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Abstract

Accurate and comprehensive identification of surface-exposed proteins (SEPS) in parasites is a key
step in developing novel subunit vaccines. However, the reliability of MS-based high-throughput
methods for proteome-wide mapping of SEPs continues to be limited due to high rates of false
positives (i.e., proteins mistakenly identified as surface exposed) as well as false negatives (i.e.,
SEPs not detected due to low expression or other technical limitations). We propose a framework
called PlasmoSEP for the reliable identification of SEPs using a novel semisupervised learning
algorithm that combines SEPs identified by high-throughput experiments and expert annotation of
high-throughput data to augment labeled data for training a predictive model. Our experiments
using high-throughput data from the Plasmodium falciparum surface-exposed proteome provide
several novel high-confidence predictions of SEPs in £ falciparum and also confirm expert
annotations for several others. Furthermore, PlasmoSEP predicts that 25 of 37 experimentally
identified SEPs in Plasmodium yoelii salivary gland sporozoites are likely to be SEPs. Finally,
PlasmoSEP predicts several novel SEPs in 2. yoeliiand Plasmodium vivax malaria parasites that
can be validated for further vaccine studies. Our computational framework can be easily adapted to
improve the interpretation of data from high-throughput studies.
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1 Introduction

Malaria remains one of the largest global health burdens today, with an estimated 438 000
deaths and 214 million new infectious occurring annually [1]. This disease is caused by a
eukaryotic parasite of the genus Plasmodium that is transmitted by infected Anopheles
mosquitoes. Five Plasmodium species infect humans, including £ falciparumand P. vivax,
which together cause nearly all of the mortalities and morbidities. In addition, there are
several Plasmodium species that infect small animals, and thus serve as excellent models of
infection (e.g. P yoeliiand P, bergheiin mice, P, cynomolgiin nonhuman primates). These
parasites (except £ vivax, which cannot be continuously passaged in the laboratory) have
been used to identify weaknesses in the parasite that can be exploited for chemotherapies
and vaccine candidates.

Significance of the study

Profiling the surface exposed proteome of the malaria parasite is of major importance for
understanding host-parasite interactions and for identifying novel subunit vaccine
candidates. MS-based proteomic techniques have increasingly become the state-of-the-art
experimental approach for mapping surface exposed proteins (SEPS) in many target
pathogens. However, more efforts are needed to improve the reliability of the
interpretation of the results of such experiments. We propose a novel computational
approach to effectively postprocess MS results and filter out false positive as well as
false-negative results. Specifically, we integrate imperfect results of MS experiments for
mapping SEPs in £ falciparum, expert annotation of these data, and semi-supervised
machine learning approaches to develop prediction models that could be used to: (i)
validate the output of MS experiments; (ii) predict novel SEPs that have been missed by
the MS experiments; (iii) predict novel SEPs in different species of Plasmodium (e.g., P
yoeliiand P, vivax). This study, which, to the best of our knowledge, is the first study of
its kind, opens up opportunities for developing community resources that integrate and
improve the reliability of SEPs identified by high-throughput MS-based proteomic
experiments.

Current efforts to reduce and eliminate parasite transmission have relied upon controlling the
mosquito vector, supplying insecticide-treated bednets, and administering antimalarial drugs
that kill the blood stage of the parasite. In contrast to these efforts, the development of an
effective vaccine against £, falciparumand P. vivax has encountered several barriers, and to
date no licensed vaccine candidate has reached the levels of protection thought to be
required to make a substantial impact upon parasite transmission (reviewed in [2]). The most
advanced vaccine candidate (called RTS, S) provides limited, short lived protection in Phase
I11 clinical trials in Africa, but has served as an important first milestone [3]. The RTS, S
vaccine consists of a single surface protein (circumsporozoite protein, CSP) that is present
on the sporozoite form of the parasite, which is transmitted from mosquitoes to humans. As
CSP is known to have considerable variation in field isolates (ibid), parasites are likely to
evade antibody-based immune responses by simply changing the composition of this
protein. Ongoing efforts now aim to improve upon RTS, S by adding additional antigens to
create bivalent or multivalent vaccine candidates, and by using alternate delivery approaches
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(e.g. viral vectors) [4]. However, the experimental validation of surface-exposed proteins
(SEPs) that will be accessible to antibodies has been limited in scope, and thus the list of
vetted antigens available for multivalent vaccines has remained short.

