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Abstract— A major challenge in the development of peptide-
based vaccines is finding the right immunogenic element, with
efficient and long-lasting immunisation effects, from large po-
tential targets encoded by pathogen genomes. Computer models
are convenient tools for scanning pathogen genomes to pre-select
candidate immunogenic peptides for experimental validation.
Current methods predict many false positives resulting from a
low prevalence of true positives.

We develop a test reject method based on the prediction
uncertainty estimates determined by Gaussian process regression.
This method filters false positives amongst predicted epitopes
from a pathogen genome. The performance of stand-alone
Gaussian process regression is compared to other state-of-the-art
methods using cross-validation on eleven benchmark data sets.
The results show that the Gaussian process method has the same
accuracy as the top performing algorithms. The combinationof
Gaussian process regression with the proposed test reject method
is used to detect true epitopes from the Vaccinia virus genome.
The test rejection increases the prediction accuracy by reducing
the number of false positives without sacrificing the method’s
sensitivity. We show that the Gaussian process in combination
with test rejection is an effective method for prediction of T-
cell epitopes in large and diverse pathogen genomes, where false
positives are of concern.

Index Terms— Immunology, amino acid sequence, epitope,
machine learning, Gaussian processes, regression, false positives.

I. I NTRODUCTION

CD8+ T-cells recognize peptides presented by major his-
tocompatibility complex (MHC) class I molecules on the

surface of cells. This recognition is critical for identification
of infected or cancer cells and their subsequent destruction by
the immune system. The antigenic peptide presentation involves
primarily three steps: proteasomal cleavage, transporterassociated
with antigen processing (TAP) and MHC-peptide binding. The
MHC-peptide binding is by far the most discriminant step. Only
a minority of peptides will bind MHC molecules (1-5%) while the
number of peptides that elicit immune responses, known as T-cell
epitopes, is even lower [1]. Accurate prediction of MHC-peptide
binding affinity is thus essential for identification of immunolog-
ically relevant peptides for use in vaccine formulations.

Many different attempts have been made to predict MHC
peptide binding. There are primarily three approaches: a
structural approach, a sequence-based approach and a hy-
brid structural/sequence-based approach [2]. Sequence-based ap-
proaches can be further categorized into motif/profile based meth-
ods (including RankPep [3], Average Relative Binding (ARB)
[4], Stabilized Matrix (SMM) [5], [6], Udaka [7] and Parker
[8] matrices) and machine learning methods (artificial neural
networks (ANN) [9], [10], support vector machines (SVM) [11]–
[14], hidden Markov models [15] and DistBoost [16]). These
methods are developed and evaluated using different data sets,

which makes it intrinsically difficult to compare their perfor-
mance. However, it appears that no single approach dominates
all the others in terms of accuracy of predictions.

MHC-peptide binding prediction tools can be used to scan the
whole genomes of pathogens to identify potential immunogenic
peptides for peptide-based vaccine design. Recently, Moutaftsi
et al. used a consensus approach based on four methods (ARB,
SMM, Parker and Udaka) to score H-2b-restrictedCD8+ T-cell
epitopes in the whole genome ofVaccinia virus (VACV) after
infection of mice [17]. Their consensus approach is to calculate
the median values of four ranks from the four methods on
all possible octamers, nonamers and decamers from the VACV
genome for the mouse H-2 molecules Kb and Db. The final ranks
of peptides indicate relative epitope probabilities. The top 1% of
peptides within each size-based class were selected to testfor
antigenicity in vitro. Out of these several thousand candidates,
only 49 peptides were identified as positive samples. Therewith,
these 49 peptides were tested for their capacities to bind purified
Kb and Db moleculesin vitro. All 49 epitopes were shown to
be true MHC binders, some with very high binding affinities,
illustrating the utility of scoring methods for pre-selection of
candidate T-cell epitopes.

Prediction methods have the potential to simplify experimental
design and effort by reducing the number of targets that need
to be screened. By treating strength of prediction as an indi-
cator of confidence of prediction, Moutaftsiet al. were able to
isolate a small group of candidate epitopes. A large number of
unpromising targets could be eliminated from a prohibitively long
list. Most likely, this elimination process also discardedsome of
the good targets. This illustrates a growing need for improved
computational methods to provide more accurate simulations of
biological processes. When combined with experimental methods,
such methods can further improve outcomes of vaccine research
while lowering the cost.

