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Using Gaussian process with test rejection to detect
T-cell epitopes in pathogen genomes

Liwen You, Vladimir Brusic, Marcus Gallagher and Mikael Bod

Abstract— A major challenge in the development of peptide- which makes it intrinsically difficult to compare their pers
based vaccines is finding the right immunogenic element, Wit mance. However, it appears that no single approach domsinate

efficient and long-lasting immunisation effects, from lar@ po- 5|| the others in terms of accuracy of predictions.
tential targets encoded by pathogen genomes. Computer madde

are convenient tools for scanning pathogen genomes to prefsct MHC-peptide binding prediction tools can be used to scan the
candidate immunogenic peptides for experimental validatn. whole genomes of pathogens to identify potential immunagen
Current methods predict many false positives resulting fran a  peptides for peptide-based vaccine design. Recently, aftsit

low prevalence of true positives. et al. used a consensus approach based on four methods (ARB,

We develop a tesg reject ":jeéhog based on the prediction gy;\ - parker and Udaka) to score H-restrictedCD8+ T-cell
uncertainty estimates determined by Gaussian process regssion. o S o et o Tue i i (WACY) after

This method filters false positives amongst predicted epifzes | . : . )
from a pathogen genome. The performance of stand-alone infection of mice [17]. Their consensus approach is to dateu

Gaussian process regression is compared to other statedie-art  the median values of four ranks from the four methods on
methods using cross-validation on eleven benchmark data tse all possible octamers, nonamers and decamers from the VACV

The results show that the Gaussian process method has the sam genome for the mouse H-2 moleculed &nd . The final ranks
accuracy as the top performing algorithms. The combinationof  of peptides indicate relative epitope probabilities. Tog 1% of
Gaussian process regression with the proposed test rejectetinod peptides within each size-based class were selected tdotest

is used to detect true epitopes from the Vaccinia virus genom T .
The test rejection increases the prediction accuracy by reating antigenicity in vitro. Out of these several thousand candidates,

the number of false positives without sacrificing the methos ~ Only 49 peptides were identified as positive samples. Therew

sensitivity. We show that the Gaussian process in combinath these 49 peptides were tested for their capacities to binfiqzl

with test rejection is an effective method for prediction of T- K and O moleculesin vitro. All 49 epitopes were shown to

cell epitopes in large and diverse pathogen genomes, wherde pe true MHC binders, some with very high binding affinities,

positives are of concern. illustrating the utility of scoring methods for pre-seliect of
Index Terms—Immunology, amino acid sequence, epitope, candidate T-cell epitopes.

machine learning, Gaussian processes, regression, falsesgives. Prediction methods have the potential to simplify experitak

design and effort by reducing the number of targets that need
to be screened. By treating strength of prediction as an indi
I. INTRODUCTION cator of confidence of prediction, Moutaftsi al. were able to

D8+ T-cells recognize peptides presented by major pilsolate g.small group of candiqlat.e epitopes. A Iarge numlﬁer o]
tocompatibility complex (MHC) class | molecules on thé!NPromising targets could be eliminated from a prohibiyiveng

surface of cells. This recognition is critical for identition ISt Most likely, this elimination process also discardgame of
of infected or cancer cells and their subsequent destrudijp the good targets. This illustrates a growing need for impdov
the immune system. The antigenic peptide presentatiorivieso COMputational methods to provide more accurate simulatan
primarily three steps: proteasomal cleavage, transpassuciated Piological processes. When combined with experimentahot,
with antigen processing (TAP) and MHC-peptide binding. Th%”?h methqu can further improve outcomes of vaccine resear
MHC-peptide binding is by far the most discriminant steplyon While lowering the cost.
a minority of peptides will bind MHC molecules (1-5%) whileet Gaussian processes (GP) have been used successfully in many
number of peptides that elicit immune responses, known@alT- different machine learning studies [18], [19], but theipkgation
epitopes, is even lower [1]. Accurate prediction of MHC4g® in bioinformatics are still at early stages. In this studg, @xplore
binding affinity is thus essential for identification of immalog- the use of Gaussian processes to the MHC-binding probleme Mo
ically relevant peptides for use in vaccine formulations. specifically, we investigate the use of the Gaussian przesple

