for

drugs but applied to large protein and/or drug–protein

structures. Generally speaking, a QSAR/QSPR study uses

more or less detailed structural indices (composition,

sequence, 2D, and/or 3D) of molecular systems (drugs, RNAs,

proteins, protein–protein complexes) to predict the biological

activity or desired properties, which are usually expensive to

be measured experimentally, especially for large databases.

With this aim, QSAR/QSPR make use of Statistical, Artificial

Intelligence (AI) including Artificial Neural Networks (ANNs)

and/or Machine Learning (ML) methods to correlate the

structural indices with the property of the systems, obtaining

predictor models with different degrees of complexity. Regard-

less of the type of system described, the structural descriptor

used, or the learning method selected, there are a series of

common steps for almost all QSAR/QSPR studies, see recent

reviews on this topic.25,26 A versatile QSAR/QSPR method

was introduced by González-Dı́az et al. as Markovian

Chemicals In silico Design (MARCH-INSIDE 1.0) for the

computational design of small-sized drugs. In successive

studies, we have extended this method to perform fast calcula-

tion of 2D and 3D alignment-free numeric parameters (such as

entropy, average potentials, and spectral moments) to describe

more complex systems. Currently, the method has been

renamed as Markov Chains Invariants for Networks

SImulation & Design (MARCH-INSIDE 2.0). The approach

uses a Markov Chain Model (MCM) to calculate parameters

of small-sized and complex chemical structures.27–29 To this

end, MARCH-INSIDE describes the system as a stochastic

matrix of interactions and/or transitions between the parts of

the system and associates this matrix with a graph or complex

network representation of this system, at the same time. This

describes more adequately the broad use of the method to

numerically characterize the structure of drugs,30 RNA,31 and

proteins,32–34 as well as drug–drug networks,35 drug–protein

interactions,36 PPIs, and other systems such as a MCM

associated to a graph. MARCH-INSIDE uses networks

similar to others, known in Proteomics, Molecular Biology and

Molecular Microbiology, where the nodes (connected by links)

are atoms (bonds), amino acids (electrostatic interactions),

proteins (PPIs), genes (co-expression), organisms and

microorganisms (parasite–host interactions).37–44 In Fig. 1

we depict: (A) the 3D structure model for a section of a

complex made up of human cathepsin L (PDB-ID 3HHA)

and (B) the respective complex network graph representation

of the protein structure. At this structural level, the nodes are

amino acids and we link two nodes with an edge if the distance

between them is less than 7 Å 45 (an optimal cut-off value,

recently determined by a scan study). This type of network is

also known as contact map or protein residue network.46–53 In

a very recent review, we have discussed the details and many

applications of the MARCH-INSIDE method based on a

Markov transition matrix of a complex network to discover

both drugs and targets in Molecular Microbiology and

Parasitology.54 The last upgrade of MARCH-INSIDE

(carried out by Munteanu and González-Dı́az) was the

implementation of the Internet portal Bio-AIMS (http://

miaja.tic.udc.es/Bio-AIMS/) with different web-server packages

that may be used to predict different functions of proteins

from PDB files. These servers are inspired by the same

philosophy of online free access and are used by all the

international research communities, as mentioned in the

previous paragraph. In particular, the package TargetPred

from the server offers two new protein-QSAR servers. The

first one, ATCUNPred (http://miaja.tic.udc.es/Bio-AIMS/

ATCUNPred.php), is available for prediction of ATCUN-

mediated DNA-cleavage anticancer proteins.55 The second

server, EnzClassPred, is available at http://miaja.tic.udc.es/

Bio-AIMS/EnzClassPred.php and may be used for prediction of

enzyme classes from PDB files without function annotation.56

In this work, we approached the QSAR/QSPR problem of

3D-protein selfness in parasites using the MARCH-INSIDE

method. Our aim is to seek a QSAR/QSPR model

discriminating parasite self proteins or peptides (PSPs) that

differentially express in one out of nine different HPs genera

from non-self proteins (nPSP) based on a protein 3D structure.

The model may be used also to predict the contribution of a

peptide to increase/decrease the probability of a self protein
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(3D structure) to be a unique target not present in other

organisms (targetability). We implemented the predictor in a

new web server named MISS-Prot. The expansion of this

acronym is MISS-Prot: MARCH-INSIDE Scores for

Self-Proteins. MISS-Prot is freely available to public at

http://miaja.tic.udc.es/Bio-AIMS/MISS-Prot.php. Last but

not least, we illustrated the use of this model with a real case

study. In this regard, we reported the 1DE experimental

isolation, MALDI-TOF MS characterization, MASCOT,

BLAST, and QSAR prediction of the peptides identified by

MS/MS analysis of a L1-cathepsin found in F. hepatica. We

also report the first combined study MM/MD + MISS-Prot

of peptides present in known allergens of Anisakis simplex. In

Fig. 2 we depicted a flowchart within all the steps that we took

in this work to construct the new classifiers and server.

Materials and methods

Theoretic methods

MARCH-INSIDE parameters of protein structure. In

previous works we have predicted the protein function based

on different protein structural parameters derived from a

Markov matrix that accounts for electrostatic interactions

between amino acid pairs in the 3D structure of the protein.

One of the classes of parameters used was called the Spectral

Moments pk(R) of the matrix. These values are used herein

as inputs to construct the protein QSAR model for PPps.

The detailed explanation has been published before28,29,32,57–62

and reviewed in detail recently.63 As follows, we give the

formula for pk(R) values and some general explanations:

pkðRÞ ¼
X

i¼j2R

kpijðRÞ ð1Þ

It is remarkable that the spectral moments are the direct sum

of the probabilities kpij(R) with which the effect of the electro-

static interaction propagates from the amino acid ith to other

amino acids jth next to it and returns to ith after k-steps. These

probabilities refer to amino acids considered isolated in the

space (k = 0), direct interactions between amino acids and

others in contact with them in the residue network (k= 1) and

spatial (k > 1) indirect interactions between amino acids

placed at a distance equal to k-times the cut-off distance

(rij = k � rcut-off). The method uses a Markov Chain Model

(MCM) to calculate these probabilities. However, for the sake

of simplicity, a truncation or cut-off function aij is applied in

such a way that a short-term interaction takes place in a

first approximation only between neighbouring amino acids

(aij = 1 if rij o rcut-off). Otherwise, the interaction is vanished

Fig. 1 Representations of a cathepsin L (PDB-ID 3HHA): (A) 3D

structure and (B) complex network.

Fig. 2 Flowchart for all the steps given in the construction of the

classifiers and server.
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(aij = 0). The relationship aij may be visualised in the form of a

protein structure complex network. In this network the nodes

are the Ca atoms of the amino acids and the edges connect

pairs of amino acids with aij = 1. Euclidean 3D space r3 =

(x, y, z) coordinates of the Ca atoms of amino acids listed in

protein PDB files. For the calculation, all water molecules and

metal ions were removed.54 All calculations were carried out

with our in-house software MARCH-INSIDE 2.0.54 For the

calculation, the MARCH-INSIDE software always uses the

full matrix, never a sub-matrix, but the last summation term

may run either for all amino acids or only for some specific

protein regions (R). These regions or orbits are often defined in

geometric terms and called core, inner, middle or surface

region. In Fig. 1 we denote the regions of the protein

(c corresponds to core, i to inner, m to middle, and s to surface

orbits, respectively). The diameters of the orbits, as a percen-

tage of the longest distance rmax with respect to the centre of

charge, are the following: 0r cr 25, 25o ir 50, 50omr 75,

75o sr 100. Additionally, we consider the total orbit (t) that

contains all the amino acids in the protein (orbit diameter 0 to

100% of rmax). Consequently, we can calculate different pk(R)
for the amino acids contained in the regions (c, i,m, s, or t) and

placed at a topological distance k from each other within this

orbit (k is the order).27–29,33,64 In this work, we have calculated

altogether 5(types of regions) � 6(orders considered) = 30

pk(R) indices for each PPp or nPPp.