Our previous work has provided an initial, and then more recently a comprehensive, list of
proteins on the surface of the transmitted sporozoite form of the parasite, which are
accessible to antibody-based immune responses [5, 6]. Taken together, these catalogues of
SEPs provide a much needed, experimentally validated list to draw upon to design next
generation, multivalent malaria vaccines. These studies have focused primarily upon A
falciparum, which can be grown in the laboratory and is thus amenable to these studies.

In the absence of data describing the SEPs in other human-infectious malaria parasites, it
would be advantageous to draw upon our current knowledge of the surface proteome of
sporozoites to accurately predict which proteins may be targetable. The supervised machine
learning approach [7] is an efficient and cost-effective approach to extract hidden patterns
from data (e.g., P, falciparum SEPS) and train predictive models that could be applied to
predict novel SEPs in other human-infectious malaria parasites. However, the reliability of
the predictions depends mainly on the quality of the training data. Taking into account the
technical limitations of MS techniques [8, 9], our identified 2 falciparum SEPs are expected
to have a significant number of false positives (labeled cytosolic proteins from dying cells)
as well as false negatives (due to limits of detection and sample scarcity), making the
applicability of supervised machine learning algorithms to learn from such data a practical
challenge. To address this challenge, we propose a novel framework for developing reliable
predictive models from noisy high-throughput P, falciparum surface exposed proteomic data.
Our approach integrates expert annotation of high-throughput data and semisupervised
machine learning algorithms [10] to develop reliable predictive models for predicting SEPs
in Plasmodium. Our results using simulated datasets acknowledge the viability of semi-
supervised learning (SSL) to develop classifiers from small-size labeled data by exploiting
available unlabeled data. Moreover, we demonstrate improvements in performance of SSL
by leveraging noisy expert-annotated data. Finally, we have extended our approach to predict
SEPs in human-infectious £ vivax, which cannot be continuously cultured in the laboratory.
Taken together, here we provide the scientific community with predicted and experimentally
validated SEPs for different Plasmodium species, along with an algorithm to help guide
experimental validations of these proteins’ potential as malaria subunit vaccine candidates.

2 Materials and methods

2.1 Surface-exposed proteomics

2.2 SSL

The surface exposed proteome of £ yoelii sporozoites was determined as previously
described with few modifications [5,6]. The detailed procedure is reported in Supporting
Information Materials and Methods.

SSL [10, 11] is a class of supervised learning (SL) that makes use of available (often large
amounts of) unlabeled data to train a model using a small set of costly labeled data. Many
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machine-learning researchers reported considerable improvements in classifier performance
when unlabeled data is used in conjunction with small-size training data as opposed to
building the model using only available labeled training data. In Supporting Information
Materials and Methods, we summarize the self-training algorithm [10], a commonly used
semisupervised algorithm that has been successfully used for various SSL tasks in
Bioinformatics applications (e.g., [12-17]).

2.3 Self-training with potentially labeled data

In some applications, in addition to the labeled data L and unlabeled data U, we may have
access to potentially labeled data 2 where the labels are based on information (e.g., expert
opinion) that may be less reliable than direct experimental evidence. In Supporting
Information Materials and Methods, we present a natural extension of the self-training
algorithm to SSL that takes advantage of such potentially labeled data when available. Our
Java implementation of the proposed self-training algorithm has been made freely available
to the broader research community as part of the EpiT tool [18] (available at http://
ailab.ist.psu.edu/epit/). This allows our algorithm to be invoked using the WEKA GUI [19]
and to take advantage of several amino acid sequence derived features for building classifiers
using EpiT.

