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ABSTRACT

Motivation: Effective computational methods for peptide-protein
binding prediction can greatly help clinical peptide vaccine search
and design. However, previous computational methods fail to capture
key nonlinear high-order dependencies between different amino acid
positions. As a result, they often produce low-quality rankings
of strong binding peptides. To solve this problem, we propose
nonlinear high-order machine learning methods including high-order
neural networks with possible deep extensions and high-order Kernel
Support Vector Machines to predict major histocompatibility complex
(MHC)-peptide binding.

Results: The proposed high-order methods improve quality of
binding predictions over other prediction methods. With the proposed
methods, a significant gain of up to 25-40% is observed on the
benchmark and reference peptide data sets and tasks. In addition,
for the first time, our experiments show that pre-training with high-
order semi-Restricted Boltzmann Machines significantly improves the
performance of feed-forward high-order neural networks. Moreover,
our experiments show that the proposed shallow high-order neural
network outperform the popular pre-trained deep neural network
on most tasks, which demonstrates the effectiveness of modelling
high-order feature interactions for predicting MHC-peptide binding.
Availability: There is no associated distributable software.

Contact: rengiang@nec-labs.com| mark.gerstein@yale.edu

1 INTRODUCTION

Complex biological functions in living cells are often performed
through different types of protein-protein interactions. An important
class of protein-protein interactions are peptide (i.e. short chains
of amino acids) mediated interactions, and they regulate |mportant
biological processes such as protein localization, endocytosi
post-translational modifications, signaling pathways, and immun
peptide-mediated interactions play
important roles in the development of several human diseases

responses etc. Moreover,

*To whom correspondence should be addressed

including cancer and viral infections. Due to the high medical
value of peptide-protein interactions, a lot of research has been
done to identify ideal peptides for therapeutic and cosmetic
purposes, which rendeirs silico peptide-protein binding prediction

by computational methods an important problem in immunomics
and_bioinformatics [ (Lundegaaed all, [2011; [ Brusicet all, [2002;
Hoof et all, 2009{ Nielseret all, 2003).

In this paper, we propose novel machine learning methods
to study a specific type of peptide-protein interaction, that is,
the interaction between peptides and Major Histocompatibility
Complex class | (MHC 1) proteins, although our methods can be
readily applicable to other types of peptide-protein interactions.
Peptide-MHC | protein interactions are essential in cell-mediated
immunity, regulation of immune responses, transplant rejection,
and vaccine design. Therefore, effective computational methods for
peptide-MHC | binding prediction will significantly reduce cost and
time in clinical peptide vaccine search and design.

Previous computational approaches to predicting peptide-MHC
interactions are mainly based on linear or bi-linear models,
and they fail to capture key non-linear high-order dependencies
between different amino acid positions. Although previous Kernel
SVM and Neural Network (NetMHC) (Lundegaaetiall, [2011;
Hoof et all, [2009; [ Gigueret all, [2013) approaches can capture
nonlinear interactions between input features, they fail to model
the direct strong high-order interactions between features. As a
result, the quality of the peptide rankings produced by previous
methods is not good. Producing high-quality rankings of peptide

vaccine candidates is essential to the successful deployment of

computational methods for vaccine design. For this purpose, we
need to effectively model direct non-linear high-order feature
interactions to directly capture interactions between primary

Eanchor) and secondary amino acid residues involved in the

ormation of peptide-MHC complexes.

Deep learning models such as Deep Neural Networks (DNNSs)
pre-trained with Restricted Boltzmann Machine (RBM) have been
successfully applied to handwritten digit classification, embedding,
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image recognition and many other applicatiohs (Hinton, 2010;peptide-MHC interaction features, etc), while the columns correspond to

Min et all, IM; Ranzatet all, 2!113)_ But they have never been their spatial positions (coordinates). Figlie 1 illustrates descriptor sequence
successfully applied to peptide-protein interaction problems. representation of a nonamer.

In this paper, we propose using high-order semi-Restricted In thi; descriptor sequence repr‘esentation, eagh position in the_ pepti_de
Boltzmann Machine (RBMs) to pre-train a feed-forwahigh- is descrlbed py a fggture vector, with features dgrlved from the amino acid
order neural network and propose high-order Kernel Support Vectoroccu.wmg.t.hls position or from a set Of.ammo acids (e.g.c.,-mer starting
Machine (SVM) for peptide-MHC binding prediction, including at thls po_smon or aw_lndow of amino aglds centered at thIS pos!tlon) fand/or
. L - amino acids present in the MHC protein molecule and interacting with the
identification of MHC-binding, naturally processed and presented, ino acids in the peptide.