Dataset. The protein structures were downloaded from

PDB65 using the following schemes for PDB-database search:

(i) introducing as input parameter the name of the different

parasites (Plasmodium, Fasciola spp., Ascaris spp., Giardia

spp., Trypanosoma spp., Toxoplasma, Entamoeba spp.) in the

search item called source organism (for positive cases). The

second alternative (ii) was to introduce the PDB IDs for all the

proteins contained in the list reported in the article by Dobson

and Doig;66 which are considered as negative cases after

curation to confirm the source organism. The dataset consists

of 15 341 cases (protein/organism pairs) including 1733

positive cases referred to PSPs and 13 608 cases referred to

nPSPs. The list covers more than 20 organisms, including

bacteria, virus, fungi, and parasites, as well as their human or

cattle hosts. In total 1300 PSPs and 10 212 nPSPs were used to

train the model. In addition, 433 PSPs and 3396 nPSPs were

used in the external validation set. Detailed information about

the PDB ID, the values of the electrostatic spectral moment

indices, the corresponding observed classification, and the

predicted classification for each PSP or nPSP protein/organism

pair are given in Table S1 of the ESIz.

Alignment-free 3D-QSAR analysis of PSPs. Linear Discri-

minant Analysis (LDA) and Artificial Neural Networks

(ANN) were used to construct the classifiers. One of the most

important steps in this work was the organisation of the

spreadsheet containing the raw data used as inputs for the

LDA and for the ANN because this is not a classic classifier.

Herein, the schematisation of the paper is peculiar. Our

expectation is to use a two-group discriminant function to

classify proteins into two possible groups: proteins that belong

to a particular group and proteins that do not belong to this

group. To this end, we have to indicate somehow which group

we pretend to predict in each case. In this regard, we took the

following steps that have been explained in detail in recent

works:56,67

(1) First of all, the PSPs (proteins expressed in at least one

HP) were divided according to their genus membership but

without specifying the species. The genus of the HP that

differentially expresses one PSP is the first term in the genus

species taxonomy classification of the source organism;

this information was obtained from the PDB file of the

protein.65

(2) We created raw data representing each protein item as a

vector made up of 90 3D-structural variables (inputs), one

dependent variable (PSPg), and two auxiliary variables Genus

observed (Go) and Genus Query (Gq); as auxiliary variables,

Go and Gq were never used in the analysis.

(3) Using Go = o we express that a given protein is a PSP,

differentially expressed by at least one parasite organism that

belongs to the observed genus o.

(4) Using Gq= q we express that we are using the model to

predict whether a given protein is a PSP or not (is differentially

expressed by) at least one parasitic organism that belongs to

the query genus q.

(5) The dependent variable PSPg is a dummy variable

(Boolean); PSPg = yes if Gq = Go = g (the PSP protein is

differentially expressed by a parasite with the observed genus

equal to the query genus; otherwise PSPg = no). It means that

we can repeat each protein more than once in the raw data. In

fact, we could repeat each protein 9 times corresponding to 9

different Gq or Go = g = 1, 2, 3. . .9 values found in these

data. In an alphabetical order, we have the following possible

Go and Gq values: 1-Ascaris, 2-Entamoeba, 3-Fasciola,

4-Giardia, 5-Leishmania, 6-Tolypocladium, 7-Toxoplasma,

8-Trypanosoma, and 9-Plasmodium.

(6) In order to sort data, the first time that a protein

appeared we used the Gq = Go, and consequently PSPg =

yes. It means that we used in Gq the real genus (Go) of the

organism that expresses this protein. In this case, the LDA

model had to give the highest probability to the group PSPg=

yes because it had to predict the real organism that expresses

the protein.

(7) The other times we used Gq a Go (query genus

different from the real or observed genus), and the LDA

model had to predict the highest probability for the group

PSPg = no, meaning that this is not a PSP for the parasite of

this genus. Conversely, non-PSP proteins (or simply nPSPs)

have more than one line entry for each protein (selected at

random) with different Gq values in a proportion of above

10 nPSPs (decoys) by each PSP.

(8) The problem in this type of organisation of raw data is

that 30 pk(R) values are protein constants. Consequently, if

LDA is based only on these values, the model will necessarily

fail when we change Gq values. An inconvenience in this

regard occurs if we pretend to use the model for a real PSP,

since we have only one unspecific prediction and we need 9

specific probabilities (9 possible Gq values and only one real

Gq = Go). It means that, for a PSP, a perfect classifier has to

predict a probability equal to 1 (or approximately 1) confirming

the real Go of the organism that expresses this protein and
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8 probability values approximately equal to 0 for the other

possible values of Gq.

(9) We can solve this problem by introducing characteristic

variables of each Gq but without giving any information in the

input about the Go for the organism that expresses a given

protein. To this end, we used the average values pk(R)g of each
pk(R) for all PSPs expressed in the organisms of the

same genus. We also calculated the deviation (Dpk(R)g =

pk(R) � pk(R)g) of the pk(R) from the pk(R)g for the respective
genus indicated in Gq. Altogether, we have then (30 pk(R)
values of the PSP) + (30 pk(R) average values for each Gq) +

(30 Dpk(R)g values of deviations for each PSP from the average

of the respective Gq) = 90 input variables.

(10) It is of major importance to understand that we never

used as input Go or Gq, so the model only includes as input

the pk(R) values for the protein entry and the average and

deviations of these values from the Gq, which is not necessa-

rily the real Go. The general formula for this class of the LDA

model is shown below, where Sg(r3) (the model output) is

not the dependent variable PSPg and neither is the output

probability. Sg(r3) is a real valued score that predicts the

propensity of a protein to act as a PSP differentially expressed

in one HP organism that belongs to genus Gq = g:

Sgðr3Þ ¼ a0 þ
Xk¼5;o¼4

k¼0;o¼0
bk � pkðRÞ þ

Xk¼5;o¼4

k¼0;o¼0
ck � pkðRÞg

þ
Xk¼5;o¼4

k¼0;o¼0
dk � ðpkðRÞ � pkðRÞgÞ

¼ a0 þ
Xk¼5;o¼4

k¼0;o¼0
bk � pkðRÞ þ

Xk¼5;o¼4

k¼0;o¼0
ck � pkðRÞg

þ
Xk¼5;o¼4

k¼0;o¼0
dk � DpkðRÞg

ð2Þ

In fact, the variable Sg(r3) is the output of the LDAmodel and

may be characterised as a real value score proportional to the

probability with which the organisms of genus Gq with

average values pk(R)g differentially expresses the PSP protein

p with structural parameters pk(R) and deviation Dpk(R)g
from the training sub-set of proteins expressed in this genus.

LDA forward stepwise analysis was carried out for variable

selection to build up the models.30 All the variables included in

the model were standardized in order to bring them onto the

same scale.68 The square of the canonical regression coefficient

(Rc) and Wilk’s statistics (U) were examined in order to assess

the discriminatory power of the model (U = 0 perfect

discrimination, being 0 o U o 1); the separation of the two

groups of proteins was statistically verified by the Fisher ratio

(F) test with an error level p o 0.05.

BLAST alignment analysis of PSPs. The most relevant

peptide fragments of the new protein were submitted to

BLASTp to determine the similarity of the sequence with

other known proteins.69 The BLASTp procedure was carried

out with the non-redundant NCI database such as the

query database, allowing BLASTp to search for conserved

domains through the CD search tool.70 We calculated

Sg(r1) = (BLAST score in bits)/100 for the protein in

the database expressed in one parasite of genus g, with the

highest similarity to the peptide, and a known biological

function.

Calculation of PSP probabilities. The score values Sg(r1) and

Sg(r3) calculated with different alignment procedures and/or

QSAR classifiers have different scales. This situation deter-

mines that different scores are not directly comparable. To

avoid this problem, we did not use directly the scoring values

Sg(r1) and Sg(r3) but transformed them into a probability

scale. In the particular case of 3D-QSAR derived by LDA,

we can use Mahalanobis distances to calculate the

probabilities pg(r3) with which an organism of genus g

differentially expresses different PSPs or peptides with respect

to organisms of the other genus. Unfortunately, we cannot

directly obtain Mahalanobis distances to calculate pg(r1) or

pg(r3) probability values from outcomes obtained by BLAST

alignment or 3D-QSAR models based on ANN models.67,71

For these practical reasons we suggest using the same

probability scale for all classes of scores. In this work, we

suggest transforming the score values into probability values

as follows:

pgðrnÞ ¼
SgðrnÞ þ jSgðrnÞminj þ 1

Pq¼8

q¼1
SgðrnÞ þ jSgðrnÞminj þ 1

ð3Þ

LOMETS study. LOMETS is a locally installed meta-server

method for protein structure prediction. It generates protein

structure predictions by ranking and selecting models from 8

state-of-the-art threading programs. LOMETS implementation,

validation, and use have been published before.72 In this work

we used LOMETS to generate the 3D structure of peptides of

F. hepatica confirmed byMS/MS (see experiment 1), which are

necessary as inputs of MISS-Prot to predict the selfness

score with mode 2U. First, we introduced the sequence

of the peptides in the LOMETS input box. In the setup

we kept the options implemented by default. The model

ranking scheme of LOMETS is as follows. For a given target,

160 models are generated by 8 component servers where

each server generates 20 models as sorted by their

Z-scores in each algorithm. The best 10 models are finally

selected from the 160 models based on the following scoring

function:

score(i,j) = (Z(i,j)/Z0(i))�conf(i) + seq-id(i,j) (4)

where Z(i, j) is the Z-score of the jth model of the ith server,

Z0(i) is the cutoff of the ith server, conf(i) is the confidence of

the ith server, which is defined as the average TM-score to the

native of all predictions in a large-scale benchmark test.