2.4 Our framework

Figure 1 summarizes our proposed framework for improving the reliability of the results of
high-throughput proteomics experiments for identifying SEPs. First, the output of one or
more high-throughput proteomics studies for identifying SEPs in £, falciparum is used to
generate a set of non-SEPs from the entire A2 falciparum proteome (see Section 2.5 for
details); Experimentally identified candidate SEPs are annotated by domain expert(s) as
known SEPs, likely SEPs, unlikely SEPs, and unknown SEPs. Second, our novel self-
training algorithm is applied to labeled, annotated, and unlabeled £ falciparum data to build
a classifier for predicting SEPs in £ falciparum, PlasmoSEP. Third, the PlasmoSEP classifier
and two additional Bioinformatics tools (SignalP [20] and an in-house model trained to
predict protective antigens in parasites) are integrated together into a final prediction model
that returns the maximum prediction score from these three predictors. The final model is
then used to predict SEPs from among the experimentally identified candidate SEPs. This
helps filter out false positives from proteomics experiments, which have been especially
problematic in recent studies. Finally, an integrated model is also used to identify novel
SEPs from entire £ falciparum proteomes and proteomes of other related malaria species, 2
yoelii and P, vivax.

2.5 Classification experiments

We experimented with the two self-training algorithms using simulated and real-world
datasets. Detailed description of the datasets, the extracted features, and the experimental
settings are provided in Supporting Information Materials and Methods.
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2.6 Other sources of information

To improve the reliability of our predicted SEPs, we used two additional types of evidence
for complementing the predictions supplied by the PlasmoSEP classifier: (i) prediction of
signal peptides provided by SignalP Web server [20] (as the presence of a signal peptide in a
protein suggests that the protein is secreted or is a membrane protein [21, 22]); and (ii)
prediction of protective antigens in parasites provided by our in-house classifier, described in
Supporting Information Materials and Methods.

3 Results and discussion

3.1 Predictive models trained using semisupervised methods outperform those trained by
their supervised counterparts

First, we compared the performance of SL and self-training (both using two basic SL
algorithms, Naive Bayes (NB) and random forest with 100 trees (RF100)) on the simulated
datasets. In this experiment, the training dataset was randomly partitioned into labeled data
L={L*U L7| st |L*|=]|L7]} and unlabeled data U. Figure 2 reports the area under ROC
curve (AUC) [23] estimated using the independent test data for NB (top) and RF100
(bottom) trained using only L and self-training classifiers using an NB and RF100 classifiers
trained on L and U for different choices of |L*|. Our results show that when the number of
labeled data samples is small, the self-training algorithm substantially outperforms its
supervised counterpart. For all choices of |L*| considered in this experiment, the classifiers
trained using the semisupervised algorithm (SSL_NB and SSL_RF100) consistently
outperform those trained using their supervised counterparts (SL_NB and SL_RF100).

3.2 Noisy expert-annotated data improve the performance of models trained using SSL

The results summarized in Fig. 2 suggest that when |L*]| is less than 110 positive samples or,
in other words, when the size of the labeled training data is less than 220 samples, the AUC
of the SSL model is less than 0.80. To examine whether potentially labeled data (e.g.,
expert-annotated data) improve the performance of the semisupervised self-training
algorithm, Algorithm 2, we designed the following experiment. We set |L*| to 90 and we
randomly selected a subset of the remaining training data as potentially labeled such that
potentially labeled data include an equal number of positively and negatively labeled
samples (e.g., |P*| = |P|). We also experimented with different numbers of potentially
labeled data samples (|P"| = {10, 30, 50, 70, 90}) and different levels of randomly added
noise to the labels of the potentially labeled data. Using NB as the base classifier, we found
that, for all choices of the number of potentially labeled samples and the fraction that are
incorrectly labeled, predictive models trained using our proposed semisupervised self-
training algorithm that takes advantage of potentially labeled data outperform those that do
not (Fig. 3A). We repeated the experiment using RF100 as the base classifier for the two
self-training algorithms (with |L*| set to 30 because for |L*| greater than 30, the AUC of
SSL_RF100 is greater than 0.80 and very close to the upper limit for performance obtained
using RF100 and the entire training dataset). Figure 3B shows that the proposed SSL
algorithm using noisy potentially labeled data consistently outperforms the basic SSL
algorithm so long as the fraction of potentially labeled data with incorrect labels does not
exceed 30%. Interestingly, in some of the cases, the models trained on noisy potentially

Proteomics. Author manuscript; available in PMC 2017 September 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

El-Manzalawy et al.

