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ABSTRACT
Identifying protective antigens from bacterial pathogens is
important for developing vaccines. Most computational meth-
ods for predicting protein antigenicity rely on sequence sim-
ilarity between a query protein sequence and at least one
known antigen. Such methods limit our ability to predict
novel antigens (i.e., antigens that are not homologous to
any known antigen). Therefore, there is an urgent need for
alignment-free computational methods for reliable predic-
tion of protective antigens.

We evaluated the discriminative power of four different
amino acid composition derived feature representations us-
ing three classification methods (Logistic Regression, Sup-
port Vector Machine, and Random Forest) on a cross vali-
dation data set of 193 protective bacterial antigens and 193
non-antigenic bacterial proteins. Our results show that, with
all four data representations, Random Forest classifiers con-
sistently outperform other classifiers. We compared HRF50,
one of the best performing Random Forest classifiers with
VaxiJen and SignalP on independent test sets derived from
the Chlamydia trachomatis and Bartonella proteomes. Our
results show that our HRF50 predictor outperforms VaxiJen
and is competitive with SignalP and ANTIGENpro in pre-
dicting protective antigens. We further showed that when we
combine SignalP with HRF50, the resulting method, which
we call BacGen, yields performance that is comparable to or
better than that of ANTIGENpro in predicting antigens in
bacterial sequences. We conclude that amino acid sequence
composition derived features can be effectively used to de-
sign alignment-free methods for predicting protein antigenic-
ity using Random Forest classifiers. BacGen is available as
an online server at:http://ailab.cs.iastate.edu/bacgen/.

Categories and Subject Descriptors
J.3 [LIFE AND MEDICAL SCIENCES]: Biology and
genetics

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
BCB ’12, October 08 - 10 2012, Orlando, FL, USA
Copyright 2012 ACM 978-1-4503-1670-5/12/10 ...$15.00.

General Terms
Algorithms

Keywords
Computational immunology, protein antigenicity prediction

1. INTRODUCTION
Vaccination is one of the most cost-effective tools for pre-

venting infectious diseases and minimizing their impact on
the human populations [1]. Conventional vaccines have been
developed by isolating or purifying antigenic components
from target pathogens. Conventional approaches to vaccine
design use live but weakened (i.e., attenuated) pathogens,
whole killed pathogens, or a part of the target pathogen.
Unfortunately, not all pathogens can be cultured, and insuf-
ficient manipulation of killed or attenuated pathogens can
result in the contamination of the vaccine by virulent or-
ganisms.

Advances in whole-genome sequencing, high-throughput
protein characterization, and bioinformatics have led to a
new approach for vaccine development called Reverse Vac-
cinology (RV) [2, 3, 4, 5, 6]. RV starts with the entire pro-
teome of a target pathogen and screens all the proteins to
identify potential protective antigens to be tested in vivo
and in vitro for their immunogenicity. The major advan-
tages of the RV approach is its applicability to a broad
range of pathogens and its efficiency in quickly finding vac-
cine targets [4]. Advances in RV rely almost entirely on the
development of sufficiently accurate bioinformatics tools for
predicting protective antigens [6].

Existing computational approaches for predicting protec-
tive antigens include [7]: i) subcellular location predictors,
which attempt to identify potential protective antigens by
predicting proteins exposed on the cell surface and hence
accessible to neutralizing antibodies. An important limi-
tation of this approach is the lack of validated, high-quality
data sets for developing reliable predictors [7] ; ii) homology-
based predictors that identify proteins in the target pathogen
that share a high degree of sequence similarity with known
protective antigens. An important limitation of this ap-
proach is the difficulty of predicting novel antigens that
lack high sequence similarity with previously identified anti-
gens [8]; iii) machine learning and statistical methods that
train a classifier to discriminate between antigenic and non-
antigenic proteins using sequence-derived features. Such
methods are alignment-free and facilitate the identification
of novel antigens.
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VaxiJen [8] was the first method for predicting protec-
tive antigens using machine learning to train a classifier on
amino acid sequence derived features. The method includes
three separate predictors for predicting protective antigenic
sequences in bacteria, viruses, and tumors. The performance
of each predictor was estimated using a cross-validation data
set of 100 antigen and 100 non-antigen sequences from the
target category. To address the lack of experimental data
for training VaxiJen classifiers, Magnan et al [9] proposed
ANTIGENpro, a machine learning based method for pre-
dicting protein antigenicity trained using data curated from
literature and high-throughput protein microarray data. Re-
ported comparisons of ANTIGENpro with VaxiJen and Sig-
nalP [10], a program for predicting secreted proteins, on an
independent test set of 1463 proteins from Bartonella, in-
cluding 73 antigenic proteins and 1390 non-antigens, demon-
strated superior performance of ANTIGENpro over VaxiJen,
while the performance of SignalP was competitive with that
of ANTIGENpro. An important difference between ANTI-
GENpro and VaxiJen is that ANTIGENpro is trained to
discriminate between antigens and non-antigens while Vax-
iJen predictors are trained to discriminate between protec-
tive antigens and non-antigens. In fact, only a fraction of
potential antigens are protective in the sense that they are
specifically targeted by the acquired immune response of the
host and are able to induce protection in the host against
infectious and non-infectious diseases [11].