(NPP), and immunogenic peptides (T-cell epitopes). Our proposed
models achieved a significant gain of up to 25-40% over the state-of-
the-art approach on benchmark and reference peptide data sets and
tasks. Furthermore, our shallow high-order neural networks even
outperformed popular powerful pre-trained deep neural networks
that was applied to model peptide-MHC binding prediction for the

first time by this work.

positions

MoV L s | A F p| E|R

-0.267|-0.296-0.353( 0.199 [ 0.008 |-0.132| 0.255 | 0.303 | 0.173

0.018 |-0.186 0.071 [ 0.238 [ 0.134 | 0.174 | 0.038 |-0.057 | 0.286

-0.265(0.389 [-0.088(-0.015[-0.475| 0.07 | 0.117 |-0.014| 0.407

-0.274{0.083 [-0.195-0.068(-0.039| 0.565 | 0.118 | 0.225 |-0.215

2 RELATED WORK
Position-specific scoring matrix (PSSM) and matrix _based methods:

In inhér , 12002;| Nielseret al, . . . .
), PSSMs were derived from a set of known binding peptidedi0- 1: Peptide descriptor sequence representation of a nonamer
and PSSM matching score was used as an indicator of the bindind/VLSAFDER’ using 5-dim amino acid descriptors
potential of a query peptide. Ir_(Peters and $ette, 12005), the S _ _
peptide binding task was solved as a matrix-vector regression The purpose of a descriptor is to capture relevant information (e.g.,

roblem. Neural network based methods: ’ . physicochemical properties) that can be used by our high-order neural
rE_Lu_Sj—_C_Qt_a_“ [2002), neural networks were built to predict peptide Networks and kernel functions to differentiate peptides into binding, non-

descriptor values
(features)

0.206 | 0.297 [-0.107-0.196 | 0.181 |-0.374|-0.055 | 0.156 | 0.384

binding potentials by encoding peptides and contact residues ofinding, immunogenic, etc.

the MHC molecules as a fixed-dimensional vector of amino- A real-valueddescriptor of an amino acid is a quantitative descriptor
acid and contact residues. Similarly, in_(Nielsral, [2003;  encoding (1) relevant properties of amino acids such as their physicochemical

), neural networks and properties and substitution probabilities by other amino acids, and/or (2)

committeés of networks with peptide representations combinin jnteraction features (such as binding energy) between the amino acids in
sparse, BLOSUM, and profile HMM encodings of the peptides he peptide and those in the MHC molecule. An example of the real-valued

were used. In i )’ both the peptide sequence descriptor sequence representation of a peptide using 5-dim physicochemical
and MHC protein sequence were used as input to neurafMino acid descriptors is given in Figlie 1.

networks in order to enhance predictive ability for MHC alleles o
with limited peptide binding dataKernel-based methods: The 3.2 Deep Neural Network and High-Order Neural

work in (Salomon and Flowel, 2006) used the local alignment Network
: A% kernel_method for predicting MHC-II-peptide binding. In Given the matrix-form descriptor representation of each peptide based on
,2011), weighted-degree kernels was adopted to identifyBLOSUM substitution matrix as illustrated above, we concatenate all the
immunogenic peptides. The work ih_(Let all, [2007) employed columns of the matrix into a long vector as input feature vector to our
support vector regression (with RBF, polynomial, etc kernels) usingheural networks. In this representation, a 9-mer peptide is represented by
sparse encoding of a peptide sequence and 11-dim physicochemicali80-dimensional continuous vector, with each amino acid represented
amino-acid descriptors. Recent woik (Giguetal, [2013) used by its corresponding 20-dimensional substitution probabilities. Instead of
kernel logistic regression for MHC-II-peptide binding prediction using an ensemble of traditional neural networks to predict MHC class-
using both peptide and MHC sequences| In (Gigiral, ),an  peptide bindings as in the state-of-the-art approach NetMHC (Nieisah
SVM with kernel from (Gigueret all,[2013) was used for naturally [2003: [Buuset al, [2003; [Lundegaardtal, [2011), we propose to use
processed and presented (“eluted”) peptide prediction. High-Order Neural Networks (HONN) pre-trained with a special type of
3 METHODS high-order Semi-Restricted Boltzmann Machines (RBMs) called mean-
covariance RBMs (mcRBMs) (Ranzatball, [2013), capable of capturing
In order for the peptides to bind to a particular MHC allele (i.e., its strong high-order interactions of feature descriptors of input peptides, to
peptide-binding groove), the sequences of the binding peptides should hgroduce high-quality rankings of binding peptides (T-cell epitopes). The pre-
approximately superimposable: contain amino-acids or strings of aminqraining strategy has been widely adopted for training a popular powerful
acids &-mers) with similar physicochemical properties at approximately the model called Deep Neural Networks (DNIN) (Hinton, 2006; Bengio. 2009).
same positions along the peptide chain. DNN has attracted world-wide attention in the machine learning
It is then natural to model peptide sequencés = wx1,z2,...,2n,  community recently. In_Hintdn (2006), it has been shown that DNN is
z; € X (i.e., sequences of amino acid residues) as a sequendes@fptor  more powerful than shallow neural networks and performs much better than
vectorsdy, ..., dn, encoding relevant properties of amino acids observedshallow ones on a benchmark dataset widely used in machine learning. In
along the peptide chain and/or MHC-peptide interaction terms. this paper, for the first time, we apply DNN to predict peptide-MHC binding,
. . . and we compare its performance to our proposed HONN. DNN is shown on
3.1 Descriptor Sequence peptlde representations the left panel of Fig. 2. We use Gaussian RBM to pre-train the network
While the descriptor vectord; in general may be of unequal length, in the weights of its first layer, and we use binary RBM to pre-train the connection
matrix form (equal-sized vectotd; € R ) of this representation (“feature-  weights of upper layers in a greedy layer-wise fashion@im 2006 for
spatial-position matrix”), the rows are indexed by features (e.g., individualdetailed descriptions about pre-training). Our proposed High-Order Neural
amino acids, strings of amino acids;mers, physicochemical properties, Network (HONN) is shown on the right panel of Fig. 2. We use mcRBM
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to pre-train the network weights of it first layer, and we optionally add 3.3 High-order Kernel Models

