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Post-translational modifications reshape
the antigenic landscape of the MHC |
immunopeptidome in tumors
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Merav D. Shmueli®', Guo Ci Teo®*, Felipe da Veiga Leprevost©4, Eilon Barnea®, Fengchao Yu®4,
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Post-translational modification (PTM) of antigens provides an additional source of specificities targeted by immune responses
to tumors or pathogens, but identifying antigen PTMs and assessing their role in shaping the immunopeptidome is challenging.
Here we describe the Protein Modification Integrated Search Engine (PROMISE), an antigen discovery pipeline that enables the
analysis of 29 different PTM combinations from multiple clinical cohorts and cell lines. We expanded the antigen landscape,
uncovering human leukocyte antigen class | binding motifs defined by specific PTMs with haplotype-specific binding prefer-
ences and revealing disease-specific modified targets, including thousands of new cancer-specific antigens that can be shared
between patients and across cancer types. Furthermore, we uncovered a subset of modified peptides that are specific to can-
cer tissue and driven by post-translational changes that occurred in the tumor proteome. Our findings highlight principles of

PTM-driven antigenicity, which may have broad implications for T cell-mediated therapies in cancer and beyond.

patibility complex (MHC) molecules holds great promise

for T cell therapies and immunotherapies. Peptides derived
from foreign pathogens and self-proteins that have undergone
disease-related changes, such as mutations'~*, may elicit an immune
response. Similarly, post-translational modifications (PTMs)
such as phosphorylation, citrullination or glycosylation®"* may
also occur on presented antigens, which have been reported to
modulate antigen presentation and recognition”. For example,
such changes in the antigenic landscape were reported in clinical
phospho-proteomic analysis of breast and lung cancer, uncovering
differential activation of cellular pathways'*'>. However, with more
than 200 different types of PTMs and the technical difficulties in
detecting them, whether and to what extent such PTM-driven alter-
ations expand our landscape of antigenic targets in cancer remained
under-explored.

Current approaches for neoantigen discovery rely mostly
on genomic or transcriptomic data'®, combined with computa-
tional prediction tools for human leukocyte antigen class I (HLA
I) binding-*". Such approaches are geared toward identifying
neo-antigens generated by mutations or noncanonical amino acid
sequences™. Because they are focused on the pretranslational level,
they lack direct information on the state of modification of the pep-
tides. Another approach relies on the identification of HLA I-bound
peptides by immunoprecipitation of the MHC/HLA-peptide com-
plex from the surface of cells and eluting the bound peptides before

| argeting tumor antigens that are bound to major histocom-

mass spectrometry (MS)-based analysis (that is, immunopeptido-
mics). MS analysis and the identification of peptides are done by
comparing the peptides detected by the instrument to a reference
dataset containing all possible theoretical peptides across the pro-
teome®. Thus, to detect PTMs on such peptides, it is necessary to
have the relevant reference sequence that contains the same mass
shift imparted by the modification. As each additional modifica-
tion increases the number of theoretical peptide possibilities in
the search space exponentially, the search time becomes a limit-
ing factor. Many approaches, to cope with the exponential growth
of the search space when searching for PTMs, have recently been
implemented (open search*, de novo™) in various MS analysis tools
(MetaMorpheus®, PEAKS PTM)**. To date, however, the vast
majority of PTMs, and combinations thereof, have not been exam-
ined in the immunopeptidome.

To address these challenges and examine the potential land-
scape of modified peptides bound to HLA I molecules in a system-
atic and unbiased manner, we developed a Protein Modification
Integrated Search Engine (PROMISE). Our computational pipeline
allows for combinatorial detection of multiple PTMs without prior
biochemical enrichment. By examining data generated from 210
samples, including patient-derived tumor samples and cancer cell
lines, we found thousands of new modified HLA I-bound peptides.
Notably, some of these modified peptides reside within known
cancer-associated antigens or cancer driver genes, offering a new
class of antigens, that may be further examined in the context of
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immunotherapy. By systematically analyzing the locations of PTMs
on MHC-eluted peptides, we uncovered PTM-driven motifs across
many haplotypes, in many cases altering the anchoring positions or
the middle region of the peptide, which is associated with the T cell
recognition region. We further confirmed these observations by
using structural three-dimensional (3D) modeling. We compared
the immunopeptidome of mouse colorectal cancer to the healthy
tissue immunopeptidome, finding peptides that were unique to
the tumors and passed spectrum validation. Finally, by extending
our analysis to a breast cancer cohort from the Clinical Proteomic
Tumor Analysis Consortium (CPTAC') database, we revealed
cancer- and site-specific modifications. Such sites were identical
to the ones we found in modified antigens, bringing insight into
metabolic changes and the altered modification landscape induced
by the cancerous state. Collectively, our systematic identification of
modified peptides and their impact on HLA I binding and recogni-
tion should broaden our understanding of the effects PTMs may
have on defining tumor-host interactions.

Results

Establishment of PROMISE. The assignment of peptides that
were detected by the MS instrument to their cognate amino acid
sequence is based on the reference proteome that is provided to
the analysis software. As such, peptides that are eluted from HLA
I molecules may only be identified if they match a specific ‘theo-
retical’ peptide in a defined search space (that is, reference pro-
teome). Peptides that are detected by MS but cannot be matched
or assigned to any sequence are considered as the ‘dark matter
of the proteome’ (ref. ). The dark matter of the proteome may
include all sequences that deviate from the encoded amino acid
sequence of proteins, such as mutations, noncanonical transla-
tion products, fusion proteins and spliced peptides or PTMs*>*0-34,
For the last of these, identifying modified peptides that may be
presented on HLA I molecules, in a systematic manner, remains
a challenge due to the huge search space of endogenous peptides
with the numerous possibilities of protein modifications. In recent
years, several approaches were implemented to cope with this chal-
lenge (MetaMorpheus®, PEAKS PTM), offering state-of-the-art
solutions to peptide assignment. Here we developed PROMISE,
which relies on the ultrafast MSFragger® software for compari-
son between theoretical peptides and the peptide captured in
the instrument (for details, see Supplementary Information).
PROMISE simultaneously searches HLA immunopeptidomics data
against multiple modification types that are not identified by stan-
dard analysis (Fig. 1a). Modifications identified by PROMISE can
indicate either PTMs that represent the altered protein state in the
cell or modifications that may have been introduced during sample
processing (for example, carbamidomethylation® and deamida-
tion”*). Nevertheless, incorporation of diverse types of modifica-
tions to the search space allows us to choose the best match for the

detected peptides and assign peptides that would otherwise not be
identified. Only peptides that match better to a theoretical peptide
with a modification than all other possible matches to the encoded
amino acid sequences in the proteome (Methods) are defined as
modified peptides by PROMISE. To ascertain that the distributed
architecture of PROMISE does not alter the peptide spectrum
assignments of MSFragger, we chose a small set of modifications
and analyzed them by both PROMISE and stand-alone MSFragger.
The spectral assignments from the same subset of data were 99.2%
identical (Fig. 1b).

