bioRxiv preprint doi: https://doi.org/10.1101/567081; this version posted March 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

EPIC: MHC-I epitope prediction integrating mass spectrometry
derived motifs and tissue-specific expression profiles

Weipeng Hu %3, Si Qiu??, Youping Li***, Xinxin Lin®*, Le Zhang>**, Haitao Xiang?, Xing Han??, Lei
Chen??, Sha Li%**, Wenhui Li%®, Zhe Ren?, GuiXue Hou?, Zhilong Lin? Jianliang Lu?, Geng Liu**, Bo
Li@**°, Leo J Lee@*%°

1. School of Biology and Biological Engineering, South China University of Technology,
Guangzhou 510006, China

2. BGI-Shenzhen, Shenzhen 518083, China

3. BGI-Genolmmune, Wuhan 4300794, China

4. BGI Education Center, University of Chinese Academy of Sciences, Shenzhen 518083,
China

5. Guangdong Enterprise Key Laboratory of Human Disease Genomics, Shenzhen 518083,
China

6. Department of Electrical and Computer Engineering, Donnelly Centre for Cellular and
Biomolecular Research, University of Toronto, Toronto, Ontario M5S 3G4, Canada

Correspondence: |jlee@psi.toronto.edu, libo@genomics.cn

Abstract

Background: Accurate prediction of epitopes presented by human leukocyte antigen (HLA) is
crucial for personalized cancer immunotherapies targeting T cell epitopes. Mass spectrometry
(MYS) profiling of eluted HLA ligands, which provides unbiased, high-throughput measurements
of HLA associated peptides in vivo, could be used to faithfully model the presentation of
epitopes on the cell surface. In addition, gene expression profiles measured by RNA-seq datain a
specific cell/tissue type can significantly improve the performance of epitope presentation
prediction. However, although large amount of high-quality M S data of HLA-bound peptidesis
being generated in recent years, few provide matching RNA-seq data, which makes
incorporating gene expression into epitope prediction difficult.

Methods: We collected publicly available HLA peptidome and matching RNA-seq data of 34
cell lines derived from various sources. We built position score specific matrixes (PSSMs) for 21
HLA-I aleles based on these M S data, then used logistic regression (LR) to model the
relationship among PSSM score, gene expression and peptide length to predict whether a peptide
could be presented in each of the cell line. Comparing the feature weights and biases across
different HLA-I alleles and cell lines, we observed a universal relationship among these three
variables. To confirm this, we built asingle LR model by pooling PSSM scores, gene expression
levels and peptide length features across different HLA alleles and cell lines, and compared its
performance with the allele and cell line specific LR models. Indeed, the predictive powers had
no significant differences across cell lines and HLA alleles, and both substantially outperformed
predictions based on PSSM scores alone. Based on such afinding, we further built a universal
LR model, termed Epitope Presentation Integrated prediCtion (EPIC), based on more than
180,000 unique HLA ligands collected from public sources and ~3,000 HLA ligands generated
by ourselves, to predict epitope presentation for 66 common HLA-I alleles.
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Results: When evaluating EPIC on large, independent HLA eluted ligand datasets, it performed
substantially better than other popular methods, including MixMHCpred (v2.0), NetM HCpan
(v4.0), and MHCflurry (v1.2.2), with an average 0.1% positive predictive value (PPV) of 51.59%,
compared to 36.98%, 36.41%, 24.67% and 23.39% achieved by MixMHCpred, NetM HCpan-4.0
(EL), NetMHCpan-4.0 (BA) and MHCflurry, respectively. It is also comparable to EDGE, a
recent deep learning-based model that is not yet publicly available, on predicting epitope
presentation and sel ecting immunogenic cancer neoantigens. However, the simplicity and
flexibility of EPIC makesit much easier to be applied in diverse situations, especially when users
would like to take advantage of emerging eluted ligand datafor new HLA alleles. We
demonstrated this by generating M S data for the HCC4006 cedll line and adding the support of
HLA-A*33:03, which has no previous M S or binding affinity data available, to EPIC. EPIC is
publicly available at <https://github.com/BGI2016/EPIC>.