Page 6

labeled data outperform or perform as well as those trained on accurate potentially labeled
data. This observation may be explained in part by the theoretical results that suggest that
noise in the training data mimics the behavior of regularization which in turn helps reduce
overfitting and improve generalization, at least in the supervised setting [24]. This finding
suggests that the proposed approach to SSL can take advantage of noisy potentially labeled
data.

3.3 PlasmoSEP predicted SEPs in P. falciparum

We applied our proposed semisupervised self-training algorithm to learn from a 2
falciparum surface-exposed proteome dataset, as described in Section 2. Briefly, each
protein sequence is represented using its composition transition distribution features (see
Supporting Information Materials and Methods) and we applied Algorithm 2 to train a RF
classifier with 100 trees (RF100) from labeled, unlabeled, and potentially labeled data. Our
choice of a RF100 classifier is based on its superior performance observed on the simulated
data and its ability to cope with high-dimensional data [25]. The final learned model was
then applied to the total A falciparum salivary gland sporozoite proteome (2003 proteins)
and a score was assigned to predict the probability that the protein is surface exposed. Two
additional scores for each protein are obtained using SignalP and our in-house protective
antigenicity predictor, respectively. Supporting Information Table 1 reports the three scores
for every protein in the 2 falciparum salivary gland sporozoite proteome and ranks all
proteins using the maximum of the three scores. Supporting Information Table 2 reports the
top 190 ranked proteins, those with a maximum score =0.7. Interestingly, this set of 190
predicted P, falciparum SEPs covers the 13 known SEPs (Supporting Information Table 3),
11 of 24 proteins annotated by expert curation as likely to be SEPs (Supporting Information
Table 4), and only four of 41 proteins tagged as unlikely to be SEPs (Supporting Information
Table 5). Finally, of 127 proteins tagged as unknown by expert curation, 23 proteins are
predicted to be SEPs (Table 1). The top hit in the prediction for both £ falciparumand P
yoelii (see below), which also scored positively for 2 vivaxwas GAPDH. Interestingly,
while GAPDH is commonly regarded as a cytosolic housekeeping protein, it was recently
shown experimentally to also be a bona fide surface antigen, and thus likely has
moonlighting functions on the cell surface as well [26]. We hold that predicted SEPs in these
lists, which may similarly be dismissed due to having a well-known/canonical cytosolic
function, should be considered as having a possible surface function.

It should be noted that neither SignalP, a program for predicting secreted proteins, nor our
in-house classifier for predicting protective antigens in parasites, on its own, is sufficiently
reliable as a predictor of SEPs. However, because any protective antigen is essentially
surface exposed or an exported protein [27, 28] and secreted proteins are frequently (but not
always) retained on the cell surface [5, 6], we employ these two predictors to aid in the
identification of potential SEPs that are not detected by our PlasmoSEP classifier. Therefore,
the final PlasmoSEP score is set to be the maximum of scores predicted by the PlasmoSEP,
SignalP, and the antigenicity classifiers. For example, if a query protein is assigned a low
prediction score by PlasmoSEP classifier and a high score by SignalP and/or the antigenicity
classifier, then we conclude that PlasmoSEP prediction is more likely to be a false negative
and we return the high score assigned by SignalP and/or the antigenicity classifier as our
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final predicted score. On the other hand, if a query protein is assigned a high score by
PlasmoSEP classifier but low scores by SignalP and/or the antigenicity classifier, then we
conclude that the query protein is likely to be surface exposed that is not secreted or not a
putative protective antigen.