Against this background, we constructed a non-redundant
data set of 193 experimentally verified protective bacterial
antigens and 193 bacterial non-antigens (almost double the
size of the VaxiJen bacterial data set) and used it to eval-
uate the performance of 32 distinct classifiers generated us-
ing all possible combinations of four classification methods,
four protein sequence data representations, and a wavelet fil-
ter. One of the best performing classifiers, based on a Ran-
dom Forest classifier combined with a wavelet filter for pre-
processing the input data in the form of amino acid moment
descriptors (AAMD) [12], was further evaluated for predict-
ing antigenic proteins in Chlamydia trachomatis and Bar-

tonella henselae proteomes. Our results confirm the find-
ings of Magnan et al [9] that the SignalP program is com-
petitive in performance with machine learning based meth-
ods for predicting protein antigenicity. We also show that
an improvement in performance can be obtained by com-
bining SignalP predictions with predictions from our Ran-
dom Forest based predictor. Based on these results, we pro-
pose a method for predicting protective antigens in bacteria
using Random Forest classifiers and a hybrid method for
predicting antigens in bacterial sequences using consensus
predictions of SignalP and Random Forest based predictor.
Implementations of both methods are freely accessible at
http://ailab.cs.iastate.edu/bacgen/.

2. METHODS

2.1 Data sets
Cross-validation data set. For our cross-validation evalu-

ation tests, we used a data set of 193 protective bacterial
antigens and 193 non-antigens constructed using the follow-
ing procedure. First, 257 protective bacterial antigen se-
quences were downloaded from Protegen database [11] (as
of September 2011). The sequence redundancy filtering step
using BLASTCLUST [13] and 30% cutoff produced a final

non-redundant set of 193 protective bacterial antigens. A
set of 193 non-antigens were randomly selected from a pool
of 144090 pathogenic bacterial proteins downloaded from
UniRef such that no pair of sequences in the pool has >50%
mutual sequence identity. A randomly selected protein was
added to our non-antigenic set if it does not share more
than 30% identity with any sequence in the antigenic set
or with any sequence in the incrementally growing list of
non-antigens.

Validation data sets. For comparison with existing meth-
ods for predicting antigenic proteins, we constructed two test
sets from a set of 895 proteins corresponding to the complete
Chlamydia trachomatis DUW-3CX proteome. The first data
set, called Chlamydia trachomatis data set, consists of a set
of 83 Chlamydia trachomatis antigens compiled by Finco et
al [14] from several recent high-throughput studies [15, 16,
17, 18, 19] and served as positive data and the remaining
812 proteins were considered as negative data. The second
data set, called balanced Chlamydia trachomatis data set,
is a balanced version of the first data set in which the neg-
ative instances were reduced to only 83 proteins selected at
random from the set of 812 non-antigens.

We also used an independent test set, Bartonella data set,
which has been used previously for evaluating ANTIGEN-
pro [9]. The data set consists of 1463 proteins from Bar-

tonella henselae pathogen. Out of these 1463, 73 proteins
are antigenic and the remaining 1390 proteins are considered
as non-antigens. More information about this data set can
be found in [9, 20].