upper layers, and we use binary RBM to pre-train the connection weights irﬁ'he sequence of the descriptors corresponding to the peptide—

possibly available upper layers. In both DNN and HONN, we usealogisticgg1 - Zixp @ € % (as in, eg Fidll) can be modeled as an
. . . . b PRI il 1 ’ k- ARl

unit as our final OUIPUt layer, a_n_d t_h(_en we use back-propagation to flng—tun ttributed setof descriptors corresponding to different positions (or groups

the final network weights by minimizing the cross entropy between predicte:

- oY f positions) in the peptide and amino acids or strings of amino acids
binding probabilitiesy,, and target binding probabilities, as follows, occupying these positions:

N
= [talogpn + (1 — tn)log(1 — pn)], (1) Xa={(pi,di)}iq
n=1

wherep; is the coordinate (position) or a set (vector) of coordinates and
d; is the descriptor vector associated with the with n indicating the
cardinality of the attributed set descriptidhy of peptideX . The cardinality
of the descriptionX 4 corresponds to the length of the peptide (i.e., the

whereN is the total number of training peptides.
The pre-training module mcRBM of HONN extends traditional Gaussian
RBM to model both mean and explicit pairwise interactions of input feature

values, and it has two sets of hidden units, mean hidden hfittsnodeling  \mper of positions) or to in general to the number of unique descriptors

the mean of input features and covariance hidden drfitgating pairwise  j, the descriptor sequence representation. A unified descriptor sequence

interactions between input features. If the gating hidden units are binaryrepresentation of the peptides as a sequence of descriptor vectors is used
they act as binary switches controlling the pairwise interactions betweeq0 derive attributed set descriptions, .

input features. The energy function of mcRBM with factorized weights for

reducing computational complexity is defined as follows, 3.4 High-order kernel functions on peptide descriptor
m 1 2 uence representations
Bvh ™) = 230l (3 hPip) = Y awi Seq &
oo k i In the following we define kernel functions for peptides based on peptide

v m m descriptor sequence representations (such as iflFig. 1). The proposed kernel
- Z brhi? — Z vih; " wij — Z crhi™(2) functions for peptide sequencésandY have the following general form:
k ij k

where: indexes visible units such as peptide sequence featgirieslexes K(X,Y) = K(M(X), M(Y)) = K(Xa,Ya)

hidden units, andf indexes the factors. Using this energy function, we _ X Y X Y 3)

can derive the codr]:ditional probabilities of hiddgen units gi\g/Zn visible units, - Z Z kp(pi" Py )kd(dix ’ djy)

as well the respective gradients for training the network. The structure of

this factorized mcRBM is shown on the bottom of the right panel of Fig. where M(-) is a descriptor sequence (e.g., spatial feature matrix)

2, the hidden units on the left model the mean of input features and thostepresentation of a peptide¥ 4 (Y4) is an attributed set corresponding

on the right model the input covariance. During pre-training, we usedto M (X) (M(Y)), ka(-,-), kp(-,-), are kernel functions on descriptors

and context/positions, respectively, ang, ¢y index elements of the

attributed setsX 4, Y4. While kq measures similarity between descriptors,

iiiiiiiiiiiiiiii the context/position kerndl, measures similarity of the of the descriptor
! optional

ix Jy

output unit

context (e.g., position, spatial distribution of amino acids, etc). A number
of kernel functions for descriptor sequence (e.g., matrix) fomé) is
described below.
Using real-valued descriptors (e.g., vectors of physicochemical
covariance attributes), with RBF or polynomial kernel function on descriptors, the
hidden ka(da,dp) is defined as

units

exp(—yallda —dgll)
where~q4 is an appropriately chosen weight parameter, or
((da,dg) +¢)?