Gaussian processes (GP) have been used successfully in many
different machine learning studies [18], [19], but their application
in bioinformatics are still at early stages. In this study, we explore
the use of Gaussian processes to the MHC-binding problem. More
specifically, we investigate the use of the Gaussian processsample
prediction variance as a natural indicator of prediction confi-
dence. We first estimate the accuracy of Gaussian process models
applied to MHC-peptide binding prediction and compare their
performance to other state-of-the-art methods. We then extend the
method by employing prediction confidence levels to reduce the
number of false positives and identify a small number of correctly
predicted experimental targets. The method is evaluated onthe
full VACV genome, which represents a challenging problem with
a large and realistically diverse input space. We also validate the
method’s ability to reduce false positive predictions on peptides
for MHC class I alleles in human, mouse, chimp and macaque.
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II. M ETHODS

A. Data representation

The MHC-binding affinity data set consists of short amino
acid sequences. We used the conventional orthogonal codingto
represent peptides, where each amino acid of 20 standard amino
acids is coded as 20 bit binary vectors, where a single position
contains one and the others are zeros. For example, an eight amino
acid residues long peptide is coded as a vector with20×8 = 160

dimensions.

B. Gaussian processes

Gaussian processes provide an approach to data modelling
that has received increased attention in the machine learning
commmunity in recent years [19]. A Gaussian process is a
particular stochastic process which can be used to describea
distribution over the properties of functions. Given a set of
training data, Gaussian processes provide an effective framework
for Bayesian learning. A priorp(y(x)) is specified directly over
function space, instead of parameterizingy(x), and the training
set is used to transform this prior into a posterior of unknown
functions. Gaussian processes are an example of the class of
techniques known as kernel machines (including Support Vector
Machines), but are distinguished by their probabilistic approach
to data modelling.

A Gaussian process is fully specified by its mean and covari-
ance functions. The mean function is typically assumed to bezero
µ(x) = E(y(x)) = 0 (assuming centred training data), while the
covariance functionC(x, x′), describes the covariance between
the values of functiony at any two data pointsx andx′. For any
set of variablesY (x1), . . . , Y (xn), a Gaussian process implies a
joint multivariate Gaussian distribution.

The Gaussian process can be used for both classification and
regression purposes. Since our problem is to predict MHC-peptide
binding affinity, the discussion is confined to Gaussian process
regression.

For a regression problem, we want to predict the function
value y(x∗) over the new inputx∗, given a set of input points
xn = x1, x2, . . . , xn and measured valuest = t1, . . . , tn. We
assume that the measured values are obtained from the corre-
sponding function valueyi with additive noise,ti = yi + ǫi,
wherei = 1, . . . , n and ǫ is an independent zero-mean Gaussian
random variable with varianceσ2

ν . The Gaussian process specifies
a prior distribution overyi is given by Y ∼ N(0, K), where
K is the n × n (non-negative definite) covariance matrix with
elementsKij = C(xi, xj). The prior distribution of the targets is
N(0, K +σ2

νIn), whereIn is then×n identity matrix. To predict
the function valuesy∗ on the new pointx∗, we are interested
in the predictive distributionP (y∗|t). SinceP (t, y∗) and P (y∗)

have Gaussian distributions,P (y∗|t) is also Gaussian and can be
calculated in closed form, with mean

ŷ(x∗) = k
T (x∗)(K + σ

2
νIn)−1

t =

nX

i=1

αiC(xi, x∗) (1)

and variance

σ̂
2(x∗) = C(x∗, x∗) − k

T (x∗)(K + σ
2
νIn)−1

k(x∗) (2)

where k(x∗) is the n × 1 vector of covariances
(C(x1, x∗), . . . , C(xn, x∗))

T and α = (K + σ2
νIn)−1

t.
The predictionŷ(x∗) is a linear combination of the covariance

functions C(xi, x∗) with the coefficient αi (see (1)). The
prediction variance function (2) indicates the confidence level of
the model when applied to a new sample (large variance means
low confidence and small variance means high confidence). If
the variance is large, a predicted value should be interpreted with
caution. We use the term uncertainty,c(x∗), to denote the level
of confidence for samplex∗ and measured it asc(x∗) = 2σ̂(x∗)

for samplex∗ throughout the paper.
Using a covariance functionC(x, x′), we can directly predict

the function values for novel test points. However, sometimes
different problems (and data sets) are best handled with different
covariance functions. To define an appropriate covariance func-
tion, we have used a parametric family of standard covariance
functions, e.g. with parametersΘ = [θ1, . . . , θn], followed by
searching for the optimal values ofΘ. There are several ways to
tune Θ, e.g. to findΘ which maximizes the log likelihoodl =

log P (t|Θ) = − 1

2
log |K + σ2

νIn|−
1

2
t
T (K+σ2

νIn)−1
t−n

2
log 2π,

where| · | denotes the determinant.