Seq-id(i,j) is the sequence identity to query of the jth model

of the ith server. We list as follows the parameters Z0(i)

(conf(i)) for each server (i): 1-FUGUE 7.0 (0.383),73

2-HHsearch 9.5 (0.439),74 3-MUSTER 5.8 (0.454),75

4-PROSPECT 23.2 (0.446),76 5-PPA-I 9.3 (0.447),72 6-SAM

9.5 (0.377),77 7-SP 37.0 (0.437),78 8-SPARKS 7.0 (0.429).79

Finally, the models are ranked based on the TM-score, i.e. the

models with higher average TM-score to other models are
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ranked higher.72 LOMETS also consider the following format

of spatial restraints:

1. Side-chain contacts: describes the predicted side chain

contacts between pairs of residues. The first line indicates the

total number of pairs of predicted side chain contacts.

Columns 1 and 2 are residue orders of predicted pairs. Column

3 is the confidence of the contact, which is defined as the relative

frequency of contacts appearing in the top 20 templates.

2. Ca atom contacts: describes the predicted C-alpha atom

contacts between pairs of residues. The first line describes the

total number of pairs of predicted Ca contacts. Columns 1 and

2 are residue orders of predicted pairs. Column 3 is the

confidence of contact predictions.

3. Short-range Ca distances: describes the predicted Ca

distances in short-range, i.e., |i � j| o 7. The first line is the

total number of short-range Ca atom pairs. Columns 1 and 2

are residue orders of predicted pairs. Column 4 is the predicted

distance between the C-alpha atom pairs. Column 5 is the

standard deviation of the distance predictions. All distances

are in units of Angstrom.

4. Long-range Ca distances: describes the predicted Ca

distances in a long-range, i.e., |i � j| > 6. The first line

describes the total number of long-range Ca atom pairs.

Columns 1 and 2 are residue orders of predicted pairs. Column

3 is the predicted distance between Ca atom pairs. There are up

to 4 values of distances for each pair, which are taken from the

top 4 template alignments.

Fig. 3 Snapshot of the software HyperChem showing MM/MD specifications used.

Fig. 4 ESAs of F. hepatica: (A) size-exclusion chromatogram obtained

by FPLC separation of ESAs from F. hepatica. The arrow indicates

peak number IV of the chromatogram according to Mezo et al.;84 (B)

SDS-PAGE analysis of proteins contained in peak number IV (lane b).

The proteins present in band 1 were analysed by MS/MS spectrometry.

The relative molecular masses of standard markers (lane a) from top to

bottom were: 170, 130, 95, 72, 55, 43, 34, 26, 17 and 10 kDa.
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HyperChem study. This is a Molecular Mechanics/Molecular

Dynamics (MM/MD) study using the program HyperChem.

HyperChem is a program for general use in molecular

modeling that can be used for protein structure prediction.

In this work we used HyperChem to generate the 3D

structures of peptides of allergens present in A. simplex

(see experiment 2), which were necessary as inputs of

MISS-Prot to predict the selfness score with mode 2. First,

we introduced the sequence of the 30 peptides in the HyperChem

sequence editor80 and carried out a geometry optimisation

with the AMBERMolecular Mechanics (MM) force field.81 In

the setup we kept the options implemented by default but

allowing a shifted cut-off truncation with rout = 14 Å

(outer radius). Next, Molecular Dynamics (MD) simulation

was carried out using a Monte Carlo (MC) algorithm in vacuo

at 300 K and 1000 optimisation stages (run steps) obtaining 30

Molecular Dynamics Trajectories (MDTs) or energetic

profiles, one for each peptide, with 1000 potential energy

values, each one corresponding to 1000 different conformations

of the same peptide: dEj(r3) with j = 1, 2, 3,. . .,1000.82,83 To

this end, we also used the force field AMBER81 with the

distant-dependent dielectric constant (scale factor 1), electro-

static and Van der Waals values by default and the same

cut-off used for optimisation. All the other specifications for

the force field were set equal to HyperChem default values

(see Fig. 3) and the atom type was recalculated keeping their

current charges. In order to obtain realistic geometries, there is

an additional parameter that we monitored in MD algorithms,

which is known as the acceptance ratio (ACCR). It appears as

ACCR on the list of possible selections in the MC averages

dialogue box of HyperChem (see also Fig. 3). The ACCR is a

running average of the number ratio of accepted moves to

attempted moves. Varying the step size can have a large effect

on the ACCR value. The step size, Dr, is the maximum allowed

atomic displacement used in the generation of trial configura-

tions. The default value of r in HyperChem is 0.05 Å.82 For most

organic molecules, this will result in an ACCR of about 0.5 Å,

which means that about 50% of all the moves are accepted.

Experimental methods

Obtention of excretory–secretory antigens (ESAs) of F. hepatica.

ESAs of F. hepatica were obtained as previously described by

Mezo et al.84 Briefly, liver adult flukes collected from bile ducts

of naturally infected cows were washed twice, first in sterile

saline solution containing antibiotics (100 IU ml�1 penicillin

and 100 mg streptomycin) and glucose (2 mg ml�1) at 38 1C,

and then in Roswell Park Memorial Institute cell culture

medium (RPMI 1640 supplemented with 20 mM HEPES,

0.3 g L�1 L-glutamine, 2 g L�1 sodium bicarbonate and

antibiotics) at 38 1C under 5% CO2 in air. Flukes were then

transferred to a 75 cm2 tissue culture flask (Iwaki, Sciteck Div.

Asahi Techno Glass, Funabashi City, Chiba, Japan) and

maintained in a culture medium (3 ml per fluke) at 38 1C

under 5% CO2 in air. After 24 h of incubation, the medium

containing ESAs was removed, the protease activity

inhibited with a protease inhibitor cocktail (SigmaFASTt

Protease Cocktail Tablet, Sigma-Aldrich, Madrid, Spain),

and centrifuged at 10 000 � g for 20 min at 4 1C. Then,

the supernatant was passed through a 0.45 mm pore filter disc,

and submitted to a process of washing/concentration with

distilled water using Microsep Microconcentrators (3000 mo-

lecular weight cut-off; Filtron Technology Corporation, North-

borough, Massachusetts) and the concentrate dried using a

vacuum concentrator (SpeedVac, Thermo Scientific, Barcelo-

na, Spain) and stored at 4 1C until use.

Size-exclusion chromatography (SEC). Samples of ESAs of

F. hepatica were dissolved in PBS at a final protein concentration

of 3.5 mg ml�1 and fractionated by size-exclusion chromato-

graphy using an FPLC system (ÄKTA Basic 10, Amersham

Biosciences Europe BmbH, Barcelona, Spain) equipped

with a column of Superdex 75 HR 10/30 column (Amersham

Biosciences) as described previously.84 Briefly, 0.5 ml samples

were eluted at a flow rate of 0.3 ml min�1 and the protein

concentration was monitored at 280 nm. The molecular weight

of the eluted proteins was estimated using a mixture of

proteins of known molecular weight (Gel Filtration LMW

Calibration Kit, Amersham Biosciences). Finally, the protein

concentration of each peak obtained was measured by

the Pyrogallol Red Method (Sigma) and stored in aliquots at

�80 1C until further analysis.

Polyacrylamide gel electrophoresis (SDS-PAGE). The proteins

from an aliquot of purified F. hepatica ESAs corresponding

to peak IV (see Fig. 4A), obtained as described above by

exclusion chromatography, were resolved by SDS-PAGE

under reducing conditions (2.5 mg of protein per lane) using

a mini-vertical gel electrophoresis unit (Mighty Small II,

Hoefer Inc., Holliston, MA). One-dimensional electrophoresis

(1DE) was performed at 200 V constant current at 20 1C for

1 h using the Laemmli (1970) buffer system with discontinuous

slab gels made up of a 5% polyacrylamide stacking gel and a

10–20% linear-gradient polyacrylamide resolving gel of

1 mm thickness. 1D-SDS-PAGE molecular weight standards

(BioRad) were used to calibrate gels.