Conclusions: we have developed an easy to use, publicly available epitope prediction tool, EPIC,
that incorporates information from both MS and RNA-seq data, and demonstrated its superior
performance over existing public methods.

Keywords: T cell epitope, MHC-I, HLA peptidome, Eluted ligand, Mass spectrometry, RNA-
seg, Neoantigen, Cancer immunotherapy
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Background

T cell epitopes, which are short peptides presented by major histocompatibility complex (MHC)
molecules on the cell surface and recognized by T-cell receptors (TCRS), lie at the heart of the
human immune system that can remove infected and malignant cells. With the rapid progress of
cancer immunotherapies, the mechanistic understanding, computational prediction and clinical
manipulation of T cell epitopes have gathered renewed and widespread interests [1-4]. It iswell
known that peptide binding to MHC molecules is the most selective step in the antigen
presentation pathway [5], and intensive computational efforts have been exerted to predict this
binding process based on peptide sequences (allel e-specific models) or peptide and the
corresponding human leukocyte antigen (HLA) sequences (pan-specific models). Traditionally,
these models are trained on data accumulated from various types of in vitro binding assays,
which can provide quantitative binding affinity measurements between pre-selected peptides and
HLA-I or HLA-1I molecules. However, the requirement of synthesizing peptides beforehand
limited the ability of these assays to perform unbiased, high-throughput screening of the vast
peptide space, and it also did not account for the antigen-loading processin vivo [6]. The recent
advance of mass spectrometry (MS) profiling of HLA ligands, mainly for HLA-I alleles at the
moment, overcomes most of these limitations by providing in vivo measurements of peptides
presented by MHC molecules on the cell surface in a high-throughput manner, although the
resulting measurements are only qualitative (binary).

The value of MS data as contributing to the ultimate prediction of peptide immunogenicity has
been increasingly recognized [6,7], and as aresult, a number of recently developed peptide-MHC
binding prediction methods incorporated some form of MS data, in addition to the traditional
binding assay data[5,8]. For example, NetMHCpan-4.0 trained an ensemble of two hidden layer
neural networks on both affinity and M S data, and was able to make predictions on both types of
outputs. MHCflurry adopted a deep learning framework containing both locally connected and
fully connected layers and was mainly trained on affinity data, but used MS data at the model
selection stage, while M S data could play an even bigger rolein its future releases. Other
methods chose to rely on M S data alone [7,9,10], such as MixMHCpred [9,10], which built
allele-specific position score specific matrixes (PSSMs) after deconvolving mixed-allele M S data,
and the very recent EDGE method [ 7], which used a comprehensive, deep learning model that
pooled together large sets of mono-allele and mixed-allele M S data as well as matching RNA-
seq data. With theincreasing amount of M S data becoming available, we think that it is better to
build separate models for binding affinity (based on binding assay data) and epitope presentation
(based on M S data) since the underlying data generation processes are different. These two
related pieces of information could probably be combined at alater stage to contribute to the
prediction of immunogenicity. The presentation of a peptide by MHC not only depends on
information contained within the protein sequences but is also modulated by other factors such as
protein abundance, localization and turnover [11,12]. Among these, the corresponding gene
expression levels can be conveniently profiled by RNA-seq and have been shown to significantly
improve prediction accuracy, first by the MS IntrinsicEC method on mono-allele cell lines[12],
then more comprehensively by EDGE [7]. Unfortunately, both methods are not yet publicly
available.
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We set out to develop an effective, flexible and publicly available HLA-I epitope prediction
method that takes advantage of large sets of MS and RNA-seq data. We first collected public MS
and matching RNA-seq datasets for 21 HLA-1 alleles, which frequently appear in the European
or Asian population. By carefully examining the contributions of PSSM scores, gene expression
levels and peptide length features to epitope presentation, we were able to effectively model
these variables with a universal logistic regression (LR) model. We then trained such a LR moddl,
termed Epitope Presentation Integrated prediCtion (EPIC), to support 66 common HLA-| aleles.
In the remainder of this article, we first describe our design rationale in detail, followed by
comprehensive evaluation of EPIC on large, independent M'S and immunogenic datasets as well
as auser case showing its extendibility, before concluding with some discussions on future
improvements and research directions. We believe EPIC is atimely contribution to the research
community of cancer immunotherapies.