wherep is the degree (interaction order) parameter arid a parameter

factors
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visible units visible units
controlling contribution of lower order terms.
DNN HONN Kernel functionsky (-, -) on position setp; andp; are defined as a set
Fig. 2: The structure of DNN (left) and HONN (right). kernel kp(Pip) = D O k(i jla, B)
Contrastive Divergence (CI)(Hinfon. 2002) to learn the factorized weights 1 1SPi IEP;
in McRBM as in Gaussian RBM, and we used Hybrid Monte Carlo samplingwhere k(i, jlo, 8) = ——— + 8 = exp(—alog(li — j|)) + 8
to generate the negative samples am, m) with 20 leap- i =l

frog steps. The structures and parameters of both DNN and HONN arés a kernel function on pairs of position coordinatés;).

decided based on performance on validation sets. In fact, for our HONN, The position set kernel function above assigns weights to interactions
only the learning rates, batch size, and the number of hidden units need toetween positions:, j) according tak(z, j|c, 8).

be carefully tuned, and the final performance is not sensitive to other hyper- The descriptor kernel function (e.g., RBF or polynomial) between
parameters. During the training phase, our algorithm randomly selects 10%wvo descriptorsd; = (di,d},...,d%) andd; = (d,d3,...,d%)

of the original training data as validation set for early stopping. When theinduces high-order (i.e. products-of-features) interaction features (such as
algorithm monitors that the validation error increases upddimes even  d;, d;, ... d;, for polynomial of degreg) between positions / attributes.

if the training error is still decreasing, we end the training process for early The proposed kernel function (Eldl 3) captures high-order interactions
stopping. Although HONN can be easily extended to have many upper layerbetween amino acids / positions by considering essentially all possible
to form a deep architecture, HONN without deep extensions works best iproducts of features encoded in descriptdrof two or more positions.

all our experiments, which is probably due to the limited training data weThe feature map corresponding to this kernel is composed of individual
have. feature maps capturing interactions between particular combinations of the
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positions. The interaction maps between different positipnsand p, are

weighted by the position/context kernel functibp(pa, ps)-

4 DATA

In order to assess the performance of our high-order methods, weerformance metrics use binary relevance (i.e. “1"=relevant,
tested our methods on three prediction tasks:

1. MHC-I binding prediction The datasets used for MHC-I

binding prediction task are listed in Talple 1.

2. Naturally processed (“eluted”) peptide predictiorWe use
recently compiled benchmark data from the 2nd Machineof the predictorf (P ), .
Learning in Immunology competition (MLI-II). Tabld]?2 ’

provides details of this dataset.

3. T-cell epitope predictionWe use data of known T-cell epitopes discounted by théog of their positioni in the list:
to test ability of the methods in predicting promising candidates

for clinical development.

For all of the tasks, we focused on the 9-mer peptides. For MHC-
| binding prediction, we threshold at a standard valdes0
500 to separate binding peptides({50 < 500) and non-binding
(IC50 > 500) peptides and focus on three alleles, HLA-A*0201, of peptides from the highest degree of binding affinity to the lowest
HLA-A*0206, and HLA-A*2402. The choice of these alleles is binding affinity): DCGy
motivated by the target population group (Japanese) in our research
lab. The application of our method to other alleles or peptide lengthg he normalized>CG v value is then ranges between 0 and 1, with

would be straightforward.

Table 1. Peptide-MHC binary datasets (binding/non-binding)

Dataset #peptides #binders #non-binders
A0201-IEDB 8471 3939 4532
A0201-Japanese 281 106 175
A0206-IEDB 1820 951 869
A0206-Japanese 278 97 181
A2402-1IEDB 2011 890 1121
A2402-Japanese 405 176 229

Table 2. Naturally-processed (NP) peptide datasets

Dataset #peptides #eluted #non-eluted
A0201-MLI-II 8225 971 7254
A0201-MLI-ll-EvalSet 492 63 429

4.1 Training and testing protocol

For MHC-I binding prediction, we train our models for each that the two methods with the same AUC scores, may differ
allele on the publicly available data from the Immune Epitopesignificantly with respect to their nDCG scores: even with the
Database and Analysis Resource (IEDm, M). The
datasetsHt t p: // ww. i edb. or g) are labeled witth EDB suffix

in Table[].