C. Test reject method

One of the advantages of the Gaussian process method is that
a measure of confidence can be given for individual predictions.
Intuitively, a covariance function measures similarity between two
samples. Larger variance of a test sample implies that it is not
represented by the model based on given training samples. Itis
thus reasonable to either reject a predicted value with a large
variance or treat it with caution, i.e. low confidence.

It is usually assumed that training and test data samples are
drawn from the same distribution, i.e. that the training data is
a good representative for any conceivable test data. This isnot
always the case for biological problems. For example, in the
case of detecting potential epitopes among pathogen genomes, the
training data set contains a large proportion of individualpeptides
with high binding affinities to MHC molecules and the test data
set is a set of peptides from the whole genome of a pathogen. In
such test data, there are only very few epitopes amongst a large
number of possible peptides. Such possible targets may be poorly
represented by training data that have been assembled to contain
only confident binders and non-binders.

We do not use a fixed confidence level for all different data
sets, but instead we use the prediction uncertainty distribution
over the unlabelled pathogen genome to set an threshold for each
model. Seeger [20] suggests that the exact uncertainty estimates
are of less concern. More important is the quality of the decisions
based on them. Decisions can be made on basis of expectations
over predictive uncertainty distributions [20]. We present a simple
threshold method based on such expectations below.

There are many more negative samples in a pathogen genome,
causing the uncertainty density distribution on test samples to
be skewed towards higher values. To alleviate any biases, the
uncertainty threshold (at which tests are filtered out) is determined
by

cθ =
min (bc1, . . . , bck) + max (bc1, . . . , bck)

2
, (3)

wherebc1 . . . , bck are prediction uncertainties on the test data set
(x1, . . . , xk), after removing outliers from the full predictive un-
certainty distribution. When the prediction uncertainty distribution
is not skewed, the median value ofbc1, . . . , bck is used as the
threshold.
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Test samples with prediction uncertainties larger than the
threshold are treated as if they were lacking binding affinities.
Importantly, the threshold is determined from the test dataset
using only prediction variances, without knowledge of the targets
used during training. In Gaussian process regression, uncertainty
estimates do not depend on the target labels [20].

By thresholding predictions, the test reject method essentially
halves the number of positive predictions. It is therefore not
possible to directly use conventional classification performance
metrics. However, the contribution of the prediction variance can
also be evaluated by adding it to the classifiers output, enabling
comparison with previous work. The impact of the variance is
here weighted by a user specified coefficient,δ. We refer to this
method as a variance-weighted Gaussian process (vw-GP). Note
that smaller value means positive, larger means negative.

ŷδ(x∗) = ŷ(x∗) + δσ̂
2(x∗) (4)

III. E XPERIMENTS

A. Performance comparisons on benchmark data sets

Recently, Peterset al. identified a benchmark MHC-peptide
binding data set of variant human and mouse alleles to compare
three prediction methods used in-house, including ARB, ANN,
SMM and other prediction tools available online [21]. They
collected 54 data sets of MHC-peptide binding affinities with
different peptides length (octamers, nonamers and decamers) that
bind to mouse and human MHC molecules. We focused on the 11
H-2b data sets for mouse. The data sets were downloaded from
http://mhcbindingpredictions.immuneepitope.org/dataset.html.

For the MHC-peptide binding problem, IC50 = 500nM is
usually taken as a threshold to discriminate between binders and
non-binders. If the wet-lab measured (IC50) value is smaller than
this threshold, the corresponding peptide is considered a binder.
Hence, the MHC-binding problem becomes a classification prob-
lem if all peptides are grouped accordingly.

Peterset al. compared their model’s performance to others
based on the area under the ROC (Receiver operating characteris-
tic) curve (AUC). To assess the performance of our Gaussian pro-
cess models, we first repeated the five-fold cross-validation analy-
sis using the same training and test data splits done by Peters et al.
For the covariance function of Gaussian processes, we used the
squared exponential covariance function with isotropic distance
measure [19], which is similar to the standard Gaussian/RBF
kernel often used in conjunction with SVMs. To compare Gaus-
sian processes with SVMs, the five-fold cross-validation was
performed on SVMs using the Gaussian kernel as well. We used
GPML (http://www.gaussianprocess.org/gpml/code/matlab/doc/)
Matlab package by Rasmussen and Williams [19] to build Gaus-
sian process regression models and LibSVM Matlab version 2.83
[22] to build SVM models.