Methods
Collection of MSand RNA-seq data

We collected matching MS and RNA-seq datafrom 16 mono-allele HLA-A and HLA-B cdll
lines[12] and 18 mixed-allele cell lines[13] to build the EPIC model. We also collected M S data
of 15 mono-allele HLA-C cdll linesfrom Di Marco et a [14], deconvolved M S data of 26 more
HLA aldesfrom SysteMHC [15] and a small portion of mixed-allele M S data released with
EDGE [7] to expand the allele coverage of EPIC. Detailed information of all MS data used in
building EPIC is provided in Table S1. To perform independent evaluation of EPIC, we further
downloaded M S data from Trolle et al [16] and Bassani-Sternberg et al [11], in addition to test
data reserved from Pearson et al [13] and Bulik-Sullivan et al [7].

Construction of allele and tissue-specific EPIC (EPIC_s)

From the matching M S and RNA-seq data collected from public sources[12,13], we first built
LR models to predict epitope presentation for 21 alleles. Thisincluded all 16 mono-allele data
profiled in Abelin et al [12], aswell asfive more alleles (HLA-A*11:01, HLA-A*32:01, HLA-
B*15:01, HLA-B*40:01, HLA-B*07:02) selected from Pearson et al [13], which frequently
appear in the Chinese population [17]. For mono-allele M S data, we built PSSMs directly, as
described in Liu et a [18]. For mixed-allele M S data, we performed motif deconvolution by
GibbsCluster [19] followed by manual inspection to assign peptides to different HLA alleles,
before building PSSM's. For each HLA allele, we also obtained an empirical probability mass
function (pmf) to depict the length distribution of 8-15-mers based on the allele-specific MS data.
All RNA-seq datasets were downloaded and re-processed with the same pipeline to ensure
consistency. Specifically, raw fastq files were cleaned by fastp (version 0.18.0) [20] and aligned
to human genome assembly GRCh38 and its associated transcriptome (Ensembl Release 92) with
STAR (version 2.5.3a) [21]; gene expression (transcripts per million or TPM) was quantified by
RSEM (version 1.3.0) [22] based on the alignment. After obtaining the allele and tissue-specific
PSSM, peptide length distribution and gene expression, we built a LR model to predict peptide
presentation, and the process is sketched in Figure 1A.
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For each allele, length-specific PSSMs were built for those peptides that have enough M S data.
To fully utilize the training data and avoid overfitting, we used the stacking method [23] to build
PSSM (see supplementary materials, Fig S1). PSSM is a simple model that does not require
much data to reach its optimum performance. To quantify this, we used subsampling to build
PSSM models for different lengths of peptides to predict epitope presentation and tested their
performance on various alleles. As shown in Figure 1B, the performances of PSSM models reach
saturation when having 100-200 peptides in the training set. We selected 100 as a cutoff to build
length-specific PSSM models for up to three most abundant lengthsin each allele (9-11-mers or
8-10-mers, depending on the allele, detailsin Table S1), and this allowed us to make use of 74%-
96% of M S profiled peptides across different alleles. The allele and tissue-specific EPIC
(EPIC_s) aso incorporated the peptide length distribution and the corresponding gene expression
levels. The peptide length feature is the corresponding probability in the empirical pmf of
peptide length distribution. Expression values of a peptide is calculated by summing up the
expression levels of all transcripts containing the peptide (in TPM) before transformed by
log2(TPM+1). For the mono-allele cell linesin Abdlin et al [12], transcript expression levels are
taken asthe average of the four cell lines with RNA-seq data available; similarly, for the mixed-
alele cell linesin Pearson et al [13] , transcript expression levels are averaged over the 10 cell
lines with RNA-seq data available. All three features were further normalized to be zero mean,
unit variance Gaussian before using asinputsto a LR model with weak L2 regularization
implemented in scikit-learn 0.19.0 [24]. M S profiled peptides can only provide a positive
training set for our model. To generate the negative set, we randomly sampled the human
peptidome to obtain peptides of the matching length and remove those that overlap with the
positive set. Adopting the same strategy as in NetMHCpan 4.0, we used more negative peptides
than positive onesto train EPIC_s. For example, if the positive set contains 9-11-mers with the
most abundant 9-mers having a size of n, we then generate a negative set with 10n peptides for
each length (30n intotal). To evaluate our model by 0.1% positive predictive value (PPV), we
further generated 999-fold decoy peptides that overlapped with neither the positive nor the
negative sets used in training. Five-fold cross validation was used to evaluate EPIC_s during
training, and to compare with the full EPIC model described next.