To use the full potential of PROMISE, we defined a broad range
of PTMs comprising 29 modification combinations of 12 modifi-
cation types (36 mass shifts; Table 1) on 16 different amino acids
and protein termini (termed hereafter ‘multi-modification search’).
These include modifications such as methylation, acetylation, phos-
phorylation, citrullination, ubiquitination, SUMoylation, oxidation,
deamidation, cysteinylation and carbamidomethylation. We then
ran this multi-modification search to analyze previously published
high-resolution HLA I immunopeptidomics data (PRIDE iden-
tifications: PXD004894 (ref. /), PXD000394 (ref. *), PXD006939
(ref. °), PXD003790 (ref. *') and PXD009738 (ref. **) of patient
tumor tissues (n=35) or healthy adjacent tissue (n=5), cancer
cell lines (n=13) and tumor-infiltrating lymphocytes (n=2).
However, because a multi-modification search increases the search
space (Methods and Supplementary Information), we needed to
ensure that we are not increasing identifications merely by alter-
ing the false positive rate. Therefore, we used a subgroup false
discovery rate (FDR) at 5% by splitting spectra into different
groups based on the modification state, thereby using a stricter
FDR cutoff on the modified peptides than on the unmodified
ones (Fig. 1c). Indeed, the probability of true peptide spectrum
matches (PSMs), as calculated by PeptideProphet”, was higher
in the group of modified peptides compared to their unmodified
counterparts (Fig. 1d).

We next set out to characterize the enrichment in peptide iden-
tification with PROMISE compared to the original search criteria
used in the previous studies, which in most of our datasets included
methionine oxidation and protein N-terminus acetylation (termed
hereafter ‘standard search’). The multi-modification search identi-
fied 32,798 modified peptides (Supplementary Data 1), of which
12,228 were unique to the multi-modification search, thereby enrich-
ing the total pool of immunopeptides identified by 3.7% (Fig. le
and Extended Data Fig. 1). While the amino acid compositions
of the immunopeptidome were similar between the standard
search and PROMISE, we saw an enrichment in amino acids
that can carry modifications when comparing the modified and
unmodified peptide subsets (Fig. 1f,g). For example, as previously
described”, cysteines are consistently under-represented in immu-
nopeptidomics analyses, yet these constituted 2% of the modified
immunopeptidome (Fig. 1g). As expected, most of the modified

>
>

Fig. 1| Computational pipeline for global search of PTMs on HLA I-bound peptides enriches identifications. a, PROMISE allows for the systematic
detection of modifications on HLA I-bound peptides. b, Scatter plot of the intensity of PSMs as identified in stand-alone MSFragger or PROMISE distributed
search. Spearman correlation, p=0.98. ¢, Global FDR relies on the distribution of decoy PSMs compared to the correctly assigned (true) hits (light

gray; left distribution compared to the right distribution in black). Subgroup FDR divides all the PSMs and counterpart decoys into unmodified (middle;
shades of blue) and modified (bottom; shades of red) peptides. The FDR cutoff is calculated for each group separately, resulting in a more strict cutoff

for modified PSMs. d, PeptideProphet probability score binned for unmodified (gray) and modified (dark red) PSMs. The subgroup FDR cutoff results in a
higher probability of true peptide matches for modified than unmodified PSMs. e, PROMISE identification enrichment. Top, 10% of the immunopeptidome
contains modifications and 3.7% are unique peptides with modifications that were identified through PROMISE. Bottom, pie chart of the 10% of modified
peptides identified in the standard and multi-modification searches performed. Of 32,798 modified peptides identified in the analysis, 37.29% were unique
to PROMISE (dark red). f.g, The amino acid composition of the peptides identified compared for the standard and PROMISE search (f) or the unmodified
and modified subsets of peptides in the PROMISE search (g). Circle size and color indicate the log, transformed ratio of amino acid abundance between
the two subsets. h, Peptides identified in PROMISE binned by number of modifications. i, When viewed by modification site, 19,630 positions were uniquely
identified by PROMISE in the immunopeptidomics datasets analyzed. These sites are presented in a pie chart divided by modification type and amino acid
modified. j, Peptide length distribution (density as a percentage of total peptides) per modification type.
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peptides carried only one modification (Fig. 1h). In total, we iden-
tified 19,630 modification sites (from 12,228 peptides) that were
unique to PROMISE, 88% of which contained modification types
that are not included in a standard search (Fig. 1i). We next ana-

subset (Fig. 1j).
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lyzed the length distribution per modification type and observed
that acetylation, citrullination, dimethylation, SUMoylation and
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Table 1| Description of the different combinations of PTM types and amino acids comprising the set searched against in our analysis

Modification name Amino acid Mass shift UNIMOD UNIMOD classification Remark

accession no.

Methionine oxidation M 15.99490 35 Artifact Technical—common chemical
nonenzymatic modification;
appears in most MS
searches’®

Protein N-terminus [X]@N-terminus 42.01060 1 Multiple Biological

acetylation

Phosphorylation YTS 79.96633 21 PTM Biological

Acetylation K 42.01060 1 Multiple 7 Biological

Methylation CHNQKRILDE 14.01565 34 PTM Biological

Dimethylation KR 28.0312 36 PTM Biological

Oxidation WHKPC 15.99490 35 KPC—PTM KPC—biological,

WH—artifact WH—technical’®

Deamidation NQ 0.98402 Artifact Technical

Citrullination R 0.98402 PTM Biological—enzymatic
modification

Ubiquitination K 57.0215 (G) 1263 Other Biological

114.0429 (GG) 121 Other
270.144 (GGR) - -
383.228103 (GGRL) 535 Chemical derivative
Sumoylation K 215.0906 (GGT) - - Biological—G and GG—
343149184 (GGTQ) 1293 Other cannot dlStlngUlSh between
ubiquitin, Sumo or FAT10
FAT10 K 227127 (GGI) = = Biological
330.136176 (GGIC) 1990 PTM
Cysteinylation C 119.004099 312 Multiple Technical
Carbamidomethyl C 57.021464 4 Chemical derivative Technical—used as fix

Global identification of PTM motifs in HLA I peptides. We next
examined the enriched peptide repertoire to understand the impact
that PTMs have in shaping the cancer immunopeptidome. First,
we asked whether a given PTM has the tendency to be in certain
positions within the peptide. A broad view across different types
of modifications (Supplementary Data 2) revealed that some modi-
fications have a distinct site preference (Fig. 2a). For example, as
previously shown®’, serine phosphorylation predominantly falls in
the fourth position of the peptide, while methylation is distributed
evenly across the peptide (Fig. 2a, light green). Further, we found
that oxidation and cysteinylation are enriched at the end of the pep-
tide (toward the C terminus) and carbamidomethyl is enriched in
the third position, while cysteinylation is under-represented at the
second position.

Next, we explored whether the distribution of these PTMs is dis-
tinct from the underlying distributions of the amino acid residues
that they modify. In addition, we also examined an unbiased and
broader background distribution by collectively defining all of the
reported epitopes in the Immune Epitope Database (IEDB)*. As
expected, when examining a modification that is widely generated
by sample processing or handling, such as methionine oxidation,
the correlation between the oxidized methionine position distri-
bution and the unmodified methionine distribution was very high
(Pearson correlation, 0.96; P =1.05 X 10°) (Fig. 2b). This suggests
that the modification occurred randomly across the peptide dur-
ing sample preparation (two-sided F-test, P=0.3543). As this was
not the case for all the PTMs, we ordered all of the PTMs based
on the correlation of their distribution to the background (Fig. 2¢).