The key incentive of using test rejection is to remove uncer-
tain predictions from consideration–an aspect of classification
performance not directly captured by the AUC. However, we
illustrate the contribution of the variance on standard classification
performance by weighting its impact on the raw classifier output
for each of the benchmark data sets (4).

B. Epitope prediction on Vaccinia virus sequences

The benchmark data sets of Peterset al. are assembled to
contain confident binders and non-binders. For scenarios when

the test data is limited in diversity, and perhaps similar toknown
binders and non-binders, the test reject method is unlikelyto
provide substantive assistance. To test the efficacy of a test reject
method, it is thus necessary to subject the model to a much wider
spectrum of candidates. As a consequence, some inputs will be
less well-represented by the predictive model and will be rejected
even if their prediction is firmly in the positive territory.

For a biologist, performing peptide binding experiments using
a complete set of possible nonamers in a pathogen’s genomic
sequence is impractical. Computer models can alleviate theprob-
lem by providing a short-list of possible experimental targets.
Moutaftsi et al. experimentally tested the value of predictive
algorithms for identifying CD8+ T-cell epitopes derived from
the VACV-WR strain in the H-2b mouse model [17]. With an
extensive input space and limited target data, their test scenario
represents a suitable challenge for a test reject method.

To build regression models, we used the same training data
as used by Moutaftsiet al. [17]. It contains 455 octamers (8-
mers) and 171 nonamers (9-mers) for H-2 Kb allele, 244 nonamers
and 90 decamers (10-mers) for H-2 Db allele. For the blind test
data set, we used all possible 58484 octamers (Kb) molecules,
58226 nonamers (Db and Kb), and 57968 decamers (Db) from
the full VACV-WR sequence. We compared the Gaussian process
regression with and without the proposed test reject method.

Based on a consensus model involving an SMM, Moutaftsiet
al. identified epitopes accounting for the majority of theCD8+

T-cell responses evoked from VACV-WR infection. They found
18 octamer and 9 nonamer epitopes for Kb allele and 18 nonamer
and 4 decamer epitopes for Db allele.

We note that there are more peptides with lower binding
affinities (higher IC50 values) in the four training data sets.
Specifically, for the Db allele and decamer group there are only
nine decamers with IC50 values less thanlog10(500). Due to
experimental detection limitations, the IC50 value can not be
determined if it is beyond a given threshold. In all the training data
sets, constant values were used to threshold such peptides.For the
Kb octamer group, there are 107 binders and 348 non-binders; for
the Kb nonamer group, there are 38 binders and 133 non-binders;
for the Db nonamer group, there are 43 binders and 201 non-
binders; and for the Db decamer group, there are 9 binders and
81 non-binders.

A binding affinity predictor was developed on each of the
four data sets using Gaussian process regression with the squared
exponential covariance function with isotropic distance measure.
All simulations were performed within groups (H-2 allele and
peptide length combination). The four training data sets do
not overlap with the VACV-WR sequence. Instead of using a
consensus method as Moutaftsiet al., we employed the test
reject method to remove peptides in the VACV-WR sequence
with greater variance values on predicted binding affinities than
the rejection threshold (as per Equation 3) and then ranked all
remaining peptides.

IV. RESULTS

A. Cross-validation performance of Gaussian processes and SVM

To establish the overall MHC class I-peptide binding prediction
accuracy of Gaussian processes, we performed cross-validation
simulations on 11 public benchmark data sets [21]. The classi-
fication accuracy comparison is shown in Table I, where AUC
values for ARB, SMM and ANN were taken from [21]. We
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performed the SVM and Gaussian process simulations using
identical data set splits. Since ANN models were tested on the
data sets containing only nonamers, only results of ANN for
nonamers are listed.

TABLE I

CROSS-VALIDATION RESULTS (AUC VALUES) ON ELEVEN DIFFERENT

MOUSE ALLELE DATA SETS USINGARB, SMM, ANN, SVM, GPAND A

VARIANCE-WEIGHTEDGP.