Mass spectrometry (MS). Proteins in the polyacrylamide

gels were stained with Imperial Protein Stain (Pierce) over-

night and the excess dye removed with distilled water. Then

the selected bands (band #1 in this study; see Fig. 4B) were

excised using a scalpel, washed twice with water, shrunk 15 min

with 100% acetonitrile and dried in a Savant SpeedVac for

30 min. Then, the samples were reduced with 10 mM dithio-

erythritol in 25 mM ammonium bicarbonate for 30 min at

56 1C and subsequently alkylated with 55 mM iodoacetamide

in 25 mM ammonium bicarbonate for 15 min in the dark.

Finally, samples were digested with 12.5 ng ml�1 sequencing

grade trypsin (Roche Molecular Biochemicals) in 25 mM

ammonium bicarbonate (pH 8.5) overnight at 37 1C. After

digestion, the supernatant was collected and 1 ml was spotted
onto a MALDI target plate and allowed to air-dry at room

temperature. Then, 0.4 ml of 3 mg ml�1 of the a-cyano-4-
hydroxy-cinnamic acid matrix (Sigma-Aldrich) in 50%

acetonitrile were added to the dried peptide digest spots and

allowed again to air-dry at room temperature.

MALDI-TOF MS analyses were performed in a 4800

Proteomics Analyzer MALDI-TOF/TOF mass spectrometer

(Applied Biosystems, Framingham, MA) at the Genomics and
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Proteomics Center, Universidad Complutense de Madrid,

operated in positive reflector mode, with an accelerating

voltage of 20 000 V. All mass spectra were calibrated internally

using peptides from the auto digestion of trypsin. The

MALDI-TOF/TOF mass spectrometry analysis produces

peptide mass fingerprints. Those observed with a signal-to-

noise greater than 10 were collated and represented as a list of

monoisotopic molecular weights. To confirm protein identifi-

cation, peptides corresponding to some selected PMF peaks

were subjected to MS/MS sequencing analyses using the 4800

Proteomics Analyzer (Applied Biosystems, Framingham, MA).

The suitable MS spectra precursors for MS/MS sequencing

analyses were selected, and fragmentation was carried out

using the acquisition method in the 1 kV ion reflector mode,

collision induced dissociation (CID), and the precursor mass

window �5 Da. The plate model and default calibration were

optimized for the MS-MS spectra processing. For protein

identification, the non-redundant NCBI database or SwissProt

was searched usingMASCOT 2.1 (http://www.matrixscience.com)

through the Global Protein Server v3.5 from Applied Bio-

systems. The Mascot Search Parameters were (i) Taxonomy:

metazoa (animals); (ii) Database: SwissProt and NCBInr;

(iii) Enzyme: Trypsin, allow upto 1 missed trypsin cleavage

site; (iv) Modifications: carbamidomethyl cysteine as fixed

modification and oxidized methionine as variable modification;

(v) Peptide mass tolerance: 50–100 ppm (PMF) (MS-MS or

combined search); (vi) Peptide charge state: +1 MS-MS;

(vii) Fragments tolerance: 0.3 Da. The parameters for the

combined search (peptide mass fingerprint andMS-MS spectra)

were the same as described above. In all protein identifica-

tions, the probability scores were greater than the score fixed

by MASCOT as significant with a p-value o0.05. Protein

identification by de novo sequencing from fragmentation

spectra of peptides was performed using the DeNovo tool

software (Applied Biosystems). Tentative sequences were

manually checked and validated, and the homology search

for these sequences was obtained using the BLAST tool at

http://www.ncbi.nlm.nih.gov/BLAST.

Results and discussion

LDA model

The search for approaches that complement or improve

classical alignment tools for protein function annotation, like

BLAST, constitutes a goal of major importance, see for

instance the works of Ivanciuc.85–89 In this work we accomplish

this goal with a 3D-QSAR study using the 3D parameters

pk(R), pk(R)g, and Dpk(R) as inputs. A simple LDA, with only

five variables was the best LDA model found, able to assign

each protein to 1 out of 9 different PSP classes corresponding

to 9 different genera of HPs (HPGs) or to predict it as a nPSP.

The best equation found was the following:

Sg(r3) = 0.007�Dp0(t) � 0.027�Dp0(m) + 0.002�p0(i)
+ 0.025�p0(m) � 0.007�p0(t) � 2.114

= 0.007�(p0(t)� p0(t)g)� 0.027�(p0(m)� p0(m)g)

+ 0.002�p0(m) � 0.007�p0(t) � 2.114 N

= 11512 w2 = 263.9 p o 0.001 (5)

The statistical parameters for the above equation are as

follows: number of protein entries in training (N), Chi-square

statistic (w2), and error level (p-level) which has to be o0.05.90

This discriminant function presented good sensitivity results

both in training (94.8%) and validation sub-sets (94.4%), see

Table 1. However, the specificity of the model is unacceptable

(lower than 60%) in all sub-sets. It determines that the final

accuracyo60% of the model is certainly very low with respect

to the standards reported in the literature for applications of

LDA to QSAR models both for low-weight drugs or proteins

that are useful in molecular parasitology and related

areas: e.g., the works carried out by Garcı́a-Domenech,

Marrero-Ponce, Bruno-Blanch, Galvez, Gozalbes and others

who predicted compounds active against Trypanosoma cruzi,

Mycobacterium avium, Toxoplasma gondii, Plasmodium

falciparum, Trichomonas vaginalis, Fasciola hepatica, and

other parasites;91–95 see also the works performed by

Marrero-Ponce on protein and DNA/RNA QSAR studies.96–98

It was impossible to increase the goodness-of-fit for this model

by adding more variables. On the other hand, all the variables

in the models are p0(R) variables and this fact strongly reduces

the ability of the model to codify structural information in

order to distinguish between different proteins. In fact, p0(R)
values are zero-order spectral moments (k = 0) that in this

case are equal to the number of amino acids in a given region

and do not codify any information about the nature of the

amino acids or their geometrical distribution.28,55 Actually, a

zero-order spectral moment is equal to the number of nodes in

the molecular graph (atoms, amino acids, nucleotides, RNAs,

proteins, or organisms) depending on the structural level

described by the network.54,57 Taking into consideration all

these facts, we decided to reject the LDA model and search for

more accurate QSAR models using other methods.

ANN models

We tried to find a better model by processing our data with

different ANNs.99,100 We carried out four different types of

networks, namely, Probabilistic Neural Network (PNN),

Radial Basis Function (RBF), Multi Layer Perceptron

(MLP), and Linear Neural Network (LNN). We report a

summary of the ANN that we have trained and tested in

Table 1. In Fig. 5A we present the topology of some of the

networks trained. All these QSAR models were more complex

than the linear LDA model, but the accuracy, sensitivity, and/

or specificity obtained in some cases were higher than 90%.

We selected the model with higher accuracy but keeping a

balance between specificity and sensitivity. Taking into

consideration that simpler LDA failed and the number of

cases in training is very high, we decided to look for better

models without checking the model simplicity. The high

number of cases in training (N = 11 512) excludes the

possibility of chance correlation due to an excessive number

of parameters. The best model found was an LNN with high

sensitivity = 91.2, specificity = 91.1, and accuracy = 91.2 in

the training sub-set. This QSAR model also presented high

accuracy, specificity, and sensitivity values equal to 91.0% in

an external validation sub-set (see Table 1). We also validated

the model by means of a ROC curve 101 analysis (see Fig. 5B).

The values of the area under the ROC curve for this model are
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0.96 (in training and validation) both very close to 1 (the highest

possible value for a perfect classifier) and notably different from

0.5 (the typical value of a random classifier).

MISS-Prot server (input mode 1). On the other hand, as the

final objective is the implementation of the model in a web

server that performs all the operations in a hidden mode

keeping a user-friendly interface for the scientist, the complexity

of the model behind this interface does not presuppose any

problem for the user. Certainly, we have to consider that with

the advent of internet it is important not only to develop new

predictive models for proteome research but also to carry out

the implementation of these models in public web servers

available to other research groups.102–109 In this sense, we

implemented the LNN model in a server at the portal

Bio-AIMS (http://miaja.tic.udc.es/Bio-AIMS/MISS-Prot.php).