Building the EPIC model

To build the full EPIC modé for the above 21 alleles from different cell lines, we pooled al the
PSSM scores, peptide length distributions and corresponding gene expression levels together to
train asingle LR model (Figure 1C). The same negative and 999-fold decoy peptide sets as
described above were also used in training and evaluating EPIC. Five-fold cross validation was
used to evaluate EPIC during training, while the full training set was used to build the final EPIC
model and it was evaluated on independent test data. To expand the number of HLA alleles that
EPIC can support, mono-allele HLA-C M S data from Di Marco et a [14], deconvolved M S data
from SysteMHC [15] and some mixed-allele M S datareleased by EDGE [ 7] were used to learn
PSSMs for these additional HLA alleles. We also generated additional M S-data for the
HCC4006 cell line in order to support HLA-A*33:03 in EPIC, and the procedure is described as
auser case in the Results section.

I mmunogenicity evaluation


https://doi.org/10.1101/567081
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/567081; this version posted March 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY-NC-ND 4.0 International license.

The immunogenic dataset used in this paper isthe same asin Bulik-Sullivan et al. [7], which
contains 2,023 assayed mutations from 17 patients with annotated HLA information from four
previous studies [25-28]. In three of the four studies [25,26,28] , mutations were tested using
25mer tandem minigene (TMG) assays. For each mutation in these datasets, we used EPIC,
MixMHCpred 2.0, NetMHCpan4.0-EL, NetMHCpan4.0-BA, MHCflurry 1.2.2 to make
predictions with respect to the HLA alleles of each patient for overlapping 8-11mers that harbor
the mutation, and the score of the mutation is takes as the best score among these peptides (EPIC:
highest presentation probability; MixMHCpred 2.0: highest predicted score; NetM HCpan4.0-EL
and NetMHCpn4.0-BA: lowest rank score; MHCflurry 1.2.2: minimum binding affinity). We
then ranked the mutations according to the best score from each software. For the fourth study
[27] , we ranked mutations by taking the best score from each software across all mutation-
spanning peptides tested in the tetramer assays. To compare EPIC with EDGE on predicting
immunogenic peptides, we excluded the peptides whose immunogenicity was undetermined as
described in Bulik-Sullivan et al. We retrieved atotal of 31 immunogenic epitopes from the
original studies, which is dlightly different from the number 29 reported in Bulik-Sullivan et al.
Since the epitope prediction scores by EDGE was not available, we directly compared its
immunogenic prediction results with EPIC.

MS profiling of HCC4006 HL A-1 peptidome

HLA-I peptidome samples for HCC4006 were prepared according to the literature [11]. They
were then analyzed by LC-MS/M Sto obtain peptide M S spectra, and full details of the
experimental procedure are provided in the Supplementary Material. We employed the MS-GF+
search engine version 2018.07.17 [29] to search the peak lists against the UniProt databases
(161,521 entries for human as of December 2017) and a file containing 245 frequently observed
contaminants such as human keratins, bovine serum proteins, and proteases. N-terminal
acetylation (42.01 Da) and methionine oxidation (15.99 Da) were set as variable modifications.
The enzyme specificity was set as unspecific. Theinitial allowed mass deviation of the precursor
ion deviation was set to 10 ppm. Possible peptide lengths were restricted to 8 to 15. Possible
precursor charges were restricted to 2 to 5. Range of allowed isotope peak errors was restricted
to -1 to 2. Percolator version 3.02.0 was applied as a post-processing step for result filter [30].
The q value cutoff was set as 0.01. From the “pout.tab” output file produced by percolator, hits
to the contaminants were eliminated.