modification in trypsin
digestion

This metric highlights PTM motifs that may alter HLA binding
preference or T cell receptor (TCR) recognition. Peptide binding
to HLA I molecules depends on the biochemical properties of both
the peptide and the HLA I structure. The most critical residues for
HLA I binding are the ones that fit into the anchor pockets in the
HLA T groove, typically the second and C-terminal positions*. By
contrast, the TCR recognition motif is determined by the HLA I
peptide complex and, therefore, most strongly influenced by the
residues in positions 3-7 of the HLA I-bound peptide’*. In the
presented matrix, for example, known motifs, such as the tendency
of serine phosphorylation modification at position 4 (refs. ©’), were
also emphasized as having low correlation in this analysis (Pearson
correlation, 0.41; P=0.21) as there was a strong deviation between
the phosphorylation and underlying serine distributions (Fig. 2d;
two-sided F-test, P<2.2 X 107'). This was identified despite any
experimental or computational enrichments for specific modifica-
tions, as we used a broad search that was not modification-specific.
Beyond confirming known motifs, we also identified new ones.
For example, lysine residues are generally under-represented in
the HLA I binding pocket at the second position of the peptide.
However, modified lysine residue distributions (for example, acet-
ylated and methylated lysine) do not produce the same pattern
(Fig. 2e). This suggests that unmodified lysine residues in the
anchoring position are unfavorable for HLA I binding and that
the modified state of a lysine residue may be preferred. In contrast,
modified arginine residues, such as dimethylated and citrullinated
arginine, are over-represented in positions 3-7 and, therefore, may
impact TCR recognition* (Fig. 2f), as was previously shown for
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F-test, P<2.2 x 107'¢). g, Deamidated asparagine with a glycosylation motif is enriched in positions 3 and 4 compared to background asparagine

(two-sided F-test, P<2.2 x 107').
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other modification types. Interestingly, while cysteine modifica-
tions on peptides in MS analyses are considered to be introduced
by sample processing, in our analysis of the HLA I landscape they
have a distinct distribution motif where cysteine carbamidomethyl
is enriched in positions 3 and 4, and cysteinylation is enriched in
positions 7 and 8 (Fig. 2c). The deamidation of asparagine resi-
dues occurs naturally at glycosylated sites on proteins®, and these
sites have a strong consensus sequence motif of N-X-S-T. Peptides
with asparagine deamidation and the glycosylation motif, suggest-
ing they they are biological in origin, show a distinct tendency for
these to be located in the third and fourth positions of the peptides
(Fig. 2g; two-sided F-test, P<2.2 X 1076).

PTMs alter HLA I binding preferences and TCR recognition.
The biochemical binding properties of specific HLA haplotypes are
the strongest determinants of peptide motifs. To examine whether
the PTM-driven motifs we have detected are associated with specific
haplotypes, we re-analyzed monoallelic HLA immunopeptidomics
data from refs. '** (MassIVE: MSV000080527, MSV000084172—
partial). We conducted the same multi-modification search as
described (Table 1) on the spectra obtained in this study. Indeed,
we could identify unique motifs that were haplotype-dependent,
using the unmodified amino acid distribution as a background.
To focus on the most prominent features, we defined a ‘site score’
such that enrichment in the anchor positions will result in a posi-
tive score, while enrichment in the middle of the peptide will result
in a negative score. In the case where the PTM is present in many
positions in the peptide, the score will be close to zero and we can-
not classify the tendency of the modification to be in a specific
region. We then clustered the biological PTMs and haplotypes con-
tained in the dataset by their site score (Fig. 3a and Extended Data
Fig. 2a). This analysis revealed that the same PTM might affect
peptide-MHC-TCR interactions differently for different haplo-
types. Intriguingly, among the specific HLA haplotypes that we
analyzed, we found several HLA associations with human diseases.
For example, HLA-A*03:01 was linked to increased risk for mul-
tiple sclerosis® and HLA-B*51:01 was linked to Behget’s disease’'.
Our analysis identified both haplotypes to be highly enriched for
PTMs in the region that is predicted to affect TCR recognition.
HLA-A*02:01 was previously reported to show a protective effect in
patients with Epstein-Barr virus-related Hodgkin lymphoma® and
was enriched for modifications on the anchoring position of the
peptide in our analysis. While it remains to be examined whether
certain PTMs have a role in disease-associated manifestations,
it has been reported that low HLA binding of disease-associated
epitopes can be increased by PTMs™. PTM enrichment in
the middle of the peptide, potentially affecting TCR recogni-
tion, could be observed with methylated arginine on haplotype

HLA-B*54:01 (Fig. 3b) or ubiquitin tail on lysine on haplotype
HLA-A*03:01 (Fig. 3¢).

PTM enrichment in an anchor position was classified into three
groups: the first group comprises chemical mimics, where the mod-
ified amino acid is biochemically similar to a different amino acid
that was known to be part of the motif. For example, we identified
an enrichment of deamidated asparagine in position 3 of the hap-
lotype HLA-A*01:01 motif. Deamidated asparagine is chemically
similar to aspartic acid that appears in the HLA-A*01:01 binding
motif at position 3 (Fig. 3d). As we could not find an unmodified
peptide carrying asparagine bound to this haplotype, this result
suggests that the modification occurred on the peptide before it
bound to the HLA, possibly due to the removal of glycosylation®,
and the modified asparagine enables binding of the peptide to the
HLA. Enrichments of deamidated asparagine and glutamine for
HLA haplotypes HLA-A*68:02, HLA-B*44:02 and HLA-B*44:03
(Supplementary Data 3) are additional examples of chemical mim-
ics. Across haplotypes, we were able to show that the chemical
mimic PTMs behave more like the amino acid they are mimicking
than the residue they modify (Extended Data Fig. 2b). The second
group contains PTM:s that cause binding interference. This group is
defined by PTMs that sterically hinder the interaction of the pep-
tide with the MHC haplotype, creating an unfavorable binder. For
example, acetylated lysine is under-represented in the C terminus
of haplotype HLA-A*03:01 (Fig. 3e) compared to the unmodified
background. Notably, we found this observation to hold true for
all of the modified lysines detected for this haplotype, suggesting
that modification of the C terminus could be an immune evasion
mechanism. Other examples of binding interference are methylated
glutamic acid at anchor position 2 for haplotype HLA-B*44:02/3
and dimethylated arginine at the C-terminal position for hap-
lotype HLA-A*31:01 (Supplementary Data 3). The third group
is new motifs where the modified amino acid creates a favorable
binder peptide that is different from the known unmodified motif.
For example, the tendency of phosphoserine to be located in the
fourth position (Fig. 2c) was also observed for HLA-B*07:02 and
HLA-B*27:05 with the added haplotype resolution from the mono-
allelic data, revealing the RRXpS and K/RPXpS motifs, as previously
described** (Extended Data Fig. 2¢,d). We also detect methylated
glutamine at the peptide C terminus for haplotype HLA-B*54:01
(Fig. 3f), and oxidized proline was observed at the anchor posi-
tion 2 of haplotype HLA-A*02:01 (Fig. 3g). The latter observa-
tion is common to the whole haplotype superfamily HLA-A*02
(Supplementary Data 3).

Next, we evaluated the possibility of a new PTM binding motif
using structural modeling. To this end, we chose two modified rep-
resentative epitopes identified as binders of haplotype HLA-A*02:01
and one representative epitope identified as a binder of haplotype