For testing, we use the experimental data from our lab for each
allele. These datasets are denoted withapanese’ suffix in

Binary performance metrics. We used (1) Area under ROC curve
(AUC); (2) area under ROC curve up to firstalse positives (ROC-

Non-binary relevance/quality metrics. While classical binary

“0"=non-relevant), to take into account more “precise” relevance
measure, i.e. the binding strength of the peptides, we use
normalized discounted cumulative gainDCG), a classicahon-
binary (graded) relevance metric.

Given a list of peptides”, . .., Px ordered by the output scores
.., f(Pn), the discounted cumulative gain
(DCGy) is defined as a sum of individual peptide relevance
scores (experimentally determined binding strength)z, . . ., gn

N
20 — 1
bCtn = ; log(i + 1)

The normalizedDCG y is defined as a ratio between DCG of the
method and an ideal DC&@CG (i.e., DCG of an ideal ordering

nDCGN = Thean

nDCGy = 1 corresponding to the ideal value (i.e., normalized
DCG=1 when the predictor orders peptides according to their
actual binding strength).

We find this measure (nDCG) to be more indicative of the
prediction performance of the MHC-I binding prediction method
as it directly assesses whether the predictor ranks stronger binders
higher than weaker binders (as opposed to binary measures
(e.g., area under ROC curve) that measure whether “binders”
are ranked higher than “non-binderstespectivelyof the actual
peptide binding strength). This measure is popular for assessing
performance of the document retrieval systems (e.g., Web search
engines) as it is maximized if the most relevant documents appear at
the top of search results, but it has not been used to differentiate
performance of the MHC binding predictors. In the case of the
peptide-MHC prediction, the nDCG is maximized if peptides are
placed (according to the predictor output) in the ideal order: from
the strongest binders to the weakest/non-binders. We emphasize

equally good separation between “binders” and “non-binders” for
the two methods, the method that correctly ranks stronger binders
higher than weaker binder will have a higher nDCG score.

9T0Z ‘ST Joquieidas uo AlseAIUN aIS elIURA|ASUURH e /6.10°S[euIno[pio X0 soifewiouiolg//:dny woJj papeojumod

5 RESULTS

Table[1. For' Japanese’ data the experimentally determined We first present results for MHC-I binding prediction on benchmark

binding strength is measuredlag (X ;), whereK , is a dissociation
coefficient, i.e. higher negative valueslog(K4) suggest stronger

binders.

The training ' | EDB’

datasets and the testJapanese’

datasets and experimental data from our lab (Be¢. 5.1). We show
next results on predicting peptides naturally processed by the
MHC pathway (Sed._5l2). Finally, we show results for predicting
promising T-cell epitopes for clinical development (Jec] 5.3). The

datasets are completely disjoint. The average sequence identifgllowing AUC and nDCG scores are shown in %.

between any peptide in tHeJapanese’ datasets and the most
similar peptide from IEDB data is about 46%-55% (Table S10).

4.2 Evaluation metrics

To assess performance, we use two sets of metrics, classical binahy our experiments, we use BLOSUM substitution matrix as
metrics and non-binary relevance metrics.

5.1 MHC-I binding prediction

We train a deep neural network (DNN), a high-order semi-RBM
(HONN), and a high-order kernel SVM (hkSVM) drEDB data.

continuous descriptors of input peptide sequences.
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We compare with the popular NetMHC method that has Table 3. Comparison of AUC test scores on A0201-Japanese data

been shown to yield state-of-the-art accuracy for MHC-I binding method AUC ROC-10 ROC-20 ROC-30 ROC-50

prediction with respect to other best published methods (see, AKSVM 7960 3271 5059 6367 7756

-meg A (Lundegaardt al, [2011; | Zhaneet al, 12009; [ Gigureet all, DNN 77.23 30.34 47.03 60.11 74.95
3))- HONN 77.26 33.39 48.14 60.11 74.98

We first useé Japanese’ data sets to test our methods. Results
are shown in TableS] 8] £] 7 for target alleles bmpanese test
datasets. Corresponding ROC curves are shown in Figlire 3f (top
row). We also plot. DCG@n curves in Figl-3f (bottom row), where Table4. A0201-Japanese data. Relevance/ranking quality ("\DCG).

hkSVM+HONN79.11 3559 5051 62.99 77.02
NetMHC 76.90 26.61 46.02 58.87 74.47

nDCG@n is nDCG up tonth peptide in the sorted output (i.e., Tmethod nDCG@10 nDCG@20 nDCG@30 nDCG@50 nDCG
nDCG of the topr predicted peptides).