Results
EPIC_sand EPIC achieve smilar performance on epitope presentation prediction

After building the EPIC_s models for 21 HLA alleles, we first examined the distribution of
weights and biases among these 21 models. As shown in Figure 2A, the corresponding weights
and biases distributed quite tightly. Furthermore, when displaying these 21 sets of the weights
and biases as hive plots (Figure 2B), they share very similar inter-relationships and seem to be
mostly differ by a scaling factor, which islikely caused by somewhat different influences of L2
regularization in each model. Therefore, we suspect that asingle LR model might be able to
capture the relationship among PSSM score, length feature and gene expression aswell. To
confirm this, we pooled the data from all 21 allelesto train asingle LR model (EPIC) to compare
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with the EPIC_s models. As shown in Figure 3A, when evaluating across different alleles
originating from the same cell line, the performances (0.1% PPV with 5-fold cross validation) of
EPIC and EPIC_s are quite similar. The mean 0.1% PPV of EPIC is dightly better (0.5741 vs
0.5692), likely due to the more training data available to EPIC, but such adifferenceis not
statistically significant (P = 0.1385, paired t-test), and both substantially outperformed
predictions based on PSSM scores alone (the mean 0.1% PPV of PSSM is0.4421).We also
performed similar analyses for the same HLA alleles across different cell lines with diverse
tissue origins and thus diverse gene expression profiles (Figure 3B). When comparing 0.1% PPV
of EPIC and EPIC_s, EPIC is not worse than EPIC_s overall, and even notably better for some
cell lines (Figure 3C-F), also likely due to the larger training set of EPIC. Based on these
comparisons, we concluded that developing auniversal LR model, EPIC, to account for the
relationship among these three variables is a valid approach. This seemly ssimple strategy has
substantial practical values, since the EPIC model trained on the selected 21 HLA alleles and cell
lines from two different tissue origins can now be straightforwardly extended to previously
unseen HLA alleles and tissues without adjusting the model parameters of LR, or requiring extra
RNA-seq data for training. We did so for 44 more HLA alleles by incorporating public mono-
alele [14] and deconvolved mixed allele[7,15] M S data. We aso generated our own M S data
for this purpose, and this will be demonstrated as a user case after evaluating EPIC against other
methods.

EPIC sgnificantly outperformsother existing methods

We evaluated EPIC against MixMHCpred (v2.0), NetMHCpan-4.0 (EL), NetMHCpan-4.0 (BA),
and MHCflurry (v1.2.2) on independent validation M 'S datasets collected from public sources,
which contained 30 M S datasets and was not used in the training of EPIC. EPIC significantly
outperformed other methods with mean 0.1% PPV of 51.59%, compared to 36.98%, 36.41%,
24.67% and 23.39% achieved by MixMHCpred, NetMHCpan(EL), NetMHCpan (BA) and
MHCflurry, with highly significant p-values (P = 1.263e-11, 1.075e-11, 5.267e-15, 1.659e-14,
respectively). The advantage of EPIC persists after applying additional expression value cutoffs
to other methods and the differences are still highly significant, as shown in Figure 4A. Full
comparisons for each validation dataset are provided in Figure S2. The recently developed
EDGE method has also been shown to excel at epitope presentation prediction comparing to
existing methods, but sinceit is not publicly available, we were not able to do a fair comparison.
However, we made some qualitative comparisons to show that the performances of EPIC and
EDGE are comparable, and more details are provided in the Discussion section. Overall, the
results on independent M S validation sets showed the clear advantage of EPIC in predicting
epitope presentation.