Many different attempts have been made to predict MH@rediction variance as a natural indicator of predictiomfeo
peptide binding. There are primarily three approaches: dence. We first estimate the accuracy of Gaussian processlsnod
structural approach, a sequence-based approach and a dpplied to MHC-peptide binding prediction and compare rthei
brid structural/sequence-based approach [2]. Sequeassdbap- performance to other state-of-the-art methods. We thesmexthe
proaches can be further categorized into motif/profile #aseth- method by employing prediction confidence levels to redinee t
ods (including RankPep [3], Average Relative Binding (ARBhumber of false positives and identify a small number of ectty
[4], Stabilized Matrix (SMM) [5], [6], Udaka [7] and Parker predicted experimental targets. The method is evaluatethen
[8] matrices) and machine learning methods (artificial akurfull VACV genome, which represents a challenging problerthwi
networks (ANN) [9], [10], support vector machines (SVM) [21 a large and realistically diverse input space. We also atdidhe
[14], hidden Markov models [15] and DistBoost [16]). Thesenethod’s ability to reduce false positive predictions omptjzkes
methods are developed and evaluated using different déa stor MHC class | alleles in human, mouse, chimp and macaque.
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Il. METHODS functions C(z;,z«) with the coefficient «; (see (1)). The
A. Data representation prediction variance function (2) indicates the confidereell of

- . . . the model when applied to a new sample (large variance means
The MHC-binding affinity data set consists of short aming, v confidence and small variance means high confidence). If

acid sequences. We used the convgntlongl orthogonal Cd’dm%e variance is large, a predicted value should be intesgreith
represent peptides, where each amino acid of 20 Star]d"’mbamc'aution We use the term uncertaingyz ), to denote the level
acids is coded as 20 bit binary vectors, where a single pusitimc confiaence for sample. and measured it as(z+) = 26 (2+)
contains one and the others are zeros. For example, an eigi a Pl T *

. . T ) for samplez. throughout the paper.
acid residues long peptide is coded as a vector 2t § = 160 Using a covariance functiot'(z, z’), we can directly predict

dimensions. the function values for novel test points. However, somesm
_ different problems (and data sets) are best handled witérelift
B. Gaussian processes covariance functions. To define an appropriate covarianoe-f
Gaussian processes provide an approach to data modelliiogp, we have used a parametric family of standard covagianc
that has received increased attention in the machine rgrnfunctions, e.g. with parametel® = [6y,...,6,], followed by

commmunity in recent years [19]. A Gaussian process is s&arching for the optimal values 6f. There are several ways to
particular stochastic process which can be used to deseribéune ©, e.g. to find® which maximizes the log likelihood =
distribution over the properties of functions. Given a sét dog P(t|©) = —1 log |K + 02In|—3tT (K+021n) " t—2 log 2,
training data, Gaussian processes provide an effectivecfrmrk where| - | denotes the determinant.
for Bayesian learning. A priop(y(z)) is specified directly over
function space, instead of parameterizing:), and the training .
set is used to transform this prior intowggzaosterior of unknowC' Test reject method
functions. Gaussian processes are an example of the class @ne of the advantages of the Gaussian process method is that
techniques known as kernel machines (including Supportoveca measure of confidence can be given for individual predistio
Machines), but are distinguished by their probabilistiprapch Intuitively, a covariance function measures similarityvizeen two
to data modelling. samples. Larger variance of a test sample implies that ibts n
A Gaussian process is fully specified by its mean and covarepresented by the model based on given training samplés. It
ance functions. The mean function is typically assumed todoe thus reasonable to either reject a predicted value with gelar
u(z) = E(y(z)) = 0 (assuming centred training data), while thevariance or treat it with caution, i.e. low confidence.
covariance functionC(z,z’), describes the covariance between It is usually assumed that training and test data samples are
the values of functiory at any two data points andz’. For any drawn from the same distribution, i.e. that the trainingadist
set of variablesy'(x1),...,Y (zn), @ Gaussian process implies aa good representative for any conceivable test data. Thimtis
joint multivariate Gaussian distribution. always the case for biological problems. For example, in the
The Gaussian process can be used for both classification @age of detecting potential epitopes among pathogen gendhee
regression purposes. Since our problem is to predict MH@ige training data set contains a large proportion of individueptides
binding affinity, the discussion is confined to Gaussian @ssc with high binding affinities to MHC molecules and the testadat
regression. set is a set of peptides from the whole genome of a pathogen. In
For a regression problem, we want to predict the functicsuch test data, there are only very few epitopes amongsga lar
value y(z«) over the new inpute., given a set of input points number of possible peptides. Such possible targets may dotypo
z" = x1,x9,...,2, and measured values= ¢q,...,t,. We represented by training data that have been assembled taircon
assume that the measured values are obtained from the coomy confident binders and non-binders.
sponding function valuey; with additive noise,t; = y; + ¢, We do not use a fixed confidence level for all different data
wherei =1,...,n ande is an independent zero-mean Gaussiagets, but instead we use the prediction uncertainty digioib
random variable with variance?. The Gaussian process specifiesver the unlabelled pathogen genome to set an thresholdifbr e
a prior distribution overy; is given by’ Y ~ N(0,K), where model. Seeger [20] suggests that the exact uncertaintymaets
K is the n x n (non-negative definite) covariance matrix withare of less concern. More important is the quality of the sleas
elementsK;; = C(x;,z;). The prior distribution of the targets is based on them. Decisions can be made on basis of expectations
N(0, K +021y,), wherel, is then x n identity matrix. To predict over predictive uncertainty distributions [20]. We presasimple
the function valuesy. on the new pointz., we are interested threshold method based on such expectations below.