>
>

Fig. 3 | PTM-driven HLA motifs. a, A recognition area score was calculated (Methods) to determine the tendency of a given modification to be located

in the MHC anchor position (purple) or center of the peptide (green) for a given HLA haplotype. ‘X" marks groups with fewer than 15 peptides, and an
asterisk indicates significance in a Benjamini-Hochberg multiple-comparison-corrected y? test (P<0.05). b,c, Histograms representing the modified
amino acid frequency in each position (red) compared to the unmodified amino acid background (gray). The C terminus and C-1 are presented at positions
8 and 9 (Methods). b, Methylated arginine in haplotype HLA-B*54:01 is enriched in positions 4-6. ¢, A ubiquitin tail on lysine is enriched in position 3 for
haplotype HLA-A*03:01. d-g, Motif of the reported unmodified epitopes in the IEDB for the indicated haplotype (top). The canonical modified motif was
then compared to the amino acid motif for a given modification (middle). The histogram represents the modified amino acid frequency in each position
(red) compared to the unmodified amino acid background (gray). d, Chemical mimics motif: aspartic acid is favored in the HLA-A*01:01 binding motif

at position 3. e, Binding interference: acetylated lysine is under-represented in the C terminus for haplotype HLA-A*03:01. f,g, New motif: methylated
glutamine at the peptide C terminus in haplotype HLA-B*54:01 and oxidized proline at anchor position two for haplotype HLA-A*02:01 create favorable
binder peptides. h,i, Rosetta FlexPepDock structural models of the interactions between the modified peptide (yellow sticks), including the modified amino
acid (green), and the MHC molecule (gray surface\cartoon). The effect of the modified amino acid is shown in detail in the zoom-in picture. FlexPepDock
reweighted score was calculated for the interaction between the MHC and modified or unmodified peptide (n=5 simulations; box and whiskers indicate
mean and quartiles, respectively). h, Interaction between K(ac)P(ox)SLEQSPAVL and haplotype HLA-A*02:01; hydrogen bonds introduced by the
modification shown as dashed green lines, others as yellow. i, Interaction between MPTLPPYQ(me) and haplotype HLA-B*54:07; the glutamine methyl
group is shown as a green sphere, and MHC-interacting residues are shown as gray spheres.
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HLA-B*54:01. All of these are shared across cancer cell lines and
patient tumor samples. We used Rosetta FlexPepDock® to model the
structure of the interactions of these new MHC-binding PTM motifs,
K(ac)P(0ox)SLEQSPAVL, KP(ox)LKVIFV and MPTLPPYQ(me).
For each such motif, we modeled both the modified and unmodified

peptides and compared their calculated binding energies and struc-
tures (‘reweighted score’). In all cases, the interactions between the
MHC and the modified peptide were predicted to be consider-
ably stronger, suggesting that the complex is more stable than the
unmodified counterpart (Fig. 3h,i and Extended Data Fig. 2e), in
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Fig. 4 | The modified HLA | landscape uncovers hundreds of tumor-associated modified antigens, including antigens unique to tumor tissue.

a, PROMISE analysis of the MC38 immunopeptidome identified 2,803 peptides. b, Peptides with biological modifications from PROMISE
multi-modification search analysis of 19 different tissues from healthy mice, as well as the MC38 cancer cell line (total number of peptides = 4,535). The
peptides are presented by their MS intensity in the relevant column specifying the tissue of origin in which they were identified. Tissues are clustered by

similarity, revealing shared modified peptides between MC38
(yellow; dashed square). ¢, For specifically modified peptides,

cells and healthy tissue (dark gray panel on the left) and peptides unique to MC38 celss
a similarity score was calculated between the synthesized spectrum (red) and the original

spectrum in the dataset (blue). d,e, Each list of antigens is sorted by the modification of the peptide. For each peptide, we mark the cancer annotation as
documented in CancerMine®’, whether the peptide was reported in IEDB** in its unmodified state and whether it is a cancer-testis antigen. For patient
samples (orange), the color indicates the percentage of the patients in whom the peptide was identified. For cancer cell lines (blue), color indicates that
the peptide was detected. d, Modified cancer-testis antigen list (n=98, left) and a list of shared antigens (n=300, right) identified through the modified
state. e, A list of HLA-A*02:01 bound modified peptides that were not reported in the IEDB. f, Rosetta FlexPepDock structural model of the interactions
between TLIESK(me)LPV (yellow sticks) and the HLA-A*02:01 molecule (gray surface/cartoon). The methylated lysine (green) is packed against
hydrophobic residues of the MHC molecule (gray spheres). Three-dimensional model reweighted score shows that the modification created a more stable
interaction with the MHC molecule (n=5 simulations; box and whiskers indicate mean and quartiles, respectively). g, TLIESK(me)LPV in its modified and
unmodified form was validated with a binding affinity test through Prolmmune in vitro binding assay and matches the 3D model prediction. Binding scores

are normalized to an internal standard, which is represented a
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Fig. 5 | Modified HLA-bound peptides create cancer-specific signatures. a, The percentage of immunopeptides identified with each of the indicated
modifications was calculated for a cohort of TNBC tumors and adjacent tissue (ref. “>; n=6 tumors and 5 adjacent tissue samples). The modifications

are sorted from the most enriched in tumor tissue at the left to the most enriched in adjacent tissue at the right. A two-sided Student'’s t-test was used to
determine significance of the observed change in percentage: cysteine cysteinylation is significantly enriched in tumors (***P=0.00045), while histidine
oxidation (*P=0.044), arginine citrullination (*P=0.013), lysine ubiquitination (**P=0.0031) and cysteine carbamidomethylation (**P=0.0078) are
significantly enriched in normal tissue (box and whiskers indicate mean frequency and quartiles, respectively). b, The percentage of overlapping sites
between a randomly chosen subset of the cohort (30 peptides from six samples) and the remaining samples. This was repeated 10,000 times to generate
the intrareplicate distribution (light green; the mean is depicted as a dark green dashed line). The overlap between the identified phosphosites in the
immunopeptidomics data and the CPTAC data is shown as a black line (top left). The abundance in the CPTAC cohort for the five overlapping phosphosites
is shown in the tumor and adjacent tissue samples (two-sided Wilcox P values for abudance in tumor versus adjacent tissue are indicated). ¢, Typically,
antigenic peptides are classified by their genetic origin, including mutations, cancer-germline genes expressed outside of their biological context, oncogenic
virus genes, genes with highly tissue-specific expression patterns or overexpression of genes with low endogenous expression (left block). In all these
cases, PTMs can increase both the identification and therapeutic potential of these antigenic peptides. Further, PTMs can themselves be a source of
antigenicity when pathways are activated in a disease-specific manner (right block), creating a PTM-driven antigenic epitope.
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agreement with the predictions from PROMISE immunopeptido-
mics analysis. In the case of peptide K(ac)P(ox)SLEQSPAVL bind-
ing to HLA-A*02:01, our model suggests that the hydroxyl group of
P(ox) at position 2 forms a stabilizing hydrogen bond with E87 in
the receptor (Fig. 3h). Overall, our models recapitulate an interac-
tion similar to that in a solved structure of HLA-A*2, in which T2
forms hydrogen bonds with residues K90 and E87 in the receptor
(ITVB; ref. ). As for K(ac) at position-1, in some of our models
it interacts with the aliphatic part of receptor residue K90, while
in others it further stabilizes the peptide. In the case of peptide
MPTLPPYQ(me) binding to HLA-B*54:01, Q-8 is positioned in
the highly hydrophobic pocket that binds the canonical aliphatic
C-terminal peptide position. Methylation allows the otherwise
polar (negative) side chain of glutamine to approach (fill') the
pocket and thereby stabilize the complex (Fig. 31).

To calculate the prevalence of new motifs, we used netMHC"”
to calculate a predicted binding score for the unmodified versions
of the peptides we identified. Aside from technical modifications,
an average of 50% of the modified peptides across the haplotypes
we examined were not binders in their unmodified state (Extended
Data Fig. 2f). For some PTMs, such as citrullination, above 70% of
the peptides were not binders without citrullination (Extended Data
Fig. 2f). Together, our findings show that modified peptides are dis-
tinct from their unmodified forms in haplotype preference, binding
motifs and structural interactions. We, therefore, wished to examine
whether PTMs may also alter the antigenic repertoire.