Finally, we found that our predicted SEPs are consistent with their known biological roles in
the parasite. Thus, the predicted SEPs include invasion-related proteins such as rhoptry neck
proteins (ASP, RON2, RON3) and sporozoite invasion-associated protein 1 (SIAP1), surface
adhesion proteins (CSP, TRAP), members of the gliding motility/inner membrane complex
(IMC) apparatus, proteases (ROM4), perforins to aid cell traversal (PLP1), and metabolite
transporters (Supporting Information Tables 2 and 3). As shown by previous experimental
studies [6], even proteins that are transiently exposed to the surface during gliding, traversal,
or invasion cues are truly surface exposed and are accessible to membrane impermeable
labeling reagents and antibodies.

3.4 PlasmoSEP predicted SEPs in P. yoelii salivary gland sporozoites

In order to demonstrate the utility of the PlasmoSEP predictor across Plasmodium species,
we next applied PlasmoSEP to the proteome of the rodent-infectious malaria species 2
yoelii. Our previous studies, which first described an approach to identify the surface-
exposed proteome of sporozoites, uncovered only a small number of proteins that were
surface exposed on £ yoelii [5]. As this small number of proteins is insufficient for robustly
testing the algorithm, we have built upon these initial findings and have now used improved
labeling and washing conditions to expand the high confidence surface-exposed proteome
(Table 2, Supporting Information Table 6). In brief, highly purified sporozoite samples were
split just prior to addition of the biotin-conjugated cross-linker, with one half receiving the
disulfide-containing labeling reagent (EZ-Link Sulfo-NHS-SS-Biotin) and the other half
remaining unlabeled. These matched controls were otherwise treated identically throughout
the experiment, including a high stringency washing protocol in urea and SDS. Together, the
high stringency washes and improved elution conditions (e.g. reducing the disulfide bond
present in the crosslinker) reduced background contamination substantially, with only one
and two proteins being captured in the unlabeled control replicates [5].

Several aspects of these data indicate that these proteins are bona fide surface proteins. As
anticipated, many well-known SEPs are detected in this experimentally defined list,
including CSP, TRAP, SPECT2, SIAP1, GAMA, TRSP, hexose transporter, and many others
[5, 29-32]. Many of these proteins serve as the basis for existing malaria vaccine antigens
(CSP, TRAP) or are the chosen targets for chemotherapeutics (hexose transporter) [2, 29].
Additionally, proteins involved in the IMC that are used by the invasive forms of the parasite
for locomotion (termed gliding motility) were also detected [33]. Several of these proteins
were also recently shown to be accessible to antibodies for 2 falciparum sporozoites, and
should now be considered during selection of antibody-based therapeutics and vaccines [6].
Lastly, the orthologues of 43 of 52 proteins (83%, Supporting Information Table 6) with
known A falciparum orthologues were also detected in our recent £ falciparum surface-
exposed proteome, again lending support to the categorization of these proteins as being
surface exposed.
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Comparison of the PlasmoSEP predicted surface-exposed proteome with the experimentally
determined surface-exposed proteome demonstrates the practical utility of our approach.
Table 2 reports the predicted scores of PlasmoSEP, SignalP, and antigenicity predictors on a
set of 37 identified high confidence (defined as having two or more unique peptides and/or
published confirmation of surface exposure independent of mass spectrometric methods)
SEPs on £ yoelii, ranked by the maximum score of the three predictors. Our approach
confirms that 25 proteins are surface exposed with a prediction score = 0.60. Interestingly, a
careful examination of the 12 proteins not identified by our approach reveals that six of them
are unlikely to be exposed to the surface and three of them are likely to be SEPs. This
suggests that our approach is very promising in computationally assessing high-throughput
results. Finally, we provide our predicted scores for the entire 2 yoelii proteome in
Supporting Information Table 7. Our predictions suggested that 159 proteins are expected to
be surface exposed with prediction score 20.7 and 65 of these proteins have prediction
scores =0.8.