in the predictive distributionP(y.|t). Since P(t,y.) and P(yx) There are many more negative samples in a pathogen genome,
have Gaussian distribution®(y.|t) is also Gaussian and can becausing the uncertainty density distribution on test sasiib
calculated in closed form, with mean be skewed towards higher values. To alleviate any biases, th
n uncertainty threshold (at which tests are filtered out) teiheined
§(re) =k (@) (K +0pl) 't = 0;iClas,e) (1) by
- i=1 C(,:mm(cl,..A7c;€)—|—max(cl,..47ck)7 3)
and variance 2
2 _ T 2, \—1 wherec; ..., ¢, are prediction uncertainties on the test data set
77 (@) = Clas, 2a) =K (@) (K ovln) k(ze) - (2) (z1, ..., zy), after removing outliers from the full predictive un-
where k(z«) is the n x 1 vector of covariances certainty distribution. When the prediction uncertainistdbution
(C(z1,24),...,Cxn,z))T and @ = (K + o2l,)"'t. is not skewed, the median value ®f, ..., ¢, is used as the

The predictiong(z«) is a linear combination of the covariancethreshold.
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Test samples with prediction uncertainties larger than tliee test data is limited in diversity, and perhaps similakiown
threshold are treated as if they were lacking binding afisit binders and non-binders, the test reject method is unlikely
Importantly, the threshold is determined from the test dst provide substantive assistance. To test the efficacy oftadfgst
using only prediction variances, without knowledge of thegéts method, it is thus necessary to subject the model to a mucérwid
used during training. In Gaussian process regressionanuy spectrum of candidates. As a consequence, some inputs evill b
estimates do not depend on the target labels [20]. less well-represented by the predictive model and will hected

By thresholding predictions, the test reject method egsnt even if their prediction is firmly in the positive territory.
halves the number of positive predictions. It is therefod n For a biologist, performing peptide binding experimentggs
possible to directly use conventional classification pennce a complete set of possible nonamers in a pathogen’s genomic
metrics. However, the contribution of the prediction vada can sequence is impractical. Computer models can alleviat@rible-
also be evaluated by adding it to the classifiers output, lemtpb lem by providing a short-list of possible experimental &isy
comparison with previous work. The impact of the variance igloutaftsi et al. experimentally tested the value of predictive
here weighted by a user specified coefficientyVe refer to this algorithms for identifying CD8+ T-cell epitopes derivedorin
method as a variance-weighted Gaussian process (vw-GR. Nbe VACV-WR strain in the H2* mouse model [17]. With an
that smaller value means positive, larger means negative. extensive input space and limited target data, their tesheas@

. . .2 represents a suitable challenge for a test reject method.

Js(@e) = §(ws) + 067 (24) @ 7o build regression models, we used the same training data
as used by Moutaftsét al. [17]. It contains 455 octamers (8-
mers) and 171 nonamers (9-mers) for H-2a{lele, 244 nonamers
A. Performance comparisons on benchmark data sets and 90 decamers (10-mers) for H-2 Bllele. For the blind test

Recently, Petergt al. identified a benchmark MHC-peptidedata set, we used all possible 58484 octamer¥ (Kolecules,
binding data set of variant human and mouse alleles to canp&B226 nonamers (Dand K’), and 57968 decamers {Pfrom
three prediction methods used in-house, including ARB, ANNhe full VACV-WR sequence. We compared the Gaussian process
SMM and other prediction tools available online [21]. Theyegression with and without the proposed test reject method
collected 54 data sets of MHC-peptide binding affinitieshwit Based on a consensus model involving an SMM, Moutadtsi
different peptides length (octamers, nonamers and desithet  al. identified epitopes accounting for the majority of tO®8+
bind to mouse and human MHC molecules. We focused on the T=tell responses evoked from VACV-WR infection. They found
H-2" data sets for mouse. The data sets were downloaded frahoctamer and 9 nonamer epitopes féraflele and 18 nonamer
http://mhcbindingpredictions.immuneepitope.org/datartml. and 4 decamer epitopes for’ Rllele.