This free online public tool is based on PHP/HTML/Python

programming languages and MARCH-INSIDE routines for

the calculation of the protein parameters (see Materials and

methods section). This is the first web server for PSPs/nPSPs

discrimination (in 3D structural terms) predicting PSP scores

in 9 different HP genera with respect to other parasites, virus,

bacteria, fungi, or human and animal hosts. In Fig. 6 we

illustrate the input (A) and output (B) web pages of this server.

The user only has to paste the PDB codes for all the query

proteins and the server calculates S3(r3) scores for these proteins

for the main nine parasite organisms studied in this work. We

call this use of the server the default or input mode 1.

Experimental study of peptides found in cathepsin proteins.

L-cathepsins are secreted proteases that have functions in

F. hepatica parasite virulence including tissue invasion and

suppression of host immune responses. In fact, Robinson and

Tort et al.110 used proteomics methods alongside phylogenetic

studies and characterized the profile of cathepsin L proteases

secreted by adult F. hepatica and hence identified those

involved in host–pathogen interactions. Phylogenetic analyses

showed that the Fasciola cathepsin L gene family expanded by

a series of gene duplications followed by divergence that gave

rise to three clades associated with mature adult worms

(Clades 1, 2, and 5) and two clades specific to infective juvenile

stages (Clades 3 and 4). The proteomics studies of these

authors identified representatives from Clades 1, 2, and 5

but not from Clades 3 and 4 in adult F. hepatica secretory

products. Clades 1 and 2 account for 67.39 and 27.63% of

total secreted cathepsin Ls, respectively, suggesting that their

expansion was positively driven and that these proteases are

most critical for parasite survival and adaptation. Secreted

F. hepatica cathepsin Ls are also of interest as targets for

serodiagnostic of fascioliasis in humans111 and ruminants112–114

and as vaccine candidates.115

In this work, we used SEC, 1DE, and MS/MS analysis

to perform a study of some cathepsin L peptides from

F. hepatica. Considered a secondary zoonotic disease until

the mid-1990s, currently, human fasciolosis is at present

emerging or re-emerging in many countries, including increases

of prevalence and intensity and geographical expansion.

Research in recent years has justified the inclusion of

fasciolosis in the list of important human parasitic diseases.116

Proteomic techniques may become very useful tools to identify

new proteins by homology sequences. For instance, some

authors use a combination of electrophoresis techniques and

MS to isolate and characterise new proteins.117 Carrying out

MS/MS identification of protein peptides is a very useful

Table 1 Comparative study of linear vs. non-linear models for input mode 1 (default)

Model Parameter Set

Train Test (CV)

% nPSP PSP % nPSP PSP

LDA-FS Specificity nPSP 52.3 5345 4867 52.0 1765 1631
5:5-1:1 Sensitivity PSP 94.8 68 1232 94.9 22 411

Accuracy Total 57.1 56.8
MLP Specificity nPSP 49.2 5021 5191 49.7 1687 1709
21:21-30-1:1 Sensitivity PSP 49.4 658 642 49.2 220 213

Accuracy Total 49.2 49.6
PNN Specificity nPSP 100.0 10 212 0 100.0 3396 0
90:90-11512-2-2:1 Sensitivity PSP 43.5 734 566 43.6 244 189

Accuracy Total 93.6 93.6
PNN Specificity nPSP 100.0 10 212 0 100.0 3396 0
89:89-11512-2-2:1 Sensitivity PSP 43.5 734 566 43.6 244 189

Accuracy Total 93.6 93.6
MLP Specificity nPSP 87.3 8917 1295 87.2 2962 434
11:11-29-1:1 Sensitivity PSP 86.5 176 1124 86.6 58 375

Accuracy Total 87.2 87.2
MLP Specificity nPSP 77.7 7938 2274 77.7 2638 758
9:9-26-28-1:1 Sensitivity PSP 77.3 295 1005 77.4 98 335

Accuracy Total 77.7 77.6
MLP Specificity nPSP 67.8 6922 3290 67.7 2300 1096
5:5-19-22-1:1 Sensitivity PSP 59.8 523 777 59.6 175 258

Accuracy Total 66.9 66.8
RBF Specificity nPSP 100.0 10 212 0 100.0 3396 0
17:17-1-1:1 Sensitivity PSP 80.7 251 1049 80.6 84 349

Accuracy Total 97.8 97.8
LNN Specificity nPSP 91.1 9303 909 91.0 3089 307
90:90-1:1 Sensitivity PSP 91.2 115 1185 91.0 39 394

Accuracy Total 91.1 91.0
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procedure in this sense.118 In MS/MS analysis we can use

computational search engines, such as MASCOT, to match

MS outcomes for the new peptides in the most similar

proteins.119,120 It means that MASCOT seeks collection of

MS signals and the corresponding sequence of peptides

present in known proteins that match up with our MS input.

MASCOT uses the Mowse score (Ms) to rank and select the

best protein/peptide candidates.121 If a template protein in the

database has a high Ms > 52, in this way we can detect a high

sequence homology and perform function annotation.

However, the final function annotation of a large protein does

not imply that all their peptides found by MS/MS analysis

Fig. 5 ANN study: (A) topology of some models trained and (B) the ROC curve for the LNN predictor.
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have a positive contribution to the protein activity by them-

selves and also does not exclude that these peptides, if present,

may have other functions in proteins from other organisms.

In addition to protein sequence homology, we can take into

account that proteins and their peptides are 3D structures that

could be compared with a target 3D genome to investigate

Fig. 6 MISS-Prot web server interface (http://miaja.tic.udc.es/Bio-AIMS/MISSProt-HP.php).

Pu
bl

is
he

d 
on

 0
6 

A
pr

il 
20

11
. D

ow
nl

oa
de

d 
by

 U
ni

ve
rs

ity
 o

f 
L

iv
er

po
ol

 o
n 

14
/1

1/
20

14
 1

0:
11

:3
1.

 
View Article Online

http://dx.doi.org/10.1039/c1mb05069a


This journal is c The Royal Society of Chemistry 2011 Mol. BioSyst., 2011, 7, 1938–1955 1949

the selfness of query peptides. In the following example we

used 1DE followed by MS/MS analysis, and subsequent

evaluation by MASCOT, BLAST, and 3D-QSAR analysis

to predict both 1D and 3D (S10(r1) and S10(r3)) values for

self/non-self scores of F. hepatica peptides with respect to the

human proteome. In Fig. 4 we illustrate the results obtained

after SEC separation (A) and an overall view of the 1DE

bands (B) obtained from F. hepatica samples. After excision,

the band was subjected to in-gel trypsin digestion and three of

the most abundant resulting peptides subjected to MS/MS

analysis. Then, the MS signals were introduced into the

MASCOT search engine.122,123 We selected MASCOT

collection of annotated databases because it contains data

on the F. hepatica proteome of annotated proteins with MS

recorded. A similar combination was successfully used in the

past to study Trichinella sp. antigens 124 and Leishmania

infantum dynein proteins.59 With the MASCOT search we

could identify three peptide sequences AVPDKIDWR (Ms= 48),

NSWGLSWGER (Ms = 74) and QFGLETESSYPYTA-

VEGQCR (Ms = 127), all of which matched Fasciola

L-cathepsins. Considering only F. hepatica proteins we

obtained 7 hits (see Table 2) with maximal Ms scores = 249.

Among them, 4 hits corresponded to F. hepatica L-cathepsins,

without specification of clade, while 2 hits were classified as a

secreted L1-cathepsin (gi|116488416) and procathepsin L1

(gi|163310848), respectively. This later,125 having mass M =

35 390 Da, was used as a template for matching the set of

identified F. hepatica peptides (Fig. 7). It should be noted that

the masses of F. hepatica L cathepsins showed in Table 2

(M = 35–37 kDa) are higher than the mass observed in 1DE

(Fig. 4, band 1) because the secreted L-cathepsins lacked the

signal peptide and the inhibitor propeptide.126,127

Theoretical studies of peptides found in cathepsin proteins. To

carry out the theoretical study of the peptide found we have to

consider that: (i) we introduced a new server for predicting

unique targets in different parasites including Fasciola sp.,

(ii) unique peptides (in terms of 3D structure) may be present

in specific drug-target pocket sites, and (iii) unique peptides

may also become important in vaccine development. Then, we

decided to predict both 1D and 3D self/non-self scores, S10(r1)

and S10(r3), for the selected peptides derived from the

F. hepatica L1-cathepsin.

BLASTp study of peptides found in F. hepatica L1-cathepsin.