Allele Size ARB SMM ANN SVM GP vw-GP

+ length

H-2 Db 9 303 0.865 0.912 0.933 0.932 0.925 0.926

H-2 Db 10 134 0.715 0.759 0.708 0.750 0.765

H-2 Dd 9 85 0.696 0.853 0.925 0.887 0.916 0.929

H-2 Dd 10 75 0.990 0.997 1.000 0.999 0.998

H-2 Kb 8 480 0.846 0.890 0.904 0.895 0.898

H-2 Kb 9 223 0.792 0.810 0.850 0.740 0.796 0.798

H-2 Kd 9 176 0.798 0.936 0.939 0.906 0.929 0.932

H-2 Kd 10 70 0.486 0.576 0.457 0.493 0.520

H-2 Kk 8 80 0.782 0.893 0.915 0.910 0.914

H-2 Kk 9 164 0.758 0.770 0.790 0.793 0.808 0.810

H-2 Kk 10 57 0.615 0.576 0.741 0.643 0.656

From the cross-validation results (AUC values), the ARB
method is inferior to other methods and the average accuracies of
SMM, Gaussian processes and SVMs on the 11 data sets are very
similar. Peterset al. only used five-fold cross-validation once, so
standard deviation on performance is not available for ARB,ANN
and SMM methods. However, we repeated the five-fold cross-
validation ten times with the Gaussian processes on Kb 8-mers,
Kb 9-mers, Db 9-mers and Db 10-mers to check performance
deviations. We got the mean AUC value and its standard deviation
for Kb 8-mers as 0.891 (0.006); 0.792 (0.012) for Kb 9-mers;
0.915 (0.005) for Db 9-mers and 0.757 (0.048) for Db 10-mers.
The performance of Gaussian process regression is stable between
different data splits.

In some cases, the ANN performance is slightly better. How-
ever, several parameters need to be tuned separately (e.g. number
of hidden nodes and stopping criterion) increasing the riskof a
parameter selection bias. In contrast, when the covariancefunction
has been chosen, the Gaussian process requires no further tuning.

Overall, Gaussian processes are not inferior to any of the other
methods on the standard MHC-peptide binding problems. We
thus expect to get the same classification accuracy with Gaussian
processes as with ANN or SVM on any similar data sets.

To illustrate the impact of uncertainty in a standard classifica-
tion context, a variance-weighted Gaussian process was trained
and tested under the same conditions as the other methods (last
column in Table I). We note that the AUC increases with larger
δ on the mouse benchmark data sets up to aboutδ = 20 (data
shown in the table).

B. Using test reject method to detect a subset of T-cell epitopes

We used MHC-peptide binding affinity predictors built with
Gaussian process regression methods on the four training data sets
to predict all the possible peptides for each combination ofH-2
allele and peptide length. Figure 1 displays the estimated density
function of prediction uncertainty values for each of the four data
sets (after removing outliers). We can see that in each case,the

function is skewed towards higher uncertainties. The predictor-
specific threshold is determined from these by using equation (3)
to separate trusted from rejected predictions.

Figure 2 displays the predictedlog10 IC50 values and their cor-
responding prediction uncertainties for each of the four data sets.
The experimentally verified epitopes (the targets we are interested
in identifying) are marked as crosses. The coloring iny-direction
separates them into trusted and rejected predictions basedon the
predictor-specific threshold. It is interesting to note that non-
binders are more often predicted with higher uncertainties, in spite
of there being more non-binder than binder samples in the training
data sets. This observation could be explained by experimental
detection limitations for non-binders. The prediction uncertainties
may thus reflect sample measurement noise.

Figure 3 compares the ability of finding experimentally verified
epitopes with and without the proposed test reject method for each
of the four data sets. The curves with dashed lines illustrate the
true positive rate when using Gaussian process regression method
only. The curves with solid lines represent the true positive rate
using the Gaussian process with test rejection. We refer to these
curves as epitope match curves. Thex-axis of the epitope match
curves is the number of top-ranked peptides (sorted by predicted
log10 IC50 values in ascending order). The first peptide is thus
most likely to be an epitope. They-axis of the epitope match
curves represents the number of true epitopes amongst the top-
ranked peptides (true epitopes as designated as such in the data
sets of Moutaftsiet al.).

From the four epitope match curves, it is clear that using thetest
reject method removes several false positives without sacrificing
the sensitivity of the original method. Taking the Kb allele and
octamer group as an example, by using the test reject method,
the sensitivity increases sharply in the beginning and there are
seven true epitope matches out of 55 top predicted binders. After
about 100 top predicted binders, the epitope match curve goes up
quickly and illustrates 17 hits out of 255 predicted binders, and
finally 18 hits out of predicted 452 binders.

V. D ISCUSSION AND CONCLUSION

It is interesting to compare the performance of Gaussian
process regression with the test reject method to the consensus
method used by Moutaftsiet al. on the VACV-WR sequence.
We first briefly discuss the test reject method as applied on the
complete genomic sequence and then on a sub set that allows a
direct and thorough evaluation against the consensus method.