2.2 Feature representation
Predicting antigenic proteins from amino acid sequence

can be seen as a binary classification task in which a query
protein sequence is to be classified into one of two cate-
gories: antigenic or non-antigenic. Such classifiers accept as
input, a (typically fixed length) representation of the pro-
tein sequence and produce as output, a class label. Amino

acid composition (AAC), the frequency of each amino acid
type in a given protein sequence, is a widely used feature
representation of amino acid sequences. AAC has been suc-
cessfully used in several protein sequence classification tasks
including protein subcellular localization prediction [21], and
protein function [22] prediction. An inherent limitation of
amino acid composition feature representation is that se-
quence order information is lost. To overcome this lim-
itation, several studies (e.g., [23, 24, 25, 26]) have pro-
posed the inclusion of additional features that capture se-
quence order information. In this study, we compared AAC
with three amino acid sequence representations that utilize
some sequence order information: Dipeptide Composition

(DC); Composition-Transition-Distribution (CTD) [23]; and
Amino Acid Moment Descriptors (AAMD) [12].

2.3 Wavelet transform
Wavelet transform is a widely used technique in signal

processing and multi-resolution analysis [27]. A wavelet is
a waveform of limited duration that has an average value
of zero. Wavelet transform decomposes a signal into shifted
and scaled versions of the original wavelet. Wavelet trans-
form can be categorized into continuous wavelet transform
(CWT) and discrete wavelet transform (DWT). CWT oper-
ates over every possible scale and shift parameter, whereas
DWT uses a discretized scale and shift parameters [28].
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Wavelet transform has found many applications [29]. includ-
ing data and image compression [30, 31], pattern recognition
[32], transient detection [33], texture analysis [34], and noise
reduction [35], and more recently, in bioinformatics [36] e.g.,
genome sequence analysis [37], analysis of microarray data
[38], and retrieval of protein structures from databases [39].

Haar wavelet transform (HWT) [40] is the simplest form
of discrete wavelet transform. In this transform, given an
input signal represented by a list of 2n numbers, HWT sim-
ply pairs up input values, storing the difference and pass-
ing the sum. This process is repeated recursively, pairing
up the sums to provide the next scale, finally resulting in
2n − 1 differences and one final sum. HWT has been suc-
cessfully used in several applications including digital image
processing [41], feature extraction [42], solving non-linear in-
tegral and differential equations [43], and image and signal
de-noising [44].

2.4 Classification methods
We experimented with three classification algorithms im-

plemented in WEKA machine learning toolkit [45]: Logistic
Regression (LR) [46]; Support Vector Machine (SVM) [47]
and ; and Random Forest (RF) [48]. For the three classi-
fication methods, WEKA default parameters settings have
been used unless stated otherwise.

Support vector machine (SVM) classifiers [47] have proven
successful in several protein classification tasks (e.g., [23, 24,
25, 21]). Moreover, they have been successfully applied to
the problem of predicting protein antigenicity [8, 9]. Op-
timizing the performance of SVM classifiers often requires
tuning some parameters. To avoid over-optimistic perfor-
mance estimates, the test data should not be used to guide
the choice of the optimal parameters. Due to the relatively
small size of our cross-validation data set, we found that
using a subset of the training data as a validation set for
determining the optimal parameters produces a final SVM
model whose performance is lower than an SVM predictor
trained using the default parameters. Therefore, we decided
not to tune any of the SVM parameters (except setting ON
the parameter that allows the classifier to return predicted
probabilities instead of binary predictions).

Random forest (RF) classifiers [48] have been shown to
outperform SVM classifiers on several tasks, including DNA-
binding site prediction [49], conformational B-cell epitope
prediction [50], gene expression profile classification [51],
and prediction of RNA-protein interaction partners [52]. We
used the WEKA default settings of the RF classifier, except
for the number of trees which was set to 50 instead of 10.

2.5 Performance evaluation
We used five-fold cross-validation test to evaluate differ-

ent classifiers developed in this study. The predictive perfor-
mance of each classifier was assessed using prediction Accu-
racy (ACC), Sensitivity (Sn), Specificity (Sp), and Mathew
Correlation coefficient (MCC) metrics defined as [53]:

ACC =
TP + TN

TP + FP + TN + FN
(1)

Sn =
TP

TP + FN
and Sp =

TN

TN + FP
(2)

MCC =
TP × TN − FP × FN

√
(TN + FN)(TN + FP )(TP + FN)(TP + FP )

(3)
where TP, FP, TN, FN are the numbers of true positives,
false positives, true negatives, and false negatives respec-
tively.

In addition to these commonly used threshold-dependent
metrics, we report area under the receiver operating charac-
teristic curve (AUC). The receiver operating characteristic
(ROC) curve is obtained by plotting the true positive rate
as a function of the false positive rate as the discrimination
threshold of the binary classifier is varied. An ideal classifier
will have an AUC = 1, while a classifier assigning labels at
random will have an AUC = 0.5, and any classifier perform-
ing better than random will have an AUC value that lies
between these two extremes.