For the MHC-peptide binding problem, 3¢ = 500nM is We note that there are more peptides with lower binding
usually taken as a threshold to discriminate between binded affinities (higher 1G, values) in the four training data sets.
non-binders. If the wet-lab measured ¢ value is smaller than Specifically, for the D allele and decamer group there are only
this threshold, the corresponding peptide is considerethdeb nine decamers with I§ values less thatog;,(500). Due to
Hence, the MHC-binding problem becomes a classificatiob-proexperimental detection limitations, the j¢ value can not be
lem if all peptides are grouped accordingly. determined if it is beyond a given threshold. In all the tiragdata

Peterset al. compared their model's performance to othersets, constant values were used to threshold such pefioethe
based on the area under the ROC (Receiver operating chisact&” octamer group, there are 107 binders and 348 non-binders; fo
tic) curve (AUC). To assess the performance of our Gaussian pthe K’ nonamer group, there are 38 binders and 133 non-binders;
cess models, we first repeated the five-fold cross-validatiwly- for the D’ nonamer group, there are 43 binders and 201 non-
sis using the same training and test data splits done bysetr  binders; and for the bdecamer group, there are 9 binders and
For the covariance function of Gaussian processes, we tged 81 non-binders.
squared exponential covariance function with isotropistatice A binding affinity predictor was developed on each of the
measure [19], which is similar to the standard Gaussian/RB&ur data sets using Gaussian process regression with tiaeest|
kernel often used in conjunction with SVMs. To compare Gausxponential covariance function with isotropic distanceasure.
sian processes with SVMs, the five-fold cross-validations wahll simulations were performed within groups (H-2 alleledan
performed on SVMs using the Gaussian kernel as well. We usgeptide length combination). The four training data sets do
GPML (http://www.gaussianprocess.org/gpml/code/nidtlac/) not overlap with the VACV-WR sequence. Instead of using a
Matlab package by Rasmussen and Williams [19] to build Gausensensus method as Moutaftti al., we employed the test
sian process regression models and LibSVM Matlab versi88 2.reject method to remove peptides in the VACV-WR sequence
[22] to build SVM models. with greater variance values on predicted binding affigitiean

The key incentive of using test rejection is to remove uncethe rejection threshold (as per Equation 3) and then ranKed a
tain predictions from consideration—an aspect of claggiio remaining peptides.
performance not directly captured by the AUC. However, we
illustrate the contribution of the variance on standardsification IV. RESULTS
performance by weighting its impact on the raw classifiepott A, Cross-validation performance of Gaussian processes and SYM
for each of the benchmark data sets (4). To establish the overall MHC class I-peptide binding prédic

. o o accuracy of Gaussian processes, we performed crosstiatida
B. Epitope prediction on Vaccinia virus sequences simulations on 11 public benchmark data sets [21]. The klass

The benchmark data sets of Petetsal. are assembled to fication accuracy comparison is shown in Table |, where AUC

contain confident binders and non-binders. For scenarieanwhvalues for ARB, SMM and ANN were taken from [21]. We

I1l. EXPERIMENTS
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performed the SVM and Gaussian process simulations usifugction is skewed towards higher uncertainties. The ptedi

identical data set splits. Since ANN models were tested en thpecific threshold is determined from these by using equg8p

data sets containing only nonamers, only results of ANN fdo separate trusted from rejected predictions.

nonamers are listed. Figure 2 displays the predictédg; IC5o values and their cor-
responding prediction uncertainties for each of the foua d&ts.
The experimentally verified epitopes (the targets we aezésted
in identifying) are marked as crosses. The coloring-direction

separates them into trusted and rejected predictions lmasduke

predictor-specific threshold. It is interesting to notettian-

TABLE |
CROSSVALIDATION 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 | ww-cp binders are more often predicted with higher uncertainiiespite

+ length of there being more non-binder than binder samples in thairigh
H2D'9 | 303 | 08651 0912 | 0933 | 0932 | 0.925 | 0.926 data sets. This observation could be explained by expetahen
H2Db 10 | 134 | 0.715 | 0.759 0708 | 0.750 | 0.765 detection limitations for non-binders. The prediction ertainties
H2D?9 | 85 | 0696 | 0853 | 0925 | 0.887 | 0916 | 0929 May thus reflect sample measurement noise.