PROMISE uncovers hundreds of tumor-associated modified anti-
gens. To test whether PROMISE-identified peptides can be unique
to cancerous tissue, we performed immunopeptidomics on MC38
mouse colon cancer cells and compared the results to healthy mouse
tissue immunopeptidomics data from ref. *’. PROMISE analysis on
the MC38 immunopeptidomics data revealed 2,803 peptides, 36%
of which had at least one PTM (Fig. 4a and Supplementary Data 4).
When comparing modified peptides from the MC38 immunopep-
tidome to those in healthy tissue, we could identify a subset that
were unique to cancer (Fig. 4b). Of note, the differences between
the immunopeptidomes for MC38 colon cancer cells and healthy
mouse tissue may also arise from differences in sample process-
ing, culture conditions or instrumentation. Thus, we focused on
biological PTMs that may represent potential tumor-specific modi-
fied antigens. We chose 20 modified peptides that did not appear
in healthy tissues and were not reported in IEDB and proceeded
to synthesize and validate these peptides in their modified state.
All the synthesized peptides were confirmed to match the original
identification through manual annotation and scoring of spec-
trum similarity (Fig. 4c, Extended Data Fig. 3 and Supplementary
Information). These included peptides with N-terminal acetylation,
citrullination, dimethylation, methylation, phosphorylation and
SUMOylation remnants (GGT).

Given the growing interest in identifying antigenic targets for
immunotherapy, we examined whether we identified modified pep-
tides originating from cancer-associated or testis antigens across the
human cell lines and clinical samples we analyzed. We identified 98
peptides that originated from a protein annotated as a testis anti-
gen (CT Antigens Database™; Fig. 4d, left). For these, we examined
their mRNA expression in The Cancer Genome Atlas (TCGA) data
of the matching cancer types (Extended Data Fig. 4a) and found a
subset to be overexpressed in tumor tissue when compared to the
adjacent controls (Extended Data Fig. 4b). We also identified 300
peptides that are highly shared between patients and across cancer
cohorts (Fig. 4d, right). Many of these proteins are also annotated as
oncogenes, cancer drivers or tumor suppressors®, highlighting the
importance of studying the state of these proteins in tumor immu-
nogenicity. None of these cancer-associated target peptides would
have been identified without including PTMs in the protein search
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space. To show that PROMISE can accurately identify modified
epitopes through retrospective analysis, we synthesized 20 peptides
that were shared across multiple patients. These epitopes were not
reported previously in the IEDB in their modified state. All the pep-
tides were confirmed to match the original identification through
manual annotation and scoring of spectrum similarity (Extended
Data Fig. 5 and Supplementary information).

To focus on the modified peptides we identified with PROMISE
associated with a specific haplotype, we filtered for modified pep-
tides that were identified in immunopeptidomics data from an
HLA-A*02:01 cell line and that were not identified in IEDB in their
unmodified form (Fig. 4e). We then examined whether the differ-
ence in detection of the modified peptides and their unmodified
counterparts was due to their relative ability to bind HLA-A*02:01.
Using structural modeling, we were able to show that methylation
on the lysine in position 6 of TLIESKLPV is located between three
other positively charged residues (H98, R121 and H138; Fig. 4f).
Methylation of K6 removes its positive charge and thereby allevi-
ates electrostatic repulsion. In addition, the methyl group is nicely
packed into the hydrophobic MHC groove. This then causes a
more stable peptide-MHC interaction as reflected in a lower
reweighted score (Fig. 4f). To validate our model, we synthesized
the peptide in both modified and unmodified forms and examined
its binding against a standard using a binding assay (Prolmmune;
Methods). Both peptide forms were confirmed as HLA I bind-
ers, while the modified form was a stronger binder as the model
predicted (Fig. 4g).

Intracellular cancer-associated PTMs are presented on HLA 1.
To determine whether these signatures are also specific to the can-
cer state in clinical settings, we analyzed immunopeptidomics data
from a cohort of triple-negative breast cancer (TNBC) and adjacent
tissue*’. Within this cohort, we found 2,771 modified peptides.
We assessed whether there were classes of PTMs that were more
frequent in the immunopeptidome of the tumor samples versus
their adjacent controls. We found several modifications that were
significantly reduced in frequency in the tumor immunopepti-
dome, including carbamidomethyl and citrullination modifications
(Fig. 5a). Further, we found that the frequency of cysteinylated
peptides was significantly increased in the tumor immunopep-
tidome. The tumor and adjacent tissues were processed and ana-
lyzed together and, therefore, are not expected to exhibit differential
effects on modifications that were generated merely by the process-
ing procedures. As such, the results likely signify changes in modifi-
cations elicited by the biological system. These changes may reflect
alterations in metabolic pathways or peptide processing. For exam-
ple, it is known that TNBC is addicted to cysteine®*®’, potentially
explaining the increase in cysteinylated immunopeptides.

Although the frequency of phosphorylation did not differ sig-
nificantly between the tumor tissue and the adjacent control,
we found 27 phosphorylated peptides, that only appeared in the
tumor tissue and not in the adjacent control. We hypothesized
that these tumor-specific phosphopeptides might originate from
proteins that are phosphorylated more in breast tumor tissue. To
examine this, we compared the immunopeptidomics data to clini-
cal phosphoproteomics data. Surprisingly, of the sites identified
in both immunopeptidomics and phosphoproteomics, 42% were
phosphorylated in both (Fig. 5b). This is despite the fact that,
on an average, when comparing between different samples in
phosphoproteomics, there is only a 37% overlap in phosphosites
(Fig. 5b). Furthermore, of the phosphositesidentified in both cohorts,
all had increased frequency in the tumor compared to adjacent tis-
sue, both on the phosphoprotein and HLA I-bound peptide levels
(Fig. 5b). This suggests that tumor-induced alterations of modifica-
tions on cellular proteins can propagate to changes in the presented
landscape.
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Discussion

By developing PROMISE, we systematically analyzed the PTM
landscape in the immunopeptidome and identified thousands of
modified peptides across different cancers. Although numerous
studies have examined HLA I presentation of modified peptides
in the context of tumor antigenicity and autoimmune disease®'*%,
such analysis relied on experimental enrichment of the modifica-
tion of interest. The capability to search a large number of PTMs
allowed us to identify types of modifications that were not exam-
ined before in the context of antigen presentation. For example,
recent studies have suggested that the proximal ubiquitin may
undergo proteasome degradation with its substrate®**’. Indeed, we
could detect some remnants of ubiquitin-like modifications in our
analyses. However, while we were able to validate their spectra, indi-
cating that these are true identifications, it is not yet clear that they
are loaded and presented on MHC L.

Modified peptide analysis, coupled with structural modeling and
binding assays, strongly suggests that modifications may generate
new HLA I binding motifs that could not be identified merely by the
amino acid sequence. For example, cysteine is under-represented in
HLA I ligand datasets*, hampering accurate binding predictions of
cysteine-containing peptides®. However, by including several cys-
teine modification types in our search space, we could identify pre-
sented peptides containing cysteine with distinct motifs. Another
example is the under-representation of unmodified lysine residues
in the second position anchoring site in the reported epitopes in the
IEDB compared to the presence of modified lysine at this position.
Notably, some of the peptides that we have identified do not match
the consensus binding motif (8-11 mers). This may be driven by
the PTM or reflect previous observations of binding of longer pep-
tides**"2. As binding motifs are the dominant selection criteria for
antigen prediction algorithms***, PTM-driven motifs should prove
invaluable to the next generation of binding prediction software®. It
will be intriguing to examine PROMISE in the context of additional
modifications, mutations and the MHC II repertoire. Due to cur-
rent software limitations, analyses of cryptic, spliced, noncanonical
and modified peptides*>**~**” are usually carried out in isolation,
preventing an examination of how these search spaces interact. It
will be interesting to use PROMISE for an extended analysis that
combines multiple new reference spaces and examines potential
improvements in peptide identification and illumination of the dark
matter of the immunopeptidome.