It should be noted that the extremely small number (13) of known SEPs in our training data
makes it very challenging to estimate a reasonable cut-off score (i.e., one that corresponds to
a desired sensitivity-specificity tradeoff) for reliably discriminating SEPs from non-SEPs.
Estimation of such a cutoff score will have to wait until we accumulate a larger and diverse
sample of known SEPs. Until then, our predictions should be viewed as a prioritized list of
candidate SEPs for further experiments, which in turn can help improve the classifier, in an
iterative fashion. Despite this limitation, we anticipate that these predictions will help to
guide future experimental work for identifying novel SEPs in P yoeli.

3.5 Application of PlasmoSEP to the human-infectious P. vivax malaria parasite

As P, vivax parasites cannot be continuously cultured in the laboratory, it is extremely
difficult to conduct experimental determinations of the surface-exposed proteome of this
malaria parasite species, even with access to patient isolates from endemic regions. To
overcome this limitation, we have instead turned solely to computational approaches.
Buoyed by the success of the predictions of the PlasmoSEP algorithm with P falciparum and
P, yoelii proteomes, we have also applied this prediction software to the £ vivax proteome
(Supporting Information Table 8). Several known SEPs (CSP, TRAP, IMC proteins,
transporters, and proteins that are secreted during gliding and invasion) score positively
using similar thresholds as were applied for P, falciparumand P. yoelii, indicating that the
predictor accurately identifies SEPs. Moreover, as this is a proteome wide predictor, surface
antigens from other life cycle stages (p25 and p28 are known surface proteins of the
ookinete stage) also score positively, as this algorithm does not restrict the prediction only to
sporozoites. This indicates that the same properties of these proteins may dictate their
surface exposure throughout the life cycle. Lastly, a great number of the highest scoring
proteins have not been experimentally or bioinformatically defined for P vivax, and are
currently noted as “hypothetical protein, conserved” in PlasmoDB. In light of this, our
predictions that these are SEPs, which may be targetable by antibodies, may help to focus
and prioritize future characterizations. Studies of these top candidates to first verify that they
are indeed surface exposed, and then to also determine the importance of their biological
function in the parasite will help guide efforts to rationally design subunit vaccines.
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4 Concluding remarks

High-throughput MS-based proteomics has increasingly become the state-of-the-art
experimental approach for mapping SEPs in many target pathogens [34, 35]. This is an
essential and key step in developing novel subunit vaccines. However, due to technical
limitations, the MS approach suffers from false positive as well as false-negative inferred
protein identifications. We address this limitation by integrating high-throughput
experimental studies, expert-annotated data, machine learning, and in silico bioinformatics
tools to substantially improve the reliability of identification of SEPs in the malaria parasite.
Our framework makes use of potentially labeled data (proteins tagged by an expert as
surface or non-surface exposed) to build classifiers from small amount of labeled data as
well as typically much larger amount of unlabeled data. By applying our approach to 205
experimentally determined SEPs of £ falciparum salivary gland sporozoite, we developed
the PlasmoSEP classifier for predicting SEPs in P. falciparum from amino acid derived
information. We used the PlasmoSEP classifier along with /n silico bioinformatics tools for
predicting secreted and protective proteins to filter out false positives from the P, falciparum
SEPs identified using proteomics experiments, and to predict novel SEPs in £ falciparum
proteome. To further assess the viability of PlasmoSEP, we used it to predict novel SEPs in
P, yoelii (which were independently validated experimentally) and A2 vivax malaria parasite.

The modularity of the PlasmoSEP framework allows it to be customized in several ways. For
example, it can be easily modified to make use of potentially labeled data obtained from
annotations supplied by multiple human experts or some in silico tools (e.g., tools for
predicting protein subcellular localization). The framework can be used, in principle, to
improve the reliability of the output of high-throughput experiments beyond the applications
considered in this paper, as long as some labeled data, potentially labeled data, and
unlabeled data are available. Work in progress aims to: (i) adapt other sophisticated
semisupervised algorithms (e.g. [36, 37]) to learn predictive models from potentially labeled
data; (ii) apply our framework to identify SEPs in other interesting pathogens, e.g., B.
pertussis [38]; (iii) Develop a community resource for depositing the output of MS
proteomics, enable community annotation and integration of data from multiple studies, and
support the application of our framework to these data using Web browser based
computational workflows.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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