H2D?10 | 75 | 0.990 | 0.997 1000 | 0.999 | 0998 Figure 3 compares the ability of finding experimentally fied
H-2 Kb 8 480 | 0.846 | 0890 0904 | 0895| 089g EPitopes with and without the proposed test reject methoedoh

of the four data sets. The curves with dashed lines illusttia¢
true positive rate when using Gaussian process regresstromh
only. The curves with solid lines represent the true positiate

H-2 Kb 9 223 | 0.792 | 0.810 | 0.850 | 0.740 | 0.796 | 0.798
H-2 K? 9 176 | 0.798 | 0.936 | 0.939 | 0.906 | 0.929 | 0.932

H2K%10 | 70 | 0.486 | 0.576 0.457 | 0.493 | 0520 0T D18 FUVES e o W rofen
H2Kk8 | 80 | 0.782 | 0.893 0.915 | 0.910 | 0.914 YS9 the a}:saan p:o;iess wi T;; I'.SJE(; :ﬁn' .? re e;steth
H2K:Fg | 164 | 0.758 | 0.770 | 0.790 | 0.793 | 0.808 | 0.810 CUrVES @S €pItope maich curves. lnaxis of the epitope matc

curves is the number of top-ranked peptides (sorted by qesdli
log1o ICs0 Vvalues in ascending order). The first peptide is thus
most likely to be an epitope. Thg-axis of the epitope match
From the cross-validation results (AUC values), the ARByrves represents the number of true epitopes amongst phe to
methOd iS inferiOI’ to Othel’ methOdS and the aVerage aCCElH‘aIﬁ ranked pep“des (true ep”:opes as des|gnated as Such "’athe d
SMM, Gaussian processes and SVMs on the 11 data sets are ¥ of Moutaftsiet al.).
similar. Petergt al. only used five-fold cross-validation once, SO From the four epitope match curves, it is clear that usingebe
standard deviation on performance is not available for ARIBN reject method removes several false positives W|th0ut|fﬁang
and SMM methods. However, we repeated the five-fold crosgre sensitivity of the original method. Taking the Killele and
validation ten times with the Gaussian processes 6r8'|mers, octamer group as an examp|e, by using the test reject method’
K" 9-mers, B 9-mers and D 10-mers to check performancethe sensitivity increases sharply in the beginning andetree
deviations. We gOt the mean AUC value and its standard deﬂiat seven true epitope matches out of 55 top predicted b|ndé‘ter A
for K® 8-mers as 0.891 (0.006); 0.792 (0.012) fof B-mers; anout 100 top predicted binders, the epitope match curve gpe

0.915 (0.005) for B 9-mers and 0.757 (0.048) for’DLO-mers. quickly and illustrates 17 hits out of 255 predicted bingensd
The performance of Gaussian process regression is stehledre finally 18 hits out of predicted 452 binders.

different data splits.

In some cases, the ANN performance is slightly better. How-
ever, several parameters need to be tuned separately (engen
of hidden nodes and stopping criterion) increasing the ok

H-2 Kk 10 | 57 | 0.615 | 0.576 0.741 | 0.643 | 0.656

V. DISCUSSION AND CONCLUSION

It is interesting to compare the performance of Gaussian

parameter selection bias. In contrast, when the covariumogion process regression with th_e test reject method to the ceusen

has been chosen, the Gaussian process requires no funtireg. tu meth_od us_ed by_ Moutaftsit al. on the VACV-WR sequence.
We first briefly discuss the test reject method as applied en th

Overall, Gaussian processes are not inferior to any of therot .
methods on the standard MHC-peptide binding problems. ngplete genomic sequence and then on a sub set that allows a

thus expect to get the same classification accuracy with $kaus direct and thorough evaluation against the consensus thetho
processes as with ANN or SVM on any similar data sets The Gaussian process with the test reject method perforrts we