Beyond expanding the HLA landscape, modified peptides may
also signal changes in metabolic and signaling states of the cells
under physiological or pathological circumstances. Notably, by
comparing cancerous tissues and adjacent controls in TNBC, we
found changes in the frequency of different modification types in
the immunopeptidome. Further, we could confirm that 40% of the
phosphorylation sites identified on HLA I-bound peptides also
exhibited increased abundance in phosphoproteomics analysis of
breast cancer (CPTAC data). We note that detection of a peptide
may be due to both a higher abundance of the protein and increased
phosphorylation. Nevertheless, these results suggest that intracel-
lular changes in the phospho-state of proteins, before degradation,
may be kept and loaded onto HLA for presentation to create unique
HLA signatures in breast tumors (Fig. 5c). Although beyond the
scope of this study, this also raises the intriguing possibility that
drug-induced alterations in the activation of specific pathways may,
in turn, alter the HLA repertoire. In the future, this feature may be
used to direct immune responses against specific antigenic peptides
in combination with targeted therapies'*.

Previous studies®'>”*", together with our analyses, highlight the
potential of modified antigens to have an immunomodulatory role
in tumor-host interactions and may drive either immune suppres-
sion or immune evasion. While this class of modified antigens may
offer new therapeutic opportunities, there are important questions
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that remain to be addressed before these may be used for can-
cer therapy. PTMs are more labile than mutations and, therefore,
changes in cell source, processing, laboratory settings or instrumen-
tation can all affect peptide modification status. As PTMs become
a more routine addition to immunopeptidomics analyses, efforts
will need to be taken to standardize practices for their robust detec-
tion and assignment. Further, in determining the use of PTMs as
cancer-specific targets, comparing potential immunogenic modi-
fications between healthy and cancerous tissue will be needed to
determine specificity, heterogeneity and stability in the context of
T cell recognition. Nevertheless, our analyses identified hundreds
of modified testis antigens and tumor-associated peptides, which
may serve as a new source of modified neoantigens in the context
of immunotherapy. Coupled with patient-specific modifications,
which occur sporadically and can be targeted for individualized
therapy, we foresee that a broad range of potentially therapeutic
antigens may be detected when analyzing peptide modification
states. Beyond cancer, our approach may be used to expand our
understanding of the PTM-driven HLA repertoire across different
human pathologies, ranging from infectious diseases to autoimmu-
nity and neurodegeneration.
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Methods
PROMISE. Current proteomics software focuses on data from samples where
an exogenous enzyme, such as trypsin, was used to digest the proteins into
peptides. This reduces the potential search space to only peptides with either
lysine or arginine terminal residues. By contrast, HLA I peptides are cleaved by the
proteasome and a number of endopeptidases, generating peptides that are between
8 and 15 residues and may have any terminal residue. Computationally, this means
that the search space for endogenously cleaved peptides with modifications must
contain every potential protein fragment with multiple potential mass shifts,
leading to an exponential growth of the search space and making the duration of
the search challenging”. PROMISE optimizes search efficiency with the following
two stages: (1) matching phase and (2) a prioritizing phase (Supplementary
Information). The matching phase reduces the algorithm running time, using
the ultrafast MSFragger” software and parallel computing on a CPU cluster. The
prioritizing phase includes several computational steps to distinguish between true
and false hits, validate PTM identifications and site position and rank predictions
by their biological relevance and antigenic potential. To evaluate pipeline
performance, we used the total human proteome from UniProtKB as reference
data and searched for endogenous proteasome-cleaved peptides® (length between
6 and 40 amino acids) with five variable modifications, creating a search space
of ~31 billion potential peptides. In cases where the PSMs conflicted between
standard and multi-modification searches (1.22% of PSMs), PROMISE prioritized
the highest scoring match. Although the scoring alone is not a guarantee of a true
assignment, it does suggest that the inclusion of a modification in the predicted
peptide better describes the spectrum.

For the analyses in the manuscript, we used a subgroup FDR, whereby we
split the identifications into the following three groups: unmodified, standard
search modification types (N-acetylation and methionine oxidation) and the
other modification types. For MC38 immunopeptidomics, where the cohort was
too small to successfully execute subgroup FDR (Fig. 4) and where additional
enrichment analyses were being performed (Figs. 2, 3 and 5a), we used a global
FDR. In both cases, the cutoff was set to 5%. In cases where subgroup FDR was
used across multiple cohorts, we included any peptide that passed the subgroup
FDR in at least one cohort. Detailed software architecture and performance can be
found in the Supplementary Information.

Modification annotation and classification. To assess the effects of modifications
in a holistic manner, we considered both modifications that may arise during
sample processing or handling (‘technical’) and ones that reflect an altered cellular
state (‘biological’). This was done using the UNIMOD classification system
(unimod.org) as indicated in Table 1. The inclusion of technical modifications in
the search space allows the assignment of peptides that would otherwise be missed
as they are captured as spectra only in their modified form. We explicitly note
that the UNIMOD classification of the modification is not sufficient to determine
whether the modified form was generated due to biological regulation or whether
the peptide is presented in its modified form. Some modification types arise
from multiple sources. As peptides may exist in the cell in either their modified
or unmodified form, we chose peptides for validation that were most likely to
contain biological modifications that differed between the cancerous and control
conditions. When a peptide contained multiple modification types, we defined a
leading modification, prioritizing biological modifications over some that may be
considered technical (based on the UNIMOD classification).

In this work, there are some analyses which deconvolute the biological and
technical origins of PTMs. These include the following:

a.  Analysis of the asparagine deamidation motif, which can arise from either
removal of glycosylation (biological) or processing of the sample (Fig. 2g).

b.  Our analysis of chemical mimics (for example, glutamine or asparagine
deamidation mimicking glutamic or aspartic acid, respectively). This suggests
that some cases of deamidation occurred before HLA binding and are there-
fore biological in origin (Fig. 3d).

c.  Paired analysis where sample processing was done together, such as the
TNBC analysis (Fig. 5a).

Search mass boundary effect correction. The search space in the analysis is
bounded by a peptide length of 15. This can result in incorrect assignments when
a contaminant with a mass higher than 15 amino acids is assigned to a 15-mer
peptide with a high mass shift modification. As we search for PTMs with large
mass shifts (for example, a ubiquitin tail with the four-residue GGRL sequence
0f—383.228103 Da), this can lead to misassigned spectra. Because the longer
peptide is not part of our search space, we cannot rule out the possibility that a
better match exists or that there is a higher scoring match above 15 amino acids.
Therefore, to avoid a bias, we filter out potential misassignments by limiting the
total peptide mass to the average mass of peptides with 15 amino acids plus 100 Da
when comparing peptide lengths (Fig. 1j).

HLA I motif. HLA I motif presentation was designed to capture both the main
anchor position 2 and the C terminus and the TCR recognition area (positions
3-7). The presented motif was created by collecting all the epitopes reported for

the specific HLA haplotype from the IEDB*. Epitopes with lengths of less than
eight amino acids were discarded. To correct the discrepancies in length, the motif
was constructed from positions 1-7, starting from the N terminus followed by

the C terminus and its preceding position. For 9-mer epitopes, the motif is taken
from all nine positions; for 8-mer epitopes, the seventh position is duplicated and
presented as both positions 7 and 8/C-1. For epitopes longer than nine residues,
the motif skips positions 8 untill the C -1 residue. Motif logos were plotted using
Seq2Logo 2.0 (ref. *') with default parameters. The comparable motif was created
using Two-Sample-Logo™.