We use the Basic Local Alignment Search Tool (BLAST),

which is the most frequently used tool for calculating sequence

similarity, for calculation of 1D self/non-self scores S10(r1).

The way most people use BLAST is to input a nucleotide or

protein sequence as a query against all (or a subset of) the

public sequence databases, pasting the sequence into the

textbox on one of the BLAST web pages. There are many

different variations of BLAST available to use for different

sequence comparisons, e.g., a DNA query to a DNA database,

a protein query to a protein database, and a DNA query,

translated in all six reading frames, to a protein sequence

database. In this work, we use BLASTp, a variation for the

comparison of a protein query to a protein database. From

BLASTp results, we obtained similarity identities = 9/14 (65%)

for the F. hepatica peptide with sequence qfgletessypytavegqcr,

and peptide gldseesypyvavd as the one most similar to it in the

human proteome. This peptide is present in the sequence of

clitocypin, a Cathepsin V complex chain A, with a PDB ID

3H6S. Another BLAST result was a similarity identity = 7/8

(88%) for the F. hepatica peptide with sequence avpdkidwr

and peptide vpdksdwr as the most similar in the human

proteome. This peptide is present in the sequence of the

CWF19L1 protein. The last BLAST result was a similarity

identity = 8/10 (80%) for F. hepatica nswglswger and peptide

nswgpawger as the most similar in the human proteome; this

peptide was predicted to be present in the sequence of the

tubulointerstitial nephritis antigen-like 1 protein.

LOMETS study of peptides found in cathepsin proteins.

Unfortunately, MS/MS provide information only about the

sequences of peptides but our QSAR model uses the 3D

structure to carry out the predictive study. Consequently, we

decided to run structure prediction jobs at the LOMETS web

server in order to obtain different models of the 3D structure

of these peptides. Following the same line of the previous

section, our main interest in the study of the peptides of the

new unknown proteins is to know which of them have a

positive contribution to the differential expression of proteins

in the different HPg. It may allow us to select peptides for drug

Table 2 Best protein hits found with MASCOT for F. hepatica proteins

Protein Accessiona Mass Score Description

1 gi|163310848 35 390 249 Procathepsin L1, chain A
2 gi|116488416 37 149 249 Secreted cathepsin L1
3 gi|41152540 26 600 249 Cathepsin L protein
4 gi|13774082 35 611 249 Cathepsin L-like
5 gi|41152538 37 090 249 Cathepsin L protein
6 gi|50403821 36 978 249 Cathepsin L1 proteinase
7 gi|31558997 36 978 249 Cathepsin L

a Database: NCBInr 080227 (6189142 sequences); 10 Apr 2008 at

16:45:09 GMT.

Fig. 7 MASCOT search sequence coverage for cathepsin L1

(gi|163310848) from F. hepatica. The sequence corresponding to the

signal peptide is underlined and the sequence of the propeptide is

highlighted in blue. Matching positions of identified peptides are

highlighted in red.
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Table 3 Self/non-self study of peptides of one protein of F. hepatica (mode 2U)

3D structure modelsa Selfness scoresb

Rank Template AL C Z-score SID C-score Soft. S10(r1) S10(r3)

QFGLETESSYPYTAVEGQCR
1 1IWDA 20 1 18.621 0.45 High SAM 30.8 14.6
2 2O6XA2 20 1 56.987 1 High SAM 14.6
3 2O6XA 20 1 11.213 1 High MUSTER 14.6
4 2O6XA 19 0.95 10.461 1 High HHsearch 14.6
5 1XKGA 20 1 10.477 0.45 High SP3 14.6
AVPDKIDWR
1 2O6XA 9 1 5.864 1 High MUSTER 25.2 14.6
2 2O6XA2 9 1 31.705 1 High SAM 14.6
3 2GS0B 9 1 16.283 0.444 High SPARKS2 14.6
4 3IECE 9 1 15.078 0.333 High SP3 14.6
5 2C0YA2 9 1 5.989 0.556 High MUSTER 14.6
NSWGLSWGER
1 1XKGA2 10 1 7.768 0.5 High MUSTER 29.1 14.6
2 3IAXB 10 1 20.85 0.4 High SPARKS2 14.6
3 2O6XA2 10 1 39.485 0 High SAM 14.6
4 3E1ZB 10 1 7.836 0.7 High MUSTER 14.6
5 3IAXB 8 0.8 16.348 0.25 High SP3 14.6

a Models generated using the web server LOMETS (http://zhanglab.ccmb.med.umich.edu/LOMETS/), template = PDB ID of the template

protein, AL = peptide-template alignment length, C = Coverage, Z-score = Z-score of the jth model of the ith program, SID = sequence ID is

the sequence identity to the query of the jth model of the ith program, C-score = coverage score. b Selfness scores Sg(rn) in humans (g = 10) for

F. hepatica peptides: S10(r3) = score calculated with MISS-Prot for 3D structures (n = 3), S10(r1) = scores calculated with BLAST using only

sequence information (n = 1).

Table 4 Average values for different organisms (continued in Table 5)

mk
a avg.

Organism code or label (g values)b

Pathogen parasites Parasite hosts

1 2 3 4 5 6 7 8 9 10 11 12 13

0;0 19.2 6.2 3.1 8.2 10.8 0.5 6.8 10.5 6.3 9.8 9.4 22.1 6.6
1;0 0.8 0.3 0.1 0.3 0.5 0.0 0.3 0.6 0.3 0.4 0.4 1.0 0.3
2;0 1.1 0.4 0.2 0.4 0.7 0.0 0.4 0.8 0.4 0.7 0.7 1.4 0.5
3;0 1.4 0.5 0.2 0.5 0.9 0.0 0.6 1.1 0.5 0.8 0.8 1.7 0.7
4;0 1.6 0.6 0.2 0.5 1.0 0.0 0.7 1.2 0.6 1.0 1.0 2.0 0.8
5;0 1.8 0.6 0.3 0.6 1.2 0.0 0.8 1.4 0.6 1.1 1.1 2.2 0.9
0;1 69.1 53.7 23.1 53.3 71.2 5.8 43.2 54.6 40.6 55.5 47.6 134.3 40.6
1;1 3.5 3.0 1.2 2.0 3.5 0.2 2.3 3.1 1.9 2.8 2.4 6.5 2.1
2;1 5.3 4.1 1.6 2.9 5.1 0.3 3.3 4.3 2.8 4.1 3.7 9.5 3.2
3;1 6.8 5.4 2.2 3.7 6.6 0.4 4.3 5.8 3.7 5.3 4.7 12.0 4.2
4;1 7.9 6.2 2.5 4.2 7.7 0.5 4.9 6.6 4.3 6.2 5.6 14.0 5.0
5;1 8.9 7.1 2.9 4.7 8.7 0.6 5.7 7.6 4.9 7.1 6.3 15.6 5.7
0;2 43.8 109.3 43.3 90.3 104.7 22.0 66.3 85.4 68.4 81.3 87.1 240.9 56.1
1;2 2.6 6.2 2.5 4.6 6.2 1.0 3.8 5.6 3.8 4.5 4.6 13.0 3.4
2;2 3.9 8.7 3.6 6.6 9.0 1.5 5.5 7.8 5.6 6.8 7.0 19.4 5.2
3;2 5.0 11.7 4.9 8.6 11.9 2.0 7.3 10.7 7.4 8.7 9.0 24.8 6.8
4;2 6.0 13.3 5.7 9.9 13.7 2.4 8.4 12.1 8.5 10.2 10.7 29.0 8.1
5;2 6.8 15.4 6.7 11.2 15.7 2.7 9.6 14.2 9.8 11.6 12.1 32.5 9.2
0;3 81.2 177.9 84.0 266.4 113.6 57.5 139.4 137.5 136.6 136.8 156.5 365.2 76.2
1;3 5.8 8.9 7.3 15.8 8.2 4.3 10.6 9.4 8.6 0.0 10.7 0.0 5.5
2;3 8.4 12.7 9.7 23.1 11.8 5.8 15.0 13.4 12.3 0.0 15.8 0.0 8.3
3;3 10.8 16.5 13.8 29.8 15.5 8.1 20.3 17.8 16.4 0.0 20.5 0.0 10.9
4;3 12.6 19.0 15.3 34.4 17.9 9.1 23.5 20.4 18.9 0.0 24.0 0.0 12.9
5;3 14.1 21.6 18.5 38.9 20.5 11.0 27.4 23.4 21.7 0.0 27.2 0.0 14.7
0;4 213.3 346.9 153.6 418.2 300.4 85.8 255.8 288.0 251.9 283.4 300.7 762.5 179.6
1;4 12.6 18.3 11.1 22.7 18.4 5.5 17.0 19.0 14.8 0.0 18.2 0.0 11.3
2;4 18.7 25.9 15.1 33.1 26.6 7.7 24.3 26.7 21.4 0.0 27.2 0.0 17.3
3;4 24.0 34.1 21.0 42.5 34.9 10.6 32.5 35.7 28.3 0.0 35.1 0.0 22.5
4;4 28.1 39.0 23.7 49.1 40.3 12.1 37.5 40.8 32.6 0.0 41.2 0.0 26.7
5;4 31.7 44.8 28.3 55.4 46.1 14.3 43.5 47.3 37.6 0.0 46.7 0.0 30.5

a mk(O)avg average values for different organisms; the first term is k and the second O. b Organisms for web-server modes 1 and 2: Ascaris spp.