To illustrate the impact of uncertainty in a standard clsi on the four data sets but is out-matched by the consensusdeth

tion context, a variance-weighted Gaussian process wamtra on the D alleles. For the K allele octamers, the test reject

and tested under the same conditions as the other methmis i%etﬂog genera_ll;l/l im?troveﬁ oqot(?e MOUtakf%i al. _consenls_:gs K
column in Table I). We note that the AUC increases with larg ethod, especially after the top-ranked epitopes. For

5 on the mouse benchmark data sets up to about 20 (data nonamers and Ddecamers, the rate of true epitopes is initially
shown in the table) higher for the test reject method. Here, the consensus mhetho

shows better performance when more epitopes are included.
) ) ) Due to the special CD8+ T-cell epitope experiment design the

B. Using test reject method to detect a subset of T-cell epitopes  performance of the Gaussian processes with test rejecioohéh

We used MHC-peptide binding affinity predictors built withlikely underestimated. Moutaftst al. first collected all possible
Gaussian process regression methods on the four traintagsets octamers, nonamers and decamers from the VACV-WR sequence.
to predict all the possible peptides for each combinatiotd<® They then applied four scoring-matrix prediction methddddka,
allele and peptide length. Figure 1 displays the estimatesity Parker, ARB and SMM) on the all peptides, except for decamers
function of prediction uncertainty values for each of tharfdata for which only ARB and SMM models were available. They
sets (after removing outliers). We can see that in each ¢thse, ranked pepitdes according to their prediction scores. Rahe
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H-2 K® allele on 8-mers H-2 K® allele on 9-mers

1.2 1.4 1.6 18 2 2.2 1.8 2 2.2 2.4

Prediction uncertainty (2*standard deviation) Prediction uncertainty (2*standard deviation)
H-2 D® allele on 9-mers H-2 D® allele on 10-mers
20f ‘ ‘ ‘ ‘

Density

15 2 25 1.7 175 18 185 19 195 2
Prediction uncertainty (2*standard deviation) Prediction uncertainty (2*standard deviation)

Fig. 1. Prediction uncertainty densities for the four medeh the complete VACV-WR genome.

allele and peptide length combination, they assigned eaptide with test reject method (TRM), the GP without TRM and the

the median of the rank values determined in the individuadliig Consensus method, when applied on the sub-564 data set are

predictions. Based on the consensus prediction, theytedi¢ioe presented in Figure 5.

peptides in the tog% median ranks for their study, comprising We performed a bootstrap test on each of the three methods by

564 peptide for each group, not from all possible peptidesa re-sampling 75% (without replacement [23]) of the 564 st

58000). Finally, they measured antigenicity only for the456for each allele and peptide length group. Each test resiited

peptides in each group. This way, the experiments were diaseew sub-set of inspected peptides, for each required nuafber

towards predictable epitopes, leaving the possibilityaditional true epitopes. The test was repeated 100 times with differen

true epitopes. sub-sets. Tables II, Ill, IV and V provide the average number
In the Moutaftsiet al. study, the test data set in each groupf peptides that need to be inspected before the specifient cou

contained only 564 peptides. We scanned the complete genowfi true epitopes is reached.

sequence, all possible peptides, which is 100 times latg@n t  The limited size of the sub-564 data set begs further cor-

the test data sets they used. In other words, our top-rankirghoration of the difference. To provide a notion of statast

predictions are likely to contain additional true epitoped yet significance, we present two tests. First, we performed alsim

validated experimentally. binomial test on all the 47 true epitope counts for which afiy o
To resolve the effect arising from data selection bias, weed the three methods has at least one run with a result. Thateis, w

our models on the smaller test data sets containing 564da=ptiinvestigate the null hypothesis that a pair of methods idoarly

in each group (henceforth the “sub-564 data set”) and cogapaisuperior in each column of the tables. The one-tajleglue for

the performance with or without test reject method to Mdstaf GP with TRM vs GP without TRM (using the tail favoring GP

et al.’s consensus method. with TRM) is less thani0~". The corresponding value for TRM
Figure 4 shows the prediction uncertainty densities of the f vs Consensus is less thaoi—2. Both comparisons thus show that

MHC molecule and peptide length groups on the sub-564 data sbe TRM method significantly outperforms each of the othey tw

Compared to Figure 1, the uncertainty distribution on thimer methods. We note that the binomial test is compromised by the

data set is less skewed. The median value of uncertaintiss walumns not being independent.