As evident from the AUC and ROG- results in the tables hIT\|S|\\|/M gggg gégg (73812 ;:'; ggg?l)
and ROC plots, our method achieves significant improvements i LONN 63:93 65.54 70.61 75.5'5 86.46

separating “binders” vs “non-binders”. For example, for A2402
allele ROCn=10 score increases from 66.88 for NetMHC to 77.76 Rksltﬂ/'\HAéHONN 6%638 6:6158 7%5';9 0 76;;668 86'892 94
for HONN and hkSVM. Similar improvements are observed on et 59. - 5 . .
A0201 allele data where RO@=10 score improves from 26.61 for  Taple5. Comparison of AUC test scores on A0206-Japanese data
NetMHC to 35.59 with HONN and hkSVM.

Observed improvements in the AUC and R@Geores across all method AUC ROC-10ROC-20 ROC-30
alleles are significant (paired signed rank test, P-value 1.22e-4). hkSVM 86.23 54.84 7258 78.68

To further validate our methods, we used recent benchmark DNN 80.24 5242 64.02 7131
MHC-I binding data proposed i (Kiretall, [2014) consisting HONN 84.41 497 697 77.78
of the training data (BD2009) and independent (BLIND) test hkSVM+HONNS86.24 5424 7333 802
data (Supplementary Table S8). We report performance on the  NetMHC 83.93 50.91 6742 76.77
independent test data (BLIND) in Supp!ementary Table S9. As CaRgplesb. A0206-Japanese data. Relevance/ranking assessment (nDCG)
be seen from the results in the table, while the area under ROC curve
(AUC) scores are very similar for both our method and the NetMHC ~ Method nDCG@10nDCG@20nDCG@30nDCG
method, for the very highest ranked peptides (low false positive (FP)  hkSVM 76.52 74.64 82.49 9143
rates), both hkSVM and HONN+hkSVM perform better on average DNN 77.50 82.21 81.72 91.74
compared to NetMHC as measured by R@Geores (e.g., ROC- HONN 75.39 78.06 79.92 90.80
1 scores of hkSVM or HONN are higher in about 67% (31/46) of hkSVM+HONN  80.2 76.98 83.75 9175
the tested alleles). Observed improvements in ROC-n scores (low  NetMHC 70.97 73.60 82.57 89.88

FP rates) are significant (paired signed rank test P-values=7e-3 andTable 7. Comparison of AUC test scores on A2402-Japanese data
1.38e-2 for hkSVM and HONN+hkSVM, respectively).

At the same time, the results in terms of nDCG quality scores method AUC ROC-5ROC-10 ROC-30
suggest significant increase in ranking quality (Tablgs 4,6 &nd 8). hkSVM 9059 688 7592 86.93
Our method ranks peptides by their actual binding strength DNN 89.1 6352 7096 84.75
significantly better than other methods. We observe that strong HONN 86.29 54.88 6504 81.17
binders are placed much higher in the classification results hkSVM+HONN 91.07 72.16 77.76 87.55
compared to the state-of-the-art NetMHC method. For instance, NetMHC 88.88 53.76 66.88 84.48

for the A0201 allelen DCG@n scores improve from 60.98, 63.50

. - Table8. A2402-J data. Rel /ranki t (nNDCG
achieved by NetMHC to 65.94, 70.61 using our HONN method for € apanese data. Relevance/ranking assessment (n )
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n = 20 andn = 30 respectively. method nDCG@10 nDCG@30 nDCG
We note that for both HONN and DNN the pre-training is hKSVM 53.77 64.33 86.68
critical to achieve good performance. The performance comparisons DNN 51.07 56.88 84.36
of DNN and HONN with and without pre-training are in the HONN 57.36 60.82 85.20
supplementary material (Supplementary Tables S2-S7). All the hkSVM+HONN  60.41 6059 87.35
results of DNN and HONN reported in the main paper are based NetMHC 55.98 68.76 87.57

on pre-training and fine-tuning.

Using a combination of network and kernel models furthercorrectly order peptides according to their binding strength. This
improves peptide-MHC recognition as evident by the increase ircan be attributed to explicit high-order interaction modeling by our
both area under ROC curve scores (improved “binder” vs “non-method that allows to capture intrinsic binding strength information.
binder” separation) and nDCG metric quality scores (improvedNevertheless, our models can easily use quantitative training data
ranking of peptides by binding strength). (e.g., IC50) to further improve our results.