3. RESULTS AND DISCUSSION

3.1 RandomForest classifiers outperform SVM
classifiers

Table 1 compares the performance of a Random Forest
classifier with 50 iterations (RF50) with Logistic regression
(LR) and Support Vector Machine classifiers using linear
(SVML) or RBF (SVMRBF) kernels on four different rep-
resentations of the cross-validation data set. Several inter-
esting conclusions can be drawn from these results. First,
based on AUC, LR performs best using AAC representation
and the inclusion of amino acid sequence order information
results in a drop in the LR classifier performance. Second,
SVM classifiers are sensitive to the representation of the data
(e.g., observed AUC for SVM classifiers range from 0.79 to
0.85) while RF50 classifiers have a consistent performance
independent of the data representation (e.g., observed AUC
values for RF50 are between 0.88 and 0.89). Third, for SVM
classifier the best kernel is representation-dependent. For
example, using DC representation, SVMRBF performs bet-
ter than SVML while for the remaining three representa-
tions, a better performance is observed using linear kernel.
Fourth, for all the classifiers except LR, the inclusion of extra
features for encoding sequence order information yields only
a slight improvement in classifier performance (if any). Fi-
nally, the best performing classifier (in terms of ACC, MCC,
and AUC) is RF50 using AAMD representation.

The observation that RF50 classifiers outperform SVM
classifiers might be attributed to the presence of some ir-
relevant features in the data. Another possibility is that
a better classification can be obtained by assigning more
weights to some features, i.e., a better classification can
be obtained by assigning higher weights to certain types of
amino acids (e.g., glycosylated amino acids ). While SVM
classifiers treat all features equally, tree classifiers like RF
indirectly treat them unequally by discarding irrelevant at-
tributes and using informative/discriminative features more
frequently in the learned tree model.

3.2 Effect of filtering the data with Haar wavelet
transform

We tested whether the application of a wavelet filter to the
data can eliminate noisy signals and improve the predictive
performance of the four classification algorithms considered
in this study. Table 2 summarizes the performance of dif-
ferent classifiers on four data representations of amino acid
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Table 1: Performance comparison of Logistic Regression (LR), Support Vector Machine with linear kernel
(SVML), Support Vector Machine with RBF kernel (SVMRBF), and Random Forest with 50 trees (RF50)
on the cross-validation data set using four different representations (See Methods for more details)

Representation Classifier ACC Sn Sp MCC AUC

AAC LR 0.75 0.77 0.74 0.51 0.83
SVML 0.74 0.74 0.73 0.48 0.83
SVMRBF 0.73 0.74 0.71 0.45 0.81
RF50 0.79 0.79 0.80 0.59 0.89

DC LR 0.67 0.76 0.58 0.35 0.66
SVML 0.74 0.79 0.70 0.49 0.79
SVMRBF 0.75 0.76 0.74 0.49 0.84
RF50 0.80 0.75 0.85 0.60 0.89

CTD LR 0.72 0.76 0.68 0.44 0.78
SVML 0.77 0.76 0.78 0.54 0.85
SVMRBF 0.73 0.72 0.75 0.47 0.82
RF50 0.79 0.75 0.83 0.58 0.88

AAMD LR 0.74 0.77 0.71 0.48 0.80
SVML 0.75 0.75 0.76 0.51 0.84
SVMRBF 0.76 0.78 0.74 0.52 0.81
RF50 0.80 0.80 0.81 0.61 0.89

sequences filtered with Haar wavelet transform. For almost
all the classifiers no change in AUC values is observed. How-
ever, for some classifiers (e.g, RF50 using AAMD represen-
tation) a slight improvement in ACC or MCC was observed.
Results in Table 1 and Table 2 suggest that several RF50
classifiers could effectively serve as our final model for pre-
dicting potential protective bacterial antigens from amino
acid sequence. We decided to use RF50 using Haar wavelet
transformed AAMD representation of the data as our final
machine learning based predictor. RF50 consistently has the
highest AUC valuse using the filtered and unfiltered repre-
sentations of the data. The highest observed MCC of 0.61
was obtained using both filtered and unfiltered AAMD rep-
resentation of the data and the highest ACC of 0.81 was
noted for RF50 classifier using the filtered AAMD data rep-
resentation.