thus used as the threshold for the group 8f&mers, K 9-mers Resampling the data provides us with three means of number of

and O 9-mers. For the group 'D10-mers, Equation 3 was usedpredictions, for each true epitope count. A standard pairesbt

to set the preditor-specific threshold. was used to compare the means produced by each of the methods,
The epitope match curves for each of the three methods, &P each true epitope count. By hypothesizing that the meaas
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H-2 K® allele on 8-mers H-2 K® allele on 8-mers
2.2 R 2.2+ 1
> >
£ £
g 2 1 g 2 |
[0} Q
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£ 18f- I Eas |
e -
(0] D
a 161 1 g 16 ]
1.4 1 1.4r _ : 4
0 1 2 3 4 5 6 7 1 2 3 4 5 6
Predicted '0910('050) Predicted |°910(|Csn)
H-2 DP allele on 9-mers H-2 D allele on 10-mers
22 L... 22_ -
= = :
k= = :
g 2 g2 *
o} o} :
5] 3] :
S 1.8} 518; ;. 1
) el :
i} 0 :
o 16f a 16+ : 1
1.4} 14} ]
0 8 25 3 35 4 45 5 55
Predicted Iogm(ICso) Predicted Iog10(IC5n)

Fig. 2. Prediction uncertainties and predicted affinitieatter plot using the four models on the complete VACV-WRarea. Predictions for known epitopes
are marked as crosses. Trusted and rejected predictiossd lom the predictor-specific threshold, are delineatechéycoloring iny-direction. The standard
IC50 threshold is indicated by the coloring irtdirection.

the same for each pair of methods, we determine the onettaiteethods to evaluate each prediction confidence.

p-value (again the tail favoring the TRM method to illustrie Finally, we return to the benchmark data sets of Petrs
superior specificity of this method). For each true epitopent g, including in total 89 different allele/length combinat® for

in the tables, we asterisk if the test ShOW$)'HaIUe less than human, mouse, macaque and Chimpanzee. For each combination
0.05 (significance at the 5% level). On a cautionary note, th puild a model using Gaussian processes using the same data
independence assumption of this test is compromised shee &et splits as used by Peteatsal. The numbers of samples in the
sample sets overlap. However, the collective evidencevoula hyman benchmartraining sets are generally much greater than in

of the test reject method is convincing, at least when moa@ thany of the other species (mean 779 and 154 for human and mouse,
a couple of true epitopes are required to be found. respectively), leading to substantial differences inritigtion of

The analyses on the smaller data sets confirm that testicgjectprediction variance on benchmatist data.
generally improves the ratio of true positives in the presticset.  Figure 6 shows the estimated densities of prediction vaeian
Comparing to the consensus method, with test rejection €kus collected for three groups of test data: human and mouskeslle
process regression method generally finds true epitopdigrear(from the Peterst al. benchmark sets) and the complete VACV-
effectively reducing the need for expensive and time-cotisy WR nonamer set. (Macaque and chimpanzee variances occupy
wet-lab experiments. the space between human and mouse.) A couple of things are

An additional issue is the transparency of the consenst@'th noting. First, the human benchmark sets render much
method. Three of the four methods (Udaka, Parker and ARgﬁnaIIer prediction variances. This indicates that the hualkele
used different and to some extent additional training datichv classifiers make confident predictions. Importantly, it liegpthat
impact we can not readily assess. Generally, when using cdhe setting of the TRM threshold;, (3), is low. Stringentc,
sensus methods, the designer needs to determine how anid whR{tings derived from training on human data would, if agupli
individual methods to be included when processing novelitisip in the mouse TRM, reject almost all predictions on mouse test
In addition, the output of the individual methods might havélata. Conversely, a mouse-derived cut-off would rejecy Yew
different meanings, an issue that Moutagisal. circumvented by Predictions on human data.
using individual ranking. In contrast, we employed an applo ~ Second, the density of VACV-WR is based on about 58000
based on Gaussian processes which offer a theoretical irarke peptides, most of which are negatives and dissimilar to the
for decision making and exploits an inherent feature of sudhaining data. Indeed, the density estimate in Figure 6 piesua
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TABLE Il

EPITOPE MATCH LISTS OFH-2 K? AND 8-MERS GROUP IN THE SUB564DATA SET.

800

1000

1000

Epitope match curves using Gaussian process régnessth and without test reject method for the four modelseTmatch curve displays the

Epitopes found 21 3] 4|5 |6 7 8 9 10 | 11 | 12 | 13 | 14 | 15 | 16 | 17 | 18
w TRM 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 TRMrespectively), and the Consensus method of Moutadtsal. are compared.
Cells (in rows 1-3) contain the number of predictions reggito find the specified number of epitopes. Cells in rows 4ebaaterisked if GP with TRM is
better than the alternative methog € 0.05) at that epitope-count. ‘" marks that the value can not berdened.