We note that unlike the previous approaches that utilized To visualize the learned weights of HONN, we us&dnean
quantitative binding information during trainingyo quantitative  hidden units,1 covariance hidden unit, ant factor unit to train
information regarding actual binding strength was used to train ouHONN on the training data of A2402. We obtained AUC score
models. However, even with onlginary training data (i.e., only  86.02 and nDCG scor&5.01 that are slightly worse than the ones
with binding (B) vs non-binding (NB) information), our models in Table[7 andB. In Fig. 4, the factorized ranlknteraction weight
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Fig. 3: ROC curves (top row) and normalized discounted cumulative gain (nDCG) curves (bottom row).

veight vector G, connecling features and covariance factor molecule, but that it is also naturally processed by MHC pathiway
01 vivo.
005 To train our models, we used the data provided by
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005 2012 Machine Learning in Immunology competition (MLI-II)
0.1 http://bio.dfci.harvard. edu/ DFRVLI/ HTM./ nat ur al . phﬂ?
L L o We directly train our models to recognize naturally processed and
omecton weihis bt ean hcen s presented peptides, using “eluted” peptides as a positive set, and all

R R vos other peptides (non-binders + non-eluted binders) as a negative set.
1 Oim We then test our models on the data composed of non-eluted binding &
[ I peptides, non-binding peptides, and naturally processed (“eluted”) @
001 peptidesWe used the same training and test split as specified in the
I l I 002 competition. We compare our approach with the popular NetMHC
20 4 6 feigweiwnggx 20 10 160 180 method, which was used as a benchmark in the competition, as well
as the recently introduced MHC-Nm, m) method
that yielded state-of-the-art accuracy for naturally processed (NP)
peptide prediction.
vector with absolute values greater ttai is shown in the top, and Table[® shows results of naturally processed peptide prediction
the weight matrix connecting input features and mean hidden unitg9-mers) on the test set in terms of AUC, R@Cand F1 scores.
with absolute values greater thai)2 is shown at the bottom. This  Our approach significantly outperforms both NetMHC method and
figure clearly shows that positiay 8, 9, and the interaction between the MHC-NP [(Gigureet all, [2018) method.Table S11 shows the
middle position and positio are very important for predicting performance of hkSVM for the other test alleles with similar
9-mer peptide binding, which has experimental support from themprovements on test peptides with all varying lengths (8-mers to
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Fig. 4: The learned weights of HONN with largest absolute values.
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crystal structure of the interaction compl,). 11-mers).
5.2 Naturally processed (NP) peptide prediction 5.3 Epitope prediction

We test ability of our methods on a difficult task that aims at We demonstrate ability of the method to predict promising peptides
predicting whether a peptide is naturally processed by the MHCor clinical development using as an example WT1-derived strong
pathway (“eluted”). This is a very important task as only a binding peptides WT-TEST-PEPTIDE1 and WT-TEST-PEPTIDE2

fraction of binding peptides (see “MHC-I binding task” in Sec]5.1) discovered by NEC-Kochi Univ. We compare the performance of
constitute a set of peptides that are processed to the surface ofir method and NetMHC by “predicting” in a retrospective way

a cell and may serve as epitopes. Eluted peptide prediction thuhese T-cell epitopes from WT1 antigen. Peptides (441 9-mers) that
aims at verifying whether a peptide not only binds to a given MHC are part of WT1 antigen are ranked by the output scores of NetMHC
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Table 9. Naturally processed (NP) peptide prediction (MLI-II competition).

Comparison of test AUC scores.

Buus, S., Lauemgller, S., Worning, P., Kesmir, C., Frimurer, T., Corbet, S., Fomsgaard,

method AUC ROC-10 ROC-20 ROC-30 ROC-50 A., Hilden, J., Holm, A., and Brunak, S. (2003). Sensitive quantitative predictions
hkSVM 94.75 53.65 65.71 71.48 77.46 of peptide-MHC binding by a ‘Query by Committee’ artificial neural network
HONN 93.17 49.21 5820 64.13 72.73 approach Tissue Antigen2(5), 378-384.

Cole, D. K., Rizkallah, P. J., Gao, F., Watson, N. I., Boulter, J. M., Bell, J. I., Sami,
DNN 91.80 30.48 41.11 51.32 62.92 M., Gao, G. F., and Jakobsen, B. K. (2006). Crystal structure of HLA-A*2402
hkSVM + HONN 94.96 53.65 68.25 74.39 79.59 complexed with a telomerase peptid&uropean Journal of Immunology6(1),
NetMHC 92.26 10.63 28.33 40.21 54.32 170-179.
MHC-NPT 88.06 - - - - Giguere, S., Marchand, M., Laviolette, F., Drouin, A., and Corbeil, J. (2013). Learning
Tquoted from(Gigur I,) a peptide-protein binding affinity predictor with kernel ridge regressidMC

Table 10. Prediction of WT1-derived epitopes
NetMHC-rank hkSVM+HONN-rank

Bioinformatics 14(1), 82.

Gigure, S., Drouin, A., Lacoste, A., Marchand, M., Corbeil, J., and Laviolette, F.
(2013). MHC-NP: Predicting peptides naturally processed by the Mi@rnal of
Immunological Method€100401(0), 30 — 36.

