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Abstract

Tumor epitopes — peptides that are presented on surface-bound MHC I proteins - provide
targets for cancer immunotherapy and have been identified extensively in the annotated
protein-coding regions of the genome. Motivated by the recent discovery of translated novel
unannotated open reading frames (nuORFs) using ribosome profiling (Ribo-seq), we
hypothesized that cancer-associated processes could generate nuORFs that can serve as a
new source of tumor antigens that harbor somatic mutations or show tumor-specific
expression. To identify cancer-specific nuORFs, we generated Ribo-seq profiles for 29
malignant and healthy samples, developed a sensitive analytic approach for hierarchical
OREF prediction, and constructed a high-confidence database of translated nuORFs across
tissues. Peptides from 3,555 unique translated nuORFs were presented on MHC I, based on
analysis of an extensive dataset of MHC I-bound peptides detected by mass spectrometry,
with >20-fold more nuORF peptides detected in the MHC I immunopeptidomes compared
to whole proteomes. We further detected somatic mutations in nuORFs of cancer samples
and identified nuORFs with tumor-specific translation in melanoma, chronic lymphocytic
leukemia and glioblastoma. NuORFs thus expand the pool of MHC I-presented, tumor-

specific peptides, targetable by immunotherapies.
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Introduction

The major histocompatibility complex class I (MHC I) immunopeptidome consists of thousands
of short 8-12 amino acid peptide antigens displayed on the cell surface by MHC I molecules. “Non-
self” antigens presented by MHC molecules are recognized by CD8 T cells that mount an immune
response. This defense mechanism can be exploited to target the immune system against cancer
cells, which display cancer-specific antigens (neoantigens) on MHC I (Hu, Ott, and Wu 2018).
Patients immunized with neoantigen-based vaccines display expanded neoantigen-specific T cells,
suggesting that this could be a promising therapeutic avenue (Hilf et al. 2019; Keskin et al. 2019;

Ott et al. 2017; Sahin et al. 