(g = 1), Entamoeba spp. (g = 2), Fasciola spp. (g = 3), Giardia spp. (g = 4), Leishmania spp. (g = 5), Plasmodium spp. (g = 6), Toxoplasma sp.

(g = 7), Trypanosoma spp. (g = 8), Tolypocladium spp. (g = 9). Organisms for web-server modes 3 and 4: Homo sapiens (g = 10), Bos taurus

(g = 11), Sus scrofa (g = 12), G. gallus (g = 13).

Pu
bl

is
he

d 
on

 0
6 

A
pr

il 
20

11
. D

ow
nl

oa
de

d 
by

 U
ni

ve
rs

ity
 o

f 
L

iv
er

po
ol

 o
n 

14
/1

1/
20

14
 1

0:
11

:3
1.

 
View Article Online

http://dx.doi.org/10.1039/c1mb05069a


This journal is c The Royal Society of Chemistry 2011 Mol. BioSyst., 2011, 7, 1938–1955 1951

design and/or obtain information for drug target discovery. In

this regard, we have to calculate the pk(R) values for all

peptides and substitute these values in the QSAR model to

predict S10(r3) scores. To this end, we need first the 3D

structures of the peptides in order to calculate the pk(R)
values. For this study we used the 3 F. hepatica peptides

identified by MS/MS. We firstly obtained the optimal 3D

folded structures using the web server LOMETS. In Table 3

we have also summarised the results of the LOMETS simula-

tion of the 3D structure of these peptides.

MISS-Prot scoring of peptide outcomes (input mode 2). Input

mode 2 refers to the prediction with the new server of Sg(r3)

scores for the selected peptides. We used MISS-Prot to predict

selfness scores for humans S10(r3) of the peptides studied here.

To this end, after LOMETS calculation of different models for

the plausible 3D structures we upload the best structural

models to the server (PDB files). MISS-Prot uses essentially

the same algorithm as MARCH-INSIDE 2.0 to calculate the

pk(R) values for the 15 structural models for the 3 peptides

studied. In Table 3 we illustrate the 3D self/non-self scores

obtained for these peptides. Notably, all peptides of the

F. hepatica protein present positive self/non-self scores in

H. sapiens (g = 10), which means a high probability to be

expressed by human cells. Consequently, both sequence-

based scores S10(r1) and 3D structure-based scores S10(r1)

indicate high probability of expression of these peptides both

in the parasite and in the human host. This is important

because the alignment procedure does not consider the

3D structure and may fail when the database does not

contain templates similar to the concerned query or if those

available are also proteins with an unknown function, as in

this case.66,128

Notes on input mode 1U and mode 2U. The present server

was trained and validated with the explicit objective of

predicting PSPs from the 3D structure released to PDB only.

The server predicts PSPs for eight of the major classes

of HPs: g = 1-Ascaris, 2-Entamoeba, 3-Fasciola, 4-Giardia,

5-Leishmania, 6-Plasmodium, 7-Toxoplasma, and 8-Trypano-

soma. For these organisms the user only has to introduce the

PDB code for the protein and the server has as input an

internal list with the average values of the parameters

(see Table 3). We called this case the input mode 1. Although

the server was created to calculate Sg(r3) values only for the

above parasites, we should not forget that the model depends

both on protein parameters and average parameters of the

proteins expressed on a given organism. Consequently, it is

Table 5 Contains average values for other organisms (continued from Table 4)

mk
a(O) avg.

Organism code or label (g values)b

Vectors Other pathogens Biotechnology

14 15 16 17 18 19 20 21 22 23 24

0;0 6.7 7.8 5.1 8.4 15.8 8.9 22.7 7.3 10.4 8.2 13.8
1;0 0.3 0.3 0.2 0.3 0.0 0.4 1.0 0.3 0.4 0.4 0.0
2;0 0.4 0.4 0.4 0.5 0.0 0.6 1.4 0.4 0.7 0.6 0.0
3;0 0.5 0.6 0.5 0.6 0.0 0.8 1.8 0.5 0.8 0.7 0.0
4;0 0.6 0.6 0.5 0.8 0.0 0.9 2.1 0.6 1.0 0.8 0.0
5;0 0.7 0.7 0.6 0.9 0.0 1.0 2.4 0.7 1.1 0.9 0.0
0;1 46.5 56.5 33.0 62.3 100.5 55.1 110.7 46.7 57.6 51.8 79.2
1;1 2.2 2.5 1.6 2.7 4.8 3.3 5.2 2.1 2.7 2.5 3.7
2;1 3.2 3.8 2.4 4.1 7.2 4.7 7.9 3.1 4.0 3.6 5.5
3;1 4.1 4.8 3.1 5.3 9.2 6.4 10.1 4.0 5.1 4.6 7.1
4;1 4.8 5.6 3.7 6.2 10.7 7.3 11.9 4.7 6.0 5.4 8.3
5;1 5.4 6.3 4.2 7.0 12.1 8.7 13.4 5.3 6.7 6.1 9.3
0;2 84.7 105.9 72.2 133.7 176.3 126.5 141.6 91.3 84.4 96.5 132.5
1;2 4.3 5.4 4.0 6.7 9.4 8.0 8.4 4.6 4.4 5.4 7.0
2;2 6.5 8.1 6.1 10.2 14.1 11.5 12.6 7.0 6.6 8.0 10.6
3;2 8.3 10.4 7.9 13.0 18.1 15.4 16.3 9.0 8.5 10.2 13.6
4;2 9.7 12.2 9.4 15.3 21.2 17.7 19.1 10.6 9.9 11.9 16.0
5;2 10.9 13.7 10.6 17.3 23.8 20.6 21.6 11.9 11.2 13.4 18.1
0;3 152.3 199.7 122.4 209.2 288.1 215.8 333.4 104.4 221.3 122.3 206.7
1;3 9.5 12.5 7.7 13.0 18.7 16.0 22.3 6.6 0.0 8.7 0.0
2;3 14.0 18.7 11.7 19.4 28.0 23.1 33.5 9.8 0.0 12.8 0.0
3;3 17.9 24.0 15.1 24.8 36.0 30.6 43.4 12.6 0.0 16.3 0.0
4;3 20.8 28.1 17.8 28.9 42.3 35.5 51.2 14.7 0.0 18.9 0.0
5;3 23.4 31.7 20.2 32.4 47.8 40.9 58.1 16.5 0.0 21.2 0.0
0;4 290.2 369.9 232.7 413.6 580.7 406.2 608.4 249.7 373.6 278.7 432.2
1;4 16.5 20.7 13.7 22.8 0.0 27.6 36.8 13.6 0.0 16.8 0.0
2;4 24.5 31.0 20.6 34.1 0.0 39.8 55.5 20.4 0.0 24.8 0.0
3;4 31.3 39.7 26.6 43.7 0.0 53.0 71.5 26.1 0.0 31.6 0.0
4;4 36.5 46.6 31.4 51.1 0.0 61.3 84.3 30.6 0.0 36.9 0.0
5;4 41.1 52.5 35.6 57.5 0.0 71.0 95.4 34.4 0.0 41.4 0.0

a mk(O)avg average values for different organisms; the first term is k and the second O. b Organisms for web-server modes 3 and 4: M. musculus

(g = 14), R. norvegicus (g = 15), B. stearothermophilus (g = 16), B. subtilis (g = 17), E. coli (g = 18), Pseudomonas sp. (g = 19), S. typhimurium

(g = 20), Staphylococcus sp. (g = 21), Streptococcus sp. (g = 22), Streptomyces sp. (g = 23) and Saccharomyces sp. (g = 24). Vectors = infectious

disease transmission vectors; Biotech. = organisms interesting for pharmaceutical or food industrial biotechnology.
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technically possible to estimate Sg(r3) values for proteins of

other organisms if we introduce as inputs for the classifier new

average values for proteins of a different organism. The reader

should remember at this point that the classifier was trained

with proteins of many different organisms as control cases.