A0201 allele Hinton, G. (2002). Training products of experts by minimizing contrastive divergence.
WT-TEST-PEPTIDE1 2 1 Neural Computation14(8), 1771-800.

WT-TEST-PEPTIDE2 20 2 Hinton, G. (2006). A fast learning algorithm for deep belief nétsural Computation
18, 1527-1554.

A0206 allele Hinton, G. E. (2010). Learning to represent visual infRhilosophical Transactions of
WT-TEST-PEPTIDE1 2 1 the Royal Society B: Biological Scien¢865(1537), 177-184.
WT-TEST-PEPTIDE2 8 3 Hoof, I., Peters, B., Sidney, J., Pedersen, L., Sette, A., Lund, O., Buus, S., and Nielsen,

A2402 allele M. (2009). NetMHCpan, a method for MHC class | binding prediction beyond

humans.Immunogenetic$1(1), 1-13.
WT-TEST-PEPTIDEL 41 2 Kim, Y., Sidney, J., Buus, S., Sette, A., Nielsen, M., and Peters, B. (2014). Dataset size
WT-TEST-PEPTIDE2 7 4

and our method (HONN and hkSVM). The order of the WT-TEST- |j;, . wan, 3., Meng, X.. Flower, D., and Li,

and composition impact the reliability of performance benchmarks for peptide-mhc
binding predictionsBMC Bioinformatics15(1), 241.
T.(2007). In silico prediction of peptide-

PEPTIDE1 and WT-TEST-PEPTIDE2 peptides in the output (out of MHC binding affinity using SYRMHC. In D. R. Flower, editdmmunoinformatics
the 441 peptides) of the two prediction methods is given in Tahle 10. volume 409 ofMethods in Molecular Biologypages 283-291. Humana Press.
As evident from the table, our method ranks these peptides highéfundegaard, C., Lund, O., and Nielsen, M. (2011). Prediction of epitopes using neural

than NetMHC method.
6 DISCUSSION AND FUTURE WORK

network based methodslournal of Immunological Method874(1-2), 26 — 34.
High-throughput methods for immunology: Machine learning and automation.
Min, M. R., van der Maaten, L., Yuan, Z., Bonner, A. J., and Zhang, Z. (2010).
Deep supervised t-distributed embedding Phoceedings of the 27th International

In this paper, we propose using nonlinear high-order machine conference on Machine Learning (ICML-10), June 21-24, 2010, Haifa, Israel
learning methods including HONN and hkSVM for peptide-MHC  pages 791-798.
| protein binding prediction. Experimental results on both public Nié!sen, M., Lundegaard, C., Woming, P., Lauemaller, S. L., Lamberth, K., Buus, S.,
and private evaluation datasets according to both binary and non- Brunak, S.,_and Lund, O. (2003). Reliable predlct_lon of T-cell epitopes using neural
. ; networks with novel sequence representatidhstein Sciencel2(5), 1007-1017.
binary performance metrics (AUC and nDCG) clearly demonstratéyieisen, M., Lundegaard, C., Worning, P., Hvid, C. S., Lamberth, K., Buus, S., Brunak,
the advantages of our methods over the state-of-the-art approachs., and Lund, O. (2004). Improved prediction of MHC class | and class Il epitopes
NetMHC, which suggests the importance of direcﬂy modeling using a novel gibbs sampling approa@&ioinformatics 20(9), 1388-1397.

nonlinear high-order feature interactions across different amind:’eters, B. and Sette, A. (2005). Generating quantitative models describing the

sequence specificity of biological processes with the stabilized matrix megihvd.

acid positions of peptides. Our results are even more encouraging Bioinformatics 6(1), 132.
considering that our models were only trained on a subset of th&anzato, M., Mnih, V., Susskind, J. M., and Hinton, G. E. (2013). Modeling natural
binary binding datasets used by NetMHC and NetMHC was also images using gated MRFSEEE Trans. Pattern Anal. Mach. Intgli35(9), 2206

trained on private quantitative binding datasets.

In the future, we will use available quantitative binding datasets

2222.
Reche, P. A. and Reinherz, E. L. (2007). Prediction of peptide-MHC binding using
profiles. In D. R. Flower, editodmmunoinformaticsvolume 409 ofMethods in

to refine our HONN model with possible deep extensions, and We olecular Biology pages 185-200. Humana Press.
will incorporate the descriptors of structural contacting amino acidsReche, P. A., Glutting, J.-P., and Reinherz, E. L. (2002). Prediction of MHC class |
on MHC proteins into current feature descriptors. The addition of binding peptides using profile motifsiuman Immunology63(9), 701 - 709.

peptide binding strength and structural information will potentially
further improve the performance of our current models.
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