The Gaussian process with the test reject method performs well
on the four data sets but is out-matched by the consensus method
on the Db alleles. For the Kb allele octamers, the test reject
method generally improves on the Moutaftsiet al. consensus
method, especially after the 100 top-ranked epitopes. For Kb

nonamers and Db decamers, the rate of true epitopes is initially
higher for the test reject method. Here, the consensus method
shows better performance when more epitopes are included.

Due to the special CD8+ T-cell epitope experiment design the
performance of the Gaussian processes with test reject method is
likely underestimated. Moutaftsiet al. first collected all possible
octamers, nonamers and decamers from the VACV-WR sequence.
They then applied four scoring-matrix prediction methods (Udaka,
Parker, ARB and SMM) on the all peptides, except for decamers
for which only ARB and SMM models were available. They
ranked pepitdes according to their prediction scores. For each
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Fig. 1. Prediction uncertainty densities for the four models on the complete VACV-WR genome.

allele and peptide length combination, they assigned each peptide
the median of the rank values determined in the individual binding
predictions. Based on the consensus prediction, they selected the
peptides in the top1% median ranks for their study, comprising
564 peptide for each group, not from all possible peptides (about
58000). Finally, they measured antigenicity only for the 564
peptides in each group. This way, the experiments were biased
towards predictable epitopes, leaving the possibility of additional
true epitopes.

In the Moutaftsiet al. study, the test data set in each group
contained only 564 peptides. We scanned the complete genomic
sequence, all possible peptides, which is 100 times larger than
the test data sets they used. In other words, our top-ranking
predictions are likely to contain additional true epitopesnot yet
validated experimentally.

To resolve the effect arising from data selection bias, we reused
our models on the smaller test data sets containing 564 peptides
in each group (henceforth the “sub-564 data set”) and compared
the performance with or without test reject method to Moutaftsi
et al.’s consensus method.

Figure 4 shows the prediction uncertainty densities of the four
MHC molecule and peptide length groups on the sub-564 data set.
Compared to Figure 1, the uncertainty distribution on this smaller
data set is less skewed. The median value of uncertainties was
thus used as the threshold for the group of Kb 8-mers, Kb 9-mers
and Db 9-mers. For the group Db 10-mers, Equation 3 was used
to set the preditor-specific threshold.

The epitope match curves for each of the three methods, GP

with test reject method (TRM), the GP without TRM and the
Consensus method, when applied on the sub-564 data set are
presented in Figure 5.

We performed a bootstrap test on each of the three methods by
re-sampling 75% (without replacement [23]) of the 564 peptides
for each allele and peptide length group. Each test resultedin
new sub-set of inspected peptides, for each required numberof
true epitopes. The test was repeated 100 times with different
sub-sets. Tables II, III, IV and V provide the average number
of peptides that need to be inspected before the specified count
of true epitopes is reached.

The limited size of the sub-564 data set begs further cor-
roboration of the difference. To provide a notion of statistical
significance, we present two tests. First, we performed a simple
binomial test on all the 47 true epitope counts for which any of
the three methods has at least one run with a result. That is, we
investigate the null hypothesis that a pair of methods is randomly
superior in each column of the tables. The one-tailedp-value for
GP with TRM vs GP without TRM (using the tail favoring GP
with TRM) is less than10−7. The corresponding value for TRM
vs Consensus is less than10−2. Both comparisons thus show that
the TRM method significantly outperforms each of the other two
methods. We note that the binomial test is compromised by the
columns not being independent.

Resampling the data provides us with three means of number of
predictions, for each true epitope count. A standard pairedt-test
was used to compare the means produced by each of the methods,
for each true epitope count. By hypothesizing that the meansare
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Fig. 2. Prediction uncertainties and predicted affinities scatter plot using the four models on the complete VACV-WR genome. Predictions for known epitopes
are marked as crosses. Trusted and rejected predictions, based on the predictor-specific threshold, are delineated by the coloring iny-direction. The standard
IC50 threshold is indicated by the coloring inx-direction.

the same for each pair of methods, we determine the one-tailed
p-value (again the tail favoring the TRM method to illustratethe
superior specificity of this method). For each true epitope count
in the tables, we asterisk if the test shows ap-value less than
0.05 (significance at the 5% level). On a cautionary note, the
independence assumption of this test is compromised since the
sample sets overlap. However, the collective evidence in favour
of the test reject method is convincing, at least when more than
a couple of true epitopes are required to be found.