3.3 Comparison with existing servers
To the best of our knowledge, there are only two ma-

chine learning based methods for predicting protective anti-
gens from bacterial pathogens based on protein sequence:
VaxiJen [8] and ANTIGENpro [9].ANTIGENpro, which was
originally developed to predict protein antigenicity has shown
surprisingly good performance on the related but different
task of predicting protective antigens [9]. Implementations
of the two methods as Web servers are freely available on-
line. Unfortunately, ANTIGENpro server restricts submis-
sions to only one protein sequence per submission, making
the application of ANTIGENpro on a genome-wide scale im-
practical. Therefore, we were unable to directly compare
our server with ANTIGENpro on Chlamydia trachomatis

test sets. Hence, we provide an indirect comparison with
ANTIGENpro server here via a comparison with SignalP
[10], which has been reported to yield performance that is
competitive with that of ANTIGENpro [9]. In addition, we
provide a direct comparison of our method with ANTIGEN-
pro on an independent test set, Bartonella data set [9], that
has previously been used for comparing ANTIGENpro with
VaxiJen and SignalP servers [9].

Table 3 compares the performance of VaxiJen v2 server,

SignalP, HRF50, and BacGen (a consensus prediction of Sig-
nalP and HRF50) on the balanced Chlamydia trachomatis

data set. The performance of the HRF50 is competitive with
that of SignalP and both HRF50 and SignalP outperform
VaxiJen. This is consistent with the results in [9] which show
that the performance of SignalP is competitive with that of
ANTIEGNPro, and that both methods outperform VaxiJen
on the Bartonella data set. Our result confirm that tools for
identifying secreted proteins (e.g., SignalP) can be used for
predicting antigens in pathogenic bacterial genomes. Our
results also demonstrate that SignalP can complement ma-
chine learning methods for predicting antigens as shown by
the superior performance of our proposed method, BacGen,
which combines predictions of SignalP with that of HRF50.

We noticed that the performance of HRF50 classifier on
a balanced version of the Chlamydia trachomatis data set is
worse than its estimated performance on the cross-validation
data set. Similar observation holds in the case of VaxiJen [8].
To understand this discrepancy, it is important to note that
both HRF50 and VaxiJen classifiers are trained to discrimi-
nate between protective antigens and non-antigens, whereas
proteins in the balanced Chlamydia trachomatis data set are
either antigens (an unknown fraction of which is expected to
be protective) or non-antigens. Although it might appear to
be unfair to test VaxiJen and HRF50 on predicting protein
antigenicity when they are in fact designed to predict a sub-
set of antigens (protective antigens), this comparison yields
two interesting findings: First, in predicting antigenicity,
HRF50 outperforms VaxiJen iand has performance that is
competitive with that of SignalP, which has been previously
shown to be competitive with the ANTIGENpro, a server
designed to predict protein antigenicity. Second, combining
SignalP with HRF50 predictions results in improved perfor-
mance in predicting protein antigenicity.

The performance of different antigen prediction tools re-
ported in Table 3 is likely to be over-optimistic due to the
evaluation on balanced data. To obtain a more realistic per-
formance estimate, we evaluated the four methods on the
entire Chlamydia trachomatis test set (See Table 4). In this
data set, only 9% of the proteins are antigens and the re-
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Table 2: Performance comparison of Logistic Regression (LR), Support Vector Machine with linear kernel
(SVML), Support Vector Machine with RBF kernel (SVMRBF), and Random Forest with 50 trees (RF50) on
the cross-validation data set using four different representations and Haar wavelet filter as a pre-processing
step.

Representation Classifier ACC Sn Sp MCC AUC

AAC LR 0.75 0.77 0.74 0.51 0.83
SVML 0.74 0.74 0.73 0.47 0.83
SVMRBF 0.71 0.70 0.72 0.41 0.78
RF50 0.79 0.77 0.81 0.58 0.88

DC LR 0.67 0.75 0.59 0.35 0.66
SVML 0.75 0.74 0.75 0.49 0.80
SVMRBF 0.74 0.75 0.73 0.48 0.84
RF50 0.79 0.74 0.84 0.59 0.88

CTD LR 0.72 0.76 0.68 0.44 0.78
SVML 0.77 0.76 0.78 0.55 0.84
SVMRBF 0.73 0.71 0.75 0.46 0.82
RF50 0.80 0.76 0.84 0.60 0.89