EPIC isvaluable to immunogenicity prediction

For cancer immunotherapies, as well as other clinical applications, the ultimate task is usually to
predict the immunogenicity of an epitope. While this remains an elusive goal in general [31], it
has recently been shown that accurate prediction of epitope presentation can significantly
improve immunogenicity prediction [7]. Therefore, we downloaded the same dataset as used in
Bulik-Sullivan et al [7], which was collected from four previous publications [25-28] that
consists of 26 SNV's and 31 neoantigens with pre-existing T-cell responses among 2,023 assayed
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single nucleotide variants (SNV's) from 17 patients, to evaluate our methods against others. We
first asked if theincreased accuracy of EPIC over other publicly available methods on epitope
presentation could tranglate into better immunogenicity prediction. To quantify this, we plotted
the precision recall curves (PRCs) by ranking all SNVs scored by different methods, where the
score of a SNV isthe maximum score of all possible epitopes generated by the SNV. EPIC’ area
under PRC (AUPRC) was more than twice that of other methods, and kept advantages when we
applied expression value threshold of 1 or 2 TPM to other methods’ prediction (Figure 4B and
Figure S3). We also compared EPIC with EDGE at the level of ranking mutations and minimal
epitopes (the recognized 8-11-mers overlapping the mutation) as originally donein Bulik-
Sullivan et a [7]. EPIC is very comparably to EDGE on these two evaluations, especially for the
top 10 and top 20 ranked mutations and epitopes. When prioritized the mutations, the number of
immunogenic SNVs ranked in the top 20, 10, and 5 were 18 (69.23%), 16 (61.54%%) and 11
(42.31%) for EPIC, and 19 (73.08%), 18 (69.23%) and 12 (46.15%) for EDGE (Figure 4C).
When prioritized the minimal epitopes, EPIC ranked 15 (48.39%), 12 (38.71%) and 5 (16.13%)
CD8+ recognized epitopes in the top 20, 10 and 5. Therefore, despite being a much ssimpler
mode trained with less data comparing to EDGE, EPIC is also quite valuable for
immunogenicity prediction in neoantigen-based cancer immunotherapies and is a significant
improvement over other publicly available methods.

EPIC can be extended to support more alleles by incor porating new M S data

Having established the superiority of EPIC over other publicly available methods, we now
provide a detailed example of how to incorporate new MS datainto EPIC to expand its supported
HLA alees. In this example, the allele that we are particularly interested inis HLA-A*33:03,
which appears often in the Chinese population but with no MS or binding affinity data available
prior to this publication. We first performed M S profiling of eluted HLA ligands on the
HCC4006 lung cancer cell line, which is homozygous on all three HLA alleles (HLA-A*33:03,
HLA-B*44:03 and HLA-C*07:06, respectively). Upon deconvolution of MS data by
GibbsCluster and removing the trash cluster, we were only able to obtain two clusters, likely due
to the low expression of HLA-C alleles. We were able to assign one of the clustersto HLA-
B*44:03 by comparing to the known motif of HLA-B*44:03 obtained from mono-allelic HLA-
B*44:03 cdll line [12]. We believe the other cluster should belong to HLA-A*33:03, since the
motif is quite similar to the A33:03 motif predicted by NetMHCpan-4.0 in its pan-specific mode
(although binding affinity has not been directly profiled for thisallele) and ~80% of the peptides
in this cluster has binding affinity < 500nm to HLA-A*33:03 as predicted by NetMHCpan-4.0.
To further check on this, we also performed t-SNE [32] analysis for the peptidesin this cluster,
together with peptides of HLA-* A02:01 and HLA-A*11:01 in EPIC’ straining set. As shown in
Figure $4, peptides from this cluster is much closer to those from HLA-A*11:01 than HLA-
A*02:01, consistent with the fact that HLA-A*33:03 and HLA-A*11:01 belong to the same
HLA supertype while HLA-A*02:01 belongs to a different supertype. Based on these evidences,
we confidently assigned this cluster to HLA-A*33:03. By inputting these HLA-A* 33:03-specific
peptidesto EPIC, it can learn the corresponding PSSM and length distribution and add HLA-
A*33:03 to its supported alleles. The overall work flow isillustrated in Figure 5. Similarly, we
also took advantage of the M S data recently released by the EDGE paper [7] to add three more
supported alleles (HLA-A*33:01, HLA-B*13:02, HLA-B*15:03) to EPIC, making the total
number of supported HLA allelesto be 66.
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Discussions