The analyses on the smaller data sets confirm that test rejection
generally improves the ratio of true positives in the predicted set.
Comparing to the consensus method, with test rejection Gaussian
process regression method generally finds true epitopes earlier,
effectively reducing the need for expensive and time-consuming
wet-lab experiments.

An additional issue is the transparency of the consensus
method. Three of the four methods (Udaka, Parker and ARB)
used different and to some extent additional training data which
impact we can not readily assess. Generally, when using con-
sensus methods, the designer needs to determine how and which
individual methods to be included when processing novel inputs.
In addition, the output of the individual methods might have
different meanings, an issue that Moutaftsiet al. circumvented by
using individual ranking. In contrast, we employed an approach
based on Gaussian processes which offer a theoretical framework
for decision making and exploits an inherent feature of such

methods to evaluate each prediction confidence.

Finally, we return to the benchmark data sets of Peterset
al., including in total 89 different allele/length combinations for
human, mouse, macaque and chimpanzee. For each combination
we build a model using Gaussian processes using the same data
set splits as used by Peterset al. The numbers of samples in the
human benchmarktraining sets are generally much greater than in
any of the other species (mean 779 and 154 for human and mouse,
respectively), leading to substantial differences in distribution of
prediction variance on benchmarktest data.

Figure 6 shows the estimated densities of prediction variance
collected for three groups of test data: human and mouse alleles
(from the Peterset al. benchmark sets) and the complete VACV-
WR nonamer set. (Macaque and chimpanzee variances occupy
the space between human and mouse.) A couple of things are
worth noting. First, the human benchmark sets render much
smaller prediction variances. This indicates that the human allele
classifiers make confident predictions. Importantly, it implies that
the setting of the TRM threshold,cθ (3), is low. Stringentcθ

settings derived from training on human data would, if applied
in the mouse TRM, reject almost all predictions on mouse test
data. Conversely, a mouse-derived cut-off would reject very few
predictions on human data.

Second, the density of VACV-WR is based on about 58000
peptides, most of which are negatives and dissimilar to the
training data. Indeed, the density estimate in Figure 6 occupies a
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Fig. 3. Epitope match curves using Gaussian process regression with and without test reject method for the four models. The match curve displays the
number of peptides needed to be predicted (x-axis) in order to find the correspondingnumber of epitopes (y-axis).

TABLE II

EPITOPE MATCH LISTS OFH-2 Kb AND 8-MERS GROUP IN THE SUB-564DATA SET.

Epitopes found 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

w TRM 8 16 22 28 43 59 76 86 92 98 108 116 126 138 150 149 180 -

w/o TRM 10 20 29 37 61 89 118 136 146 161 181 198 225 248 279 261 339 -

Consensus 4 14 24 31 40 50 67 95 125 154 174 186 194 197 204 206 210 -

w vs w/o TRM * * * * * * * * * * * * * * * * * -

TRM vs Consensus * * * * * * * * * * * * -

Gaussian process with and without TRM (“w TRM” and “w/o TRM”,respectively), and the Consensus method of Moutaftsiet al. are compared.

Cells (in rows 1-3) contain the number of predictions required to find the specified number of epitopes. Cells in rows 4-5 are asterisked if GP with TRM is

better than the alternative method (p < 0.05) at that epitope-count. ‘-’ marks that the value can not be determined.

TABLE III

EPITOPE MATCH LISTS OFH-2 Kb AND 9-MERS GROUP IN THE SUB-564DATA SET

Epitopes found 1 2 3 4 5 6 7 8 9

w TRM 11 40 79 116 138 154 169 174 -

w/o TRM 13 53 122 194 248 304 347 384 417

Consensus 80 191 254 299 306 311 317 321 325

w vs w/o TRM * * * * * * * *

TRM vs Consensus * * * * * * * *

Cells (in rows 1-3) contain the number of predictions required to find the specified number of epitopes. Cells in rows 4-5 are asterisked if GP

with TRM is better than the alternative method (p < 0.05) at that epitope-count. ‘-’ marks that the value can not be determined.
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Fig. 4. Prediction uncertainty densities of the four modelson the sub-564 data set.

TABLE IV

EPITOPE MATCH LISTS OFH-2 Db AND 9-MERS GROUP IN THE SUB-564DATA SET

Epitopes found 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

w TRM 2 8 18 29 41 59 82 103 116 132 146 155 - - - - - -

w/o TRM 3 11 27 45 61 89 119 149 179 205 228 260 290 304 321 329 335 -

Consensus 1 4 13 30 47 68 91 117 146 170 209 268 312 337 355 375 378 -

w vs w/o TRM * * * * * * * * * * * - - - - - -

TRM vs Consensus * * * * * * * - - - - - -

Cells (in rows 1-3) contain the number of predictions required to find the specified number of epitopes. Cells in rows 4-5 are asterisked if GP

with TRM is better than the alternative method (p < 0.05) at that epitope-count. ‘-’ marks that the value can not be determined.