AAMD LR 0.74 0.77 0.71 0.48 0.80
SVML 0.75 0.76 0.74 0.51 0.84
SVMRBF 0.75 0.75 0.74 0.50 0.81
RF50 0.81 0.80 0.82 0.61 0.88

maining proteins are considered as non-antigens. For such
unbalanced data, the use of traditional performance mea-
sures can be problematic. For instance, a classifier that pre-
dicts every query protein as non-antigen will have 91% ac-
curacy on the unbalanced Chlamydia trachomatis test set.
Therefore, we decided to follow the approach used in [9]
for evaluating ANTIGENpro on unbalanced test set derived
from sequences of Bartonella genome. First, all query pro-
tein sequences were submitted to the predictor to be as-
signed a predicted score (e.g., probability that the query
protein is an antigen). Second, all proteins were ranked in
a descending order by their predicted scores. Third, the en-
richment of antigens among top k% proteins (k = 2, 5, 10, 15,
20, 25) was computed as (% of antigens among top ranked
subset)/(% of antigens in the entire data set). The expected
enrichment of a random ranking is 1 and higher values cor-
respond to better performing classifiers [9]. In addition, we
compared the predictors performance using the percentage
of true positives (%TP) in the top ranked subset calculated
as (number of positives among top ranked subset)/(number
of positives among the entire data set). Table 4 shows the
percentage of true positives and the enrichment estimates
for VaxiJen, SignalP, HRF50, and BacGen from the ranked
top 2%, 5%, 10%, 15%, 20%, and 25% subsets of Chlamydia

trachomatis entire proteome sequences. In general, SignalP
has higher %TP and enrichment estimates than VaxiJen and
HRF50, and the combination of HRF50 and SignalP, Bac-
Gen method, leads to improvements in performance.

Table 5 compares our server with VaxiJen, SignalP, and
ANTIGENpro servers using Bartonella data set. The results
show that combining HRF50 predictions with SignalP pre-
dictions, BacGen method, provides a computational method
for predicting protein antigenicity from amino acid sequence
that is highly competitive with ANTIGENpro. An impor-
tant advantage of BacGen over ANTIGENpro is that the
latter relies on some sequence extracted information and
predictions obtained by applying four programs to the query
protein: i) SSpro [54] for predicting protein secondary struc-
ture; ii) DOMpro [55] for predicting the number of domains

Table 3: Performance comparison of different pre-
dictors on predicting antigenic proteins in the bal-
anced Chlamydia trachomatis test set

Method ACC Sn Sp MCC AUC

VaxiJen 0.54 0.39 0.68 0.08 0.56
SignalP 0.63 0.35 0.91 0.32 0.72
HRF50 0.63 0.77 0.49 0.27 0.72
BacGen 0.66 0.38 0.94 0.38 0.78

in a protein, ; iii) ACCPro [54] for predicting relative solvent
accessibility; iv) TMHMM [56] for predicting the number of
transmembrane helices (TMH) and the expected number of
residues in TMHs. On the other hand, BacGen relies only
on sequence compositional features and SignalP predictions.
Therefore, BacGen is more easily applicable for large scale
data sets. Also, BacGen server allows users to submit mul-
tiple proteins while ANTIGENpro limits submissions to a
single protein at a time.

3.4 BacGen Server
Implementations of HRF50 classifier and SignalP program

[10] are provided as an online Web server which is freely ac-
cessible at http://ailab.cs.iastate.edu/bacgen. The server
accepts as input one or more query protein sequences in
FASTA format and returns predictions using either HRF50,
SignalP, or BacGen (consensus predictions of HRF50 and
SignalP). If SignalP predictions are requested, then the user
will be prompted to specify whether the query proteins be-
long to gram+ or gram- bacteria. SignalP and BacGen pre-
dict antigenic proteins in bacterial pathogens while HRF50
predicts protective antigens in bacterial proteins. The out-
put page associates each query protein with the predicted
probability that the protein is an antigen or protective anti-
gen.
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Table 4: Performance comparison of different pre-
dictors on predicting antigenic proteins in the un-
balanced Chlamydia trachomatis test set