For these situations, we incorporated to the server the input

modes: mode 1U and mode 2U. These input modes are

essentially the same as mode 1 and mode 2 but the server

prompts you to introduce the name of the new organisms,

parasites or not (e.g., host organisms and/or transmission

vectors), as well as the average values of these organisms

(see Table 4 and 5). Using these new average values as inputs

and the values for the query proteins the server will calculate

the Sg(r3) values for the query proteins on the new organism.

In mode 2U the server allows you to type the PDB codes of the

query proteins.

Lastly, in mode 4 the server allows you to browse your own

files and upload 3D structure models (.ent files) with the 3D

structure of the protein generated by MM/MD studies. We

have to be aware that by using the input mode 3 and mode 4

we predict self scores Sg(r3) for proteins of a new parasite,

host, transmission vector or other organism that was not

present on the original dataset and used to train and validate

the model (at least as a positive case). Consequently,

predictions derived with input mode 1U and mode 2U have

to be used with higher caution than predictions with input

mode 1 and mode 2. In Tables 4 and 5 we list the values of the

average parameters for the default HPs of the server as well as

for other organisms such as important fungi pathogens

like Tolypocladium spp. (g = 9), parasite hosts like Homo

sapiens (g = 10), Bos Taurus (g = 11), Sus scrofa (g = 12),

Gallus gallus (g = 13), and/or pathogen transmission vectors

like Mus musculus (g = 14), Rattus norvegicus (g = 15). We

also included other human pathogen organisms like Bacillus

stearothermophilus (g = 16), Bacillus subtilis (g = 17),

Escherichia coli (g = 18), Pseudomonas sp. (g = 19),

Salmonella typhimurium (g = 20), Staphylococcus sp.

(g = 21), Streptococcus sp. (g = 22), or biotechnologically

relevant organisms like Streptomyces sp. (g = 23) and

Saccharomyces sp. (g = 24). Remember that g is only a code

or label for identifying the organism.

MISS-Prot study of Ani s allergens (mode 2U). We illustrate

the use of input mode 2 for MIProtS-HP server with 10 known

allergen proteins (called Ani s 1 to Ani s 10)129–149 of the

parasite A. simplex. This HP organism was not present on the

original list of HPs g = 1 to 8. Details of these proteins have

been deposited at the database ALLERGEN of the I.U.I.S.

Allergen Nomenclature Sub-committee (http://www.allergen.

org/Allergen.aspx), which operates under the auspices of the

International Union of Immunological Societies (I.U.I.S.)

and the World Health Organization (W.H.O.). We have

withdrawn from ALLERGEN the GeneBank accession codes

for these sequences (http://www.ncbi.nlm.nih.gov/pubmed).

However, at present there are no 3D structures released to

PDB for these proteins. We used the software HyperChem to

Table 6 3D-Selfness study of peptides of A. simplex antigens using HyperChem to predict 3D structures + MISS-Prot to predict selfness scores
(input mode 2U)a

Peptide Sequence s Accession sbp Biochem. Ref. Epot DEpot ACCR S10(r3)
b

A1 MASMQHFSLAALLLA 1 AB100095 1 — 131 �22.3 27.5 0.62 0.031
A2 MHLITALVLLLQLIH 16 28.5 29.6 0.62 0.037
A3 MSDTLYRSPSMAIRS 32 �440.9 26.6 0.62 0.033
A4 MFQSTFFLVLMVCVA 2 AF173004 1 Paramyosin 135 �32.4 27.9 0.63 0.021
A5 AKYGSQFCKNLLANC 16 �58.5 27.2 0.65 0.055
A6 MKVLFFVAAVVAVSL 32 28.3 28.6 0.65 0.020
A7 MKLCILAVAVFVVAV 3 Y19221 1 Tropomyosin 135 42.1 28.2 0.63 0.014
A8 ASICLGDADRTECQL 16 �176.5 25.2 0.65 0.035
A9 FITSSPIPQEVVGGP 32 13.6 24.2 0.63 0.043
A10 STADMGALTSMSVAD 4 AM279414 1 Cysteine 136 �11.8 25.8 0.62 0.043
A11 DNALDRADAAEEKVR 16 Protease �223.1 26.7 0.62 0.041
A12 ILMQTEAGMLGGSSD 32 Inhibitor �41.3 22.7 0.61 0.014
A13 ALADDTPPPPPFLAG 5 AB274998 1 SXP 143 45.4 24.9 0.62 0.045
A14 TARFANKDHCPPNEE 16 RAL-2 �35.0 26.3 0.64 0.049
A15 LSSTGATLPMQSPWQ 32 Protein �76.0 24.7 0.65 0.049
A16 AQDQGPPPLPKFLDG 6 AB274999 1 Serine 144 96.2 24.8 0.63 0.037
A17 SAQGPPPLPPFVANA 16 Protease 38.1 28.5 0.63 0.029
A18 PLDKGTPCTQEGGVK 32 Inhibitor 40.4 26.5 0.65 0.059
A19 GPVVGGSGIGNVWEK 7 EF158010 1 — 129 14.4 24.6 0.62 0.107
A20 LGSLTRLEDKIRLLQ 16 �218.0 31.6 0.63 0.053
A21 QMTDKLERIEEELRD 32 �320.7 22.8 0.58 0.037
A22 VDVNDPEIKELAGKS 8 AB300625 1 SXP/ 145 44.6 26.3 0.63 0.025
A23 APQDVVKAFFELLKK 16 RAL-2 5.9 26.6 0.64 0.098
A24 YNECGNPCQEKCDNG 32 Protein �109.1 26.0 0.60 0.027
A25 IPPVVSSCITSGMAK 9 EU074790 1 SXP/ 142 48.6 23.8 0.67 0.025
A26 ADQATKDAFAALAQT 16 RAL-2 �80.3 26.3 0.62 0.023
A27 PPAVQAEFRQLANGA 32 Protein �98.2 29.0 0.65 0.049
A28 MDAIKKKMQAMKIEK 10 GU187358 1 Unknown — 62.8 32.1 0.64 0.039
A29 MQSRIVVAVVVFCCI 16 �101.4 28.0 0.61 0.031
A30 MKTLIVAALFCTIGM 32 12.3 57.5 0.64 0.014

a ACCR = acceptance ratio, Epot = potential energy, DEpot = potential energy difference for the 3D structure model obtained by the MM/MD

study using HyperChem. b S10(r3) = selfness scores in humans (g = 10) for 3D structures (n = 3) of peptides present in A. simplex antigens.
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generate 3D structure models of peptides found on the struc-

ture of the 10 allergens from A. simplex. We introduced the

sequences as the input in the sequence editor of HyperChem

and MM/MD experiments described in the Materials

and methods section were carried out. We used only three

15-aa-long peptides from each allergen starting at positions 1,

16, and 32 of the allergen sequence. Using MISS-HP we

uploaded the 3D structure (.ent files) of 30 peptides

(A1 to A30) and predicted their selfness scores for humans

S10(r3). In Table 6 we illustrate the results obtained for these

peptides: code, sequence, positions, energetic details, and

predicted scores. Notably, all peptides present very low

selfness scores in H. sapiens (g = 10), it means low probability

to be expressed by human cells. The result is consistent with

self/non-self discrimination theories postulating that the

human immune systems recognize as allergens peptides with

low sequence similarity.150–152 However, this prediction

confirms low selfness for sequences and also in terms of 3D

structure information.

Conclusion

This study allowed us to confirm that spectral moment

parameters derived with an MCM are useful predictors for

PSP/nPSP discrimination involving 3D structural and not only

sequence information. We confirm by LDA a useful linear

relationship. However, using ANN classifiers we may obtain

notably accurate models. We also conclude that this method

may help us to predict not only new PSP proteins but also to

select peptide candidates found on MS/MS of new proteins

that may improve PSP targetability. In particular, the new

model can be used to study peptide outcomes obtained after

1DE and MALDI-TOF MS analysis of HP samples. This

combined strategy may be used to identify and predict

proteins/peptides of prokaryotic and eukaryotic parasites

which may be of interest in drug development or target

identification or serve in anti-parasitic vaccine design. This

type of model may be implemented in public web servers,

available to the scientific community for use free-of-charge.
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