Site score. The score was designed to determine whether a PTM tends to fall
within the peptide anchor positions or the center positions of the peptide. We
manually determined anchoring or middle positions per haplotype based on the
canonical binding motif (Supplementary Information). The percentage of modified
residues or background unmodified residues was summed up for the anchor and
middle position in each haplotype. Then, a site score odds ratio was calculated

as follows:

Anchor,,q/Middle,,.q
AYlChOrbckgmd/Ml'ddle;,ckgmd

An enrichment in the anchor positions will result in a high positive score,
while an enrichment in the center of the peptide will result in a negative score.
Each haplotype-PTM pair was also given a significance value, based on a y* test
comparing the percentage distribution between the anchor and the middle, in the
modified and background residues. Benjamini-Hochberg correction was used to
control for multiple hypothesis testing.

TCGA and CPTAC analysis. TCGA data were mined using the xenaPython
package in Python 3.6. The results shown in this analysis are in whole or part
based upon data generated by the TCGA Research Network available at http://
cancergenome.nih.gov/. Colon adenocarcinoma (COAD), breast cancer (BRCA),
skin cutaneous melanoma (SKCM) and glioblastoma (GBM) cohort data were
used. Data used in this publication were generated by the CPTAC (NCI-NIH).
The CPTAC breast cancer phosphoproteomics data'* were compared to the TNBC
immunopeptidomics data*’. The CPTAC intrareplicate site overlap was calculated
from the tumor samples in the cohort by randomly drawing 30 phosphosites from
six samples in the same TMT experiment and comparing the identification to the
remaining TMT experiments. This was done 10,000 times and is presented in

Fig. 5b. The overlap between the CPTAC phosphoproteomics and
immunopeptidomics data was defined as the number of phosphosites identified
in both CPTAC and immunopeptidomics data (n=5) out of the sites that were
covered by peptides in both datasets (n=12). The remaining 18 sites only had
peptides covering them in the immunopeptidomics data and, therefore, could not
be evaluated in the tryptic CPTAC cohort.

Modeling the peptide-receptor complex. General modeling scheme. The
FlexPepBind scheme used in refs. °*** allows the structure-based evaluation of the
relative binding affinities of different peptides for a given receptor, using a solved
structure of a representative peptide—protein interaction as a template. Structures
of peptide-MHC complexes were generated by ‘threading’ candidate peptide
sequences onto this template, followed by refinement using Rosetta FlexPepDock™.
The top-scoring models were selected to discriminate stronger from weaker
binders and inspected for the structural details of an interaction.

Selection of templates for modeling. For each of the MHC alleles (receptors) and
peptides, we evaluated different available Protein Data Bank (PDB) structures to
serve as templates for the modeling of the structure and relative binding affinities
of different peptides. Screening for relevant PDB templates was guided by the
following three main requirements: (1) matching MHC allele, (2) matching peptide
length and (3) similarity of peptide anchor residues. Specifically, for peptide K(ac)
P(0x)SLEQSPAVL bound to HLA-A*02 (Fig. 3h), we used PDB code 5D9S (ref.

%; HLA-A*02 bound to FVLELEPEWTV); for peptide KP(ox)LKVIFV bound

to HLA-A*02 (Extended Data Fig. 2e), we used the peptide backbone from

PDB code 4F7T (ref. *; HLA-A24 bound to RYGFVANF) and the same MHC
receptor structure (PDB code 5D9S); and for peptide MPTLPPYQ(me) bound

to HLA-B*54 (Fig. 3i), we used PDB code 3BWA (ref. ¥’; HLA-B35 bound to
FPTKDVAL). Residues that differed between the MHC alleles were ‘mutated”
using the fix backbone protocol (Rosetta fix_bb); for peptide TLIESK(me)LPV
bound to HLA-A*02 (Fig. 4f), we used PDB code 3MRK (HLA-A*02 bound to
PLEQVPEPV).

Modeling peptide onto MHC receptor using the selected template. Using the Rosetta
fixbb protocol for fixed backbone design®, we modeled the desired peptide
sequence onto the template peptide, while keeping the side chains of the receptor
fixed. We then used Rosetta FlexPepDock refinement in full-atom mode to
optimize the structure of the complex with the threaded target peptide (all peptide
atoms, as well as the receptor interface sidechains, were allowed to move). For each
sequence, we generated 200 models. These were scored, and the top five models
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were selected to represent the MHC-peptide interaction of interest. Comparison
of the top-scoring models of the modified peptides and corresponding unmodified
peptides allowed inspection of the atomic details of their differential

binding.

Scoring function. The standard Rosetta score function®”" was used and models
were assessed according to their FlexPepDock reweighted score (sum of total score,
interface score and peptide score; where total score is the overall Rosetta energy
score for the complex, interface score is the energy of pair-wise interactions across
the peptide-protein interface and peptide score is the sum of the Rosetta energy
function over the peptide residues). This score was shown to discriminate well
near-native structures in previous FlexPepDock modeling studies”.

ProImmune binding assay. The Prolmmune (https://www.proimmune.com)
Module 2 REVEAL binding assay measures the yield of correctly conformed
MHC-peptide complexes following incubation of the recombinant MHC allele
with the peptide of interest, using a conformation-dependent antibody in an
immunoassay. Each peptide is given a score relative to the positive control peptide,
which is a known T cell epitope.

Reagents. A complete list of reagents, antibodies and chemicals can be found in
the Supplementary Information.

Purification and analysis of the MC38 immunopeptidome. MC38 cells were
kindly provided by A. Erez (Weizmann Institute). Cells were grown in DMEM
with 10% FCS, glutamine and sodium-pyruvate at 37 °C with 5% CO,. Cells were
detached with trypsin and washed extensively before further processing. H2-Kb
and H2-Db-bound peptides were isolated from three independent preparations
of the MC38 cell line, each containing 5 X 10° cells, as in ref. *. Briefly, cells

were lysed with lysis buffer comprising PBS supplemented with 0.25% sodium
deoxycholate, 0.2 mM iodoacetamide, 1 mM EDTA, 1:200 protease inhibitor
cocktail (Sigma), 1 mM PMSF and 1% octyl-B-p-glucopyranoside. The lysate was
then shaken on a shaking table gently for 1h at 4°C and cleared by centrifugation
at 4°C and 47,580 g for 60 min (Sorval RC 6+ centrifuge, Thermo Fisher
Scientific). After centrifugation, the supernatant was passed through a column
containing the Y3 antibody (anti-H2-Kb) or 28-14-8 antibody (anti-H2-Db)
covalently bound to Protein G Sepharose resin with dimethyl pimelimidate.
Next, the columns were preconditioned with two column volumes of 0.1 N acetic
acid followed by two column volumes of 20 mM Tris-HCI, pH 8.0. After passing
the cleared cell extracts, the columns were washed with five column volumes of
400 mM NaCl and 20 mM Tris-HCl pH 8, followed by another wash with 20 mM
Tris-HCI, pH 8. The MHC-bound peptides were eluted with 1% trifluoroacetic
acid (TFA), desalted, concentrated and separated from the MHC molecules by
reversed-phase fractionation using disposable Micro-Tip Columns C-18 (Harvard
Apparatus). The peptides were eluted with 30% acetonitrile in 0.1% TFA, dried
by vacuum centrifugation, and dissolved in 0.1% TFA for analysis by capillary
chromatography combined with tandem MS (LC-MS/MS). Samples were
resolved by capillary chromatography using an UltiMate 3,000 RSLC coupled by
electrospray, to a Q-Exactive-Plus mass spectrometer (Thermo Fisher Scientific).
Elution of the peptides was performed with a linear 2-h, 5-28% acetonitrile
gradient in 0.1% formic acid, at a flow rate of 0.15 ul min~". The ten most intense
ions in each full MS spectrum, with single- to triple-charged states, were selected
for fragmentation by higher energy collision dissociation, at a relative collision
energy of 25. Ion times were set to 100 ms. Automatic gain control target was set
to 3 X 10° for the full MS and to 1 X 10° for ms®. The intensity threshold was
setat 1 X 10%

MS spectrum validation and visualization. Modified peptides were synthesized
through the Peptide 2.0 company with a purification level above 95%, and then
synthesized peptides were then analyzed in MS using target search mode. For
asparagine deamidation, we synthesized the modification as aspartic acid. The
spectrum comparison visualization and a similarity score between the original
spectrum and the synthesized spectrum were created by R package OrgMassSpecR.
To benchmark the similarity score, we used a synthetic modified tryptic peptide set
created by ProteomeTools”’. We compared its behavior under the following three
conditions (Supplementary Fig. 3a):

(1) Comparing the differences between two PSM events from the same synthetic
peptide in the same MS run.