Method Top(%) TP(%) Enrichment

VaxiJen 2 2 1.2
SignalP 2 9 4.3
HRF50 2 11 5.5
BacGen 2 11 5.5
VaxiJen 5 10 2.0
SignalP 5 17 3.4
HRF50 5 16 3.2
BacGen 5 20 3.9
VaxiJen 10 17 1.7
SignalP 10 30 3.0
HRF50 10 21 2.1
BacGen 10 28 2.8
VaxiJen 15 26 1.7
SignalP 15 37 2.4
HRF50 15 28 1.9
BacGen 15 37 2.4
VaxiJen 20 37 1.8
SignalP 20 43 2.1
HRF50 20 35 1.8
BacGen 20 44 2.2
VaxiJen 25 40 1.6
SignalP 25 50 2.0
HRF50 25 44 1.8
BacGen 25 45 1.8

Table 5: Performance comparison of different pre-
dictors on predicting antigenic proteins in the un-
balanced Bartonella test set

Method Top(%) Enrichment

VaxiJen 2 2.1
ANTIGENpro 2 5.5
HRF50 2 0.7
SignlP 2 4.8
BacGen 2 5.5
VaxiJen 5 1.6
ANTIGENpro 5 4.4
HRF50 5 1.4
SignlP 5 2.7
BacGen 5 5.2
VaxiJen 10 1.9
ANTIGENpro 10 3.4
HRF50 10 1.1
SignlP 10 2.1
BacGen 10 3.4
VaxiJen 25 1.6
ANTIGENpro 25 2.1
HRF50 25 0.9
SignlP 25 2.0
BacGen 25 2.0

4. CONCLUSION
Predicting antigens or protective antigens from a pool of

protein sequences (i.e., entire set of proteins encoded by a
pathogen genome) is a challenging problem [7]. Compu-
tational methods for reliably predicting antigenic proteins
from amino acid sequence can dramatically expedite the
identification of vaccine candidates and can contribute to de-
velopment of diagnostic tests. Amino acid composition fea-
tures have been shown to be effective for various protein clas-
sification tasks. In this work, we systematically evaluated
amino acid composition features and three approaches for
capturing sequence-order information for developing protein
antigenicity classifiers based on Logistic Regression, Sup-
port Vector Machine, and Random Forest classification al-
gorithms. Our results showed that good performance (AUC
= 0.89 and ACC = 79% on a non-redundant data set of 193
protective antigens and 193 non-antigens using 5-fold cross-
validation test) can be reached using only amino acid compo-
sition features and Random Forest classification. Slight im-
provements were noted using extra features for modeling se-
quence order information and filtering the input features us-
ing Haar wavelet transformation. Comparisons of one of the
best performing classifiers considered in this study, HRF50,
with VaxiJen and SignalP on independent test sets derived
from the Chlamydia trachomatis and Bartonella henselae

proteomes, respectively, showed that SignalP is highly com-
petitive with machine learning based methods for predicting
antigens, but a better performance is observed when SignalP
and HRF50 predictions are combined. Based on these find-
ings, we propose alignment-free methods for two important
classification tasks: i) Predicting protective antigens in bac-
terial sequences using HRF50, a Random Forest classifier
trained using Haar wavelet transformed features of amino
acid compositions and amino acid moment descriptors [12];
ii) Predicting antigens in bacterial sequences using BacGen,
a method combining HRF50 and SignalP predictions. Im-
plementations of our methods are freely available as an on-
line Web server at http://ailab.cs.iastate.edu/bacgen.

Despite the acceptable performance (AUC close to 0.9)
of many classifiers trained using machine learning on the
cross-validation data set of protective antigens used in this
study, the performance of HRF50, VaxiJen, SignalP, and
BacGen in identifying antigens in Chlamydia trachomatis

proteome is far from satisfactory: If we treat the sequences
ranked among top 15% with respect to the score assigned
by the classifier in the case of the Chlamydia trachoma-

tis proteome as predicted antigens, only 37% of the anti-
gens reported in high-throughput studies of Chlamydia tra-

chomatis antigenicity profiles are predicted to be antigens.
This suggests that discriminating protective antigens from
non-antigens may be much easier than discriminating anti-
gens from non-antigens. A similar observation has been re-
ported in [57], where we showed that classifiers trained to
predict protective linear B-cell epitopes have better predic-
tive performance than classifiers trained to predict linear B-
cell epitopes. We conjecture that protective antigens can be
discriminated from antigens on the basis of some sequence
features. Our work in progress is aimed at identifying use-
ful features for discriminating protective antigens from anti-
gens. Such an analysis might help improve our understand-
ing of what makes an antigen protective and lead to the
development of improved methods for identifying protective
antigens.
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