TABLE Il

EPITOPE MATCH LISTS OFH-2 K? AND 9-MERS GROUP IN THE SUB564DATA 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 reegirto find the specified number of epitopes. Cells in rows 4& asterisked if GP
with TRM is better than the alternative methga < 0.05) at that epitope-count. -’ marks that the value can not berdeined.
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Fig. 4. Prediction uncertainty densities of the four modwgisthe sub-564 data set.
TABLE IV
EPITOPE MATCH LISTS OFH-2 D? AND 9-MERS GROUP IN THE SUB564DATA SET
Epitopes found 1| 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 | 18
w TRM 2 181 29| 41| 59| 82 | 103 | 116 | 132 | 146 | 155 - - - - - -
w/o TRM 3111|2745 |61| 89| 119 | 149 | 179 | 205 | 228 | 260 | 290 | 304 | 321 | 329 | 335 | -
Consensus 1| 4 (133047 |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 reegirto find the specified number of epitopes. Cells in rows 4-& asterisked if GP
with TRM is better than the alternative methga € 0.05) at that epitope-count. -’ marks that the value can not berdeined.

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

*

*

*

*

*

*

TABLE V
EPITOPE MATCH LISTS OFH-2 D? AND 10-MERS GROUP IN THE SUB564DATA SET

Cells (in rows 1-3) contain the number of predictions reegirto find the specified number of epitopes. Cells in rows 4& asterisked if GP
with TRM is better than the alternative methga € 0.05) at that epitope-count. -’ marks that the value can not berdeined.
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Fig. 5. Epitope match curves using Gaussian processes witlittiout test reject method and a consensus method on th&@likest data set. The match
curve displays thewmber of peptides needed to be predictegtgxis) in order to find the correspondimyimber of epitopes {¢-axis).

region upwards relative both human and mouse benchmark sé&is macaque (max 100), and 10 vs. 10 for chimpanzee (max 10).
Removing all but the high-scoring candidates as identifiethe At least for human alleles, the TRM threshola,X appears to
Moutaftsiet al. study (i.e. the sub-564 set), the density has a meaamove too many positive predictions from consideratioh rmay
of 0.039 (occupying a middle-ground between human 0.018 anded to be relaxed to the level of the more successful mouse
the full VACV-WR sequence 0.052; data not shown). settings. The current setting of considers only the prediction
With the aforementioned analysis in mind, the benchmaM@riance in relative terms (cf. 3). Future work should cdesia
data sets still supply us with an additional resource toumtal Setting informed by the absolute range of variance or byrgiep
the ability of the test reject method to flag false positiesr @ complete pathogen sequence.
every allele and length we use the corresponding GP modeMe also tried the variance-weighted Gaussian process on the
to monitor the strongest predictions and compare with tls¢ tdhuman, macaque and chimpanzee alleles [21]. There was no
rejection method. As before, TRM removes predictions pgr (dncrease in AUC for any value of on human and macaque.
Specifically, the number of false positives before the fireset There was a minor increase in mean AUC (from 0.870 to 0.880)
positive is determined. Grouped by host organism, mousdeall for chimpanzee alleles when= 50. In summary, the observations
render eight and seven false positives, for standard GP B\, T on the benchmark data sets indicate that vw-GP and TRM ysuall
respectively. For human alleles, a total of 26 false passtiby outperform standard GP when the absolute prediction vegian
standard GP and 13 by TRM. For macaque, the numbers are b®3est data is high. For data with consistently low prediati
and 45, respectively. No false positives are observed edfoe  variance, the standard method appears to work as well-tarbet
first true positive on chimpanzee alleles, for either method In this study, we verified that Gaussian process regression
The ability of TRM to remove false positives and not truenethod can be used to predict MHC class I-peptide binding wit
positives drops further down the ranked list. Specificallle similar accuracy as the best alternative methods. Furitrermve
looked at the five strongest predictions for each allele anohied proposed and evaluated a test reject method to increaseuthe t
the number of true positives among them. Both standard GP goakitive ratio in a set of predictions. The use of confideneam
TRM render 49 true positives for mouse alleles (of a total 653ures inin silico prediction models is promising for large-scale
GP hits 229 and TRM 224 for human alleles (max 265), 74 vs. &hd realistically diverse sequence problems where the auwib
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