Traditionally, mixed-allele M S data has been deconvolved based on affinity predictions by pan-
specific methods such as NetMHCpan, with slightly varying strategies adopted by different
groups[12,13,33]. A notable drawback of such an approach isthat it depends on the accuracy of
affinity prediction to different HLA alleles, which could be particularly imprecise for those with
limited or no training data. Unfortunately, this often coincides with the previously unsupported
aleles that need to be added to EPIC, such as the A33:03 allele in the above example.
Furthermore, peptides presented by MHC molecules in vivo may have different sequence
properties than those measured by binding assays in vitro, thus some informative M S profiled
peptides could be excluded by affinity-based deconvolution. We chose to use GibbsCluster, an
unsupervised learning method that can handle variable length peptides, in order to provide
unbiased training datato EPIC. To confirm that GibbsCluster performed adequately for this
purpose, we carried out several analyses on the mixed-allele M S data in Pearson et al [13], using
the mono-alledle MS datain Abelin et a [12] asthe reference. For a number of allelesin Pearson
et a [13] that has corresponding mono-allele datain Abelin et a [12], we used both affinity-
based method as described in Pearson et al [13] and GibbsCluster [19](with default parameters)
to do deconvolution. As shown in Figure S5, both deconvolution methods generated motifs that
were very similar to those obtained from mono-allele data, as measured by motif distances
defined by Bassani-Sternberg et al [9] . By using both versions of deconvolved M S datato train
simple PSSM models and tested on the corresponding mono-allele data, they also achieved very
similar 0.1% PPVs (Figure S6). However, in all cases, GibbsCluster was able to retain more
peptides in each cluster, sometimes considerably more (Table S2), and this facilitates training
more accurate epitope presentation models. The deep learning-based EDGE method was also
trained on a mixture of mono-allele and mixed-allele M S data, but it did not explicitly perform
deconvolution before model training. Instead, it incorporated the allele information in an
integrated model and implicitly performed “soft” clustering during training. While such an
approach is undoubtedly more sophisticated, deconvolution as an intermediate step helpsto
provide intuitions on allele-specific binding properties. We believe this could be an advantage of
EPIC, especially since the performances of EPIC and EDGE don't differ that much, as discussed
next.

The recently developed EDGE method has been shown to be almost an order of magnitude better
than affinity-based models (mainly MHCflurry v1.2.0) on epitope presentation prediction, but it
should be noted that the evaluation criterion of Bulik-Sullivan et al [7] was different from what
we used here. While we used the more popular 0.1% PPV, i.e., positive to negative ratio or
prevalence of 1:1,000, the EDGE paper used prevalence of 1:2,500 to 1:10,000 instead. In order
to make a better comparison, we also evaluated EPIC on PPV at 40% recall with a1:2,500 to
1:10,000 prevalence using our test data. As shown in Figure S7, the advantage of EPIC becomes
more substantial and it achieved a more than 10-fold improvement over MHCflurry with
1:10,000 prevalence. Combined with the fact and EPIC and EDGE performed similarly on the
same immunogenicity test data, we concluded that the performances of EPIC and EDGE should
be quite comparable, although we were not able to run EDGE directly. EPIC isamuch simpler
model comparing to EDGE, but they are both trained on large-scale MS and RNA-seq datasets.
This aso implies that the performance gain achieved by EDGE should to alarge degree
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attributed to the large-scale training data, which might be even more important than its deep
learning framework. Neverthel ess, using more advanced machine learning techniques to better
take advantage of even larger training sets and account for more contributing factors to epitope
presentation is clearly an important future research direction of EPIC. However, immunogenicity
prediction in aclinical setting depends on more than epitope presentation [34-36], and we
believe it isimportant to account for the extra factors contributing to immunogenicity aswell. To
that end, community efforts to generate more immunogenicity data and improved experimental
techniques to profile TCR and peptide-MHC interactions [37,38] might lead to larger datasets
and deeper biological understanding that can eventually enable accurate predictions of
immunogenicity.