TABLE V

EPITOPE MATCH LISTS OFH-2 Db AND 10-MERS GROUP IN THE SUB-564DATA SET

Epitopes found 1 2 3 4

w TRM 31 74 111 -

w/o TRM 47 176 340 406

Consensus 78 123 163 178

w vs w/o TRM * * *

TRM vs Consensus * * *

Cells (in rows 1-3) contain the number of predictions required to find the specified number of epitopes. Cells in rows 4-5 are asterisked if GP

with TRM is better than the alternative method (p < 0.05) at that epitope-count. ‘-’ marks that the value can not be determined.
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Fig. 5. Epitope match curves using Gaussian processes with or without test reject method and a consensus method on the sub-564 test data set. The match
curve displays thenumber of peptides needed to be predicted (x-axis) in order to find the correspondingnumber of epitopes (y-axis).

region upwards relative both human and mouse benchmark sets.
Removing all but the high-scoring candidates as identified in the
Moutaftsiet al. study (i.e. the sub-564 set), the density has a mean
of 0.039 (occupying a middle-ground between human 0.018 and
the full VACV-WR sequence 0.052; data not shown).

With the aforementioned analysis in mind, the benchmark
data sets still supply us with an additional resource to evaluate
the ability of the test reject method to flag false positives.For
every allele and length we use the corresponding GP model
to monitor the strongest predictions and compare with the test
rejection method. As before, TRM removes predictions per (3).
Specifically, the number of false positives before the first true
positive is determined. Grouped by host organism, mouse alleles
render eight and seven false positives, for standard GP and TRM,
respectively. For human alleles, a total of 26 false positives by
standard GP and 13 by TRM. For macaque, the numbers are 109
and 45, respectively. No false positives are observed before the
first true positive on chimpanzee alleles, for either method.

The ability of TRM to remove false positives and not true
positives drops further down the ranked list. Specifically,we
looked at the five strongest predictions for each allele and counted
the number of true positives among them. Both standard GP and
TRM render 49 true positives for mouse alleles (of a total 65).
GP hits 229 and TRM 224 for human alleles (max 265), 74 vs. 73

for macaque (max 100), and 10 vs. 10 for chimpanzee (max 10).
At least for human alleles, the TRM threshold (cθ) appears to
remove too many positive predictions from consideration and may
need to be relaxed to the level of the more successful mouse
settings. The current setting ofcθ considers only the prediction
variance in relative terms (cf. 3). Future work should consider a
setting informed by the absolute range of variance or by gleaning
a complete pathogen sequence.

We also tried the variance-weighted Gaussian process on the
human, macaque and chimpanzee alleles [21]. There was no
increase in AUC for any value ofδ on human and macaque.
There was a minor increase in mean AUC (from 0.870 to 0.880)
for chimpanzee alleles whenδ ≈ 50. In summary, the observations
on the benchmark data sets indicate that vw-GP and TRM usually
outperform standard GP when the absolute prediction variance
of test data is high. For data with consistently low prediction
variance, the standard method appears to work as well–or better.

In this study, we verified that Gaussian process regression
method can be used to predict MHC class I-peptide binding with
similar accuracy as the best alternative methods. Furthermore, we
proposed and evaluated a test reject method to increase the true
positive ratio in a set of predictions. The use of confidence mea-
sures inin silico prediction models is promising for large-scale
and realistically diverse sequence problems where the number of
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Fig. 6. Probability density estimates of the absolute prediction variance
for three groups of test data: all human and mouse alleles in the Peterset
al. benchmark sets, and the complete VACV-WR nonamer set taken from
the Moutaftsi et al. study. The means are 0.018±0.010, 0.042±0.014 and
0.052±0.006, for human, mouse and VACV-WR respectively. Each density
was estimated from test data by using the GP tuned from the corresponding
allele/length training data then grouping them according to organism. For
VACV-WR we used only mouse Db 9 training data. Smoothing was performed
using a standard Gaussian kernel (width=0.005).

false positives is large. Indeed, for complete pathogen sequences,
this is usually the case. However, our tests on human alleles–as
represented in assembled benchmark sets–indicate that thesetting
of the threshold requires careful attention.
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