(2) Comparing a native PSM from HeLa digested standard samples run in our
lab to a matching synthetic peptide analyzed in a different instrument. This
comparison is the most similar to what we have done in our manuscript.

(3) Decoy assessment by comparing two unmatched randomly selected PSMs.

By comparing the distribution of similarity scores from these three groups, we
can see that scores above 0.3 are clearly different from decoy scores. We, therefore,
define the similarity cutoff as 0.3.

Thermo Xcalibur version 4.0 Qual Browser was used to manually annotate
spectrum. Spectra visualization was created using PDV 1.5.4 software” including a,
y and b ions and all potential losses.
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MSFragger search parameters. Search params were set to default for close

search with the following changes: precursor true tolerance was set to 10 ppm and
fragment mass tolerance was set to 20 ppm. Search enzyme was set to nonspecific
enzyme with cleavage after ARNDCQEGHILKMFPSTWYV. Peptide lengths were
set between 8 and 15. Num enzyme termini, 0; clip nTerm M, 1; allow multiple
variable mods on residue, 0; max variable mods per mod, 3; max variable mods
combinations, 65,000.

Bioinformatics and data analysis. Statistical analyses were performed in Prism 8
software (GraphPad) and R v3.6.1. Heatmaps were drawn with pheatmap 1.0.12
and ComplexHeatmap 2.2.0R package with Euclidean distances for clustering
where relevant. Flow cytometry data were analyzed with Flow]Jo v10 from Becton,
Dickinson, and Company. Experimental schematics in Figs. 1a and 4a were
generated using BioRender.com.

Reporting summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

MC38 immunopeptidomics data were deposited in the PRIDE archive with ID
PXD017448 and standard MaxQuant” analysis results. All public data references
and accession IDs are listed in the deposited data table in the Supplementary
Information.

Code availability
PROMISE is accessible at https://github.com/merbllab/PROMISE.
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Extended Data Fig. 1| PROMISE enrichment in PSM level. (a) Percentage of novel PSMs with modifications that were identified through PROMISE
(reds), on multiple immunopeptidomics datasets, out of the PSMs identified in standard search (gray). Bottom, pie chart of PSMs enriched by PROMISE
search. Out of 73,648 modified PSMs identified in the analysis, 60,640 were IDs unique to PROMISE. (dark red) and 13,008 had improved matching score
compared to the standard search (light red). (b) Distribution of hyperscores for PSMs which conflicted between Standard (gray) and PROMISE (dark red).

Vertical lines mark the average score (¢) Examples of 4 spectra that received a better peptide match in PROMSIE (left) compared to the standard search
(right).
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Extended Data Fig. 2 | Monoallelic binding preferences. (a) Volcano plot showing the site score plotted against the negative log10 transformed p value
from the y2 test with Benjamini-Hochberg multiple comparison correction. Letters indicate the motifs in Fig. 3 labeled by their panels. (b) The counts of
peptides containing the indicated modification per haplotype are plotted against the counts of peptides containing unmodified amino acids. The Pearson
correlation and p value for the correlation are indicated on each graph. Counts of N - Deamidation are more correlated to its mimic D - unmodified (top)
than its source amino acid (N - unmodified). Counts of Q - Deamidation are more correlated to its mimic E - unmodified (bottom) than its source amino
acid (Q - unmodified). The haplotypes that have canonical binding motifs that contain an E or D are labeled in pink in the graphs. (¢, d) Reanalysis of
monoallelic HLA data recapitulates phosphoserine peptides features as described in Adéan Alpizar et al. (¢) HLA-B*27:05 Phosphoserine position density
(top) and the sequence logo (weblogo3) of the peptides carrying phosphoserine in position 4 RRXpS motif (bottom). (d) HLA-B*07:02 Phosphoserine
position density (top) and K/RPXpS motif (bottom). (e) Rosetta FlexPepDock structural model of the interaction between the modified peptide KP(ox)
LKVIFV (yellow sticks) and the MHC molecule haplotype HLA-A0201 (gray surface \ cartoon). The modified amino acid (green) creates a more stable
interaction with the MHC molecule as compared to the unmodified form. The effect of the modified amino acid is shown in detail in the zoom-in picture.
The proline hydroxyl group at position 2 forms a stabilizing hydrogen bond with MHC receptor residue E-87 (shown as dashed yellow line, as well as other
hydrogen bonds between peptide and receptor). FlexPepDock reweighted score was calculated for the interaction between the MHC and modified or
unmodified peptide (n=5 simulations, box and whiskers indicates mean and quartiles (f) The percentage of peptides in each haplotype with the indicated
modification that were not considered binders in NetMHC in their unmodified forms. This indicates that the binding is due to the alteration caused by the
PTM. Modifications are sorted by their average percentage of PTM-driven binding and the haplotypes that had the highest percentages are labeled.
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Extended Data Fig. 3 | Mouse spectra validation. (a) Similarity score distribution for three types of PSM pairs: (top) two PSMs event taken from the same
synthetic peptide in the same sample run (light red, n=300). We compared the PSM with the highest hyperscore to the PSM with the median hyperscore.
(middle) A native PSM taken from Hela digest standard proteomics compared to a matching synthetic spectrum (dark red, n=261). (bottom) Similarity
score between two randomly chosen PSMs (gray, n=300). (b, ¢) Modified HLA peptides, identified in MC38 cell line and not in healthy mouse colon
tissue or reported in the IEDB dataset, were synthesized (Peptide 2.0 Inc) and their spectra were captured using mass spectrometry. For each modified
peptide, a similarity score was calculated between the synthetic spectrum and the original spectrum using R package OrgMassSpecR. For a similarity
score below 80%, manual annotation was done to validate the spectra. (b) summary table (¢) spectrum comparison visualization and a similarity score
are created by R package OrgMassSpecR, synthesized spectrum (red) in a mirror image of the original spectrum in the dataset (blue). In case manual
annotation was done, visualization is created using PDV software® including a,y,b ions and all potential losses. For the full spectra validation list see
Supplementary Information.
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Extended Data Fig. 5 | Human spectra validation. (a, b) Modified HLA peptides, that were shared across multiple patients, were synthesized (Peptide
2.0 Inc) and their spectra were captured using mass spectrometry. For each modified peptide, a similarity score was calculated between the synthetic
spectrum and the original spectrum using R package OrgMassSpecR. For a similarity score below 80%, manual annotation was done to validate the
spectra. (@) summary table (b) spectrum comparison visualization and a similarity score are created by R package OrgMassSpecR, synthesized spectrum
(red) in a mirror image of the original spectrum in the dataset (blue). In case manual annotation was done, visualization is created using PDV software™
including a,y,b ions and all potential losses. For the full spectra validation list see Supplementary Information.
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