Conclusion

In this paper, we have developed a user-friendly, publicly available epitope prediction tool, EPIC,
that incorporates information from both MS and RNA-seq data. It significantly outperforms

other publicly available tools and can be easily extended to support more HLA alleles when new
MS data becomes available. We believe EPIC is atimely contribution to the community to
advance cancer immunotherapies and beyond.
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Figurelegend
Fig. 1 Construction of EPIC_sand EPIC. a) Construction of allele and tissue-specific EPIC
(EPIC 9).

b) Saturation analysis of PSSM models.

¢) Construction of EPIC.

Fig. 2 Relationship among weights and biases of 21 EPIC_s models. a) Boxplot for feature

weights and biases of EPIC_s models: PSSM s contributed most to the prediction, followed by
expressions and peptide lengths.

b) Hive plots demonstrating the similar inter-rel ationships among the feature weights and
biases of different EPIC_s models, where the negative biases have been inversed for plotting.

Fig. 3 Predictive performance comparison of EPIC and EPIC_s. @) Performance comparison of
EPIC and EPIC_s across different aleles originating from the same B céll line.

b) Gene expression profiles of different cell lines used in EPIC and EPIC_s; genes
presenting peptides in at least one cell line were sel ected.

c-f) Performance comparison of EPIC and EPIC_sfor the same allele originating from
different cell lines.

Fig 4. Predictive performance comparison of EPIC and other methods. @) Predictive performance
of EPIC and other publicly available methods on independent M S dataset. The evaluation dataset
was obtained from four publications that contained a total of 30 M S datasets, including 16
different tissue originsand 17 HLA alleles. The mean 0.1% PPV of these 30 datasets were
displayed. EPIC significantly outperformed other methods with different expression filtering
thresholds (TPM >0, > 1, > 2), and pairwise P-values (paired t-test) for TPM > 2 were shown in
the plot.

b). Precision-recall curves of EPIC and other publicly available methodson T cell responses
data. Other methods' predictions were made with expression threshold of TPM > 0. Comparisons
of EPIC and other methods with TPM > 1 and TPM > 2 were displayed in Fig S2.

c¢) Predictive performance of EPIC and EDGE on immunogenic SNV's. EDGE’ s performance
was recal culated according to the supplementary data 3c of the original paper.

d) Predictive performance of EPIC and EDGE on minimal epitopes. EDGE’ s performance
was taken from Figure 4 of the original paper.

Fig 5. The workflow of adding new allele HLA-A*33:03 to EPIC’ s supported allele repository.
HCC4006 is homozygous on all three HLA alleles (HLA-A*33:03, HLA-B*44:03 and HLA-
C*07:06, respectively). Presented peptides from HCC4006 were identified by M S (see Methods).
The derived peptidome was then deconvolved using GibbsCluster2.0. Apart from atrash cluster
of 67 peptides, two peptide clusters were identified. One cluster matched the sequence motif of
B4403 (derived from HLA-B*44:03 mono-allelic dataset [12]), and the other matched the
sequence motif of A33:03 derived from NetMHCpan4.0 online motif reviewer. Noted that due to
the lack of training data, NetM HCpan4.0 generated the A33:03 motif based on training data from
other HLA alleles in a pan-specific mode, which could explain the slight difference between the
motif we discovered and the NetMHCpan-4.0 provided. We then inputted the HLA-A*33:03-
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specific peptidesto EPIC, which could learn PSSM and length distributions automatically, and
resulted in an updated version of EPIC that could support the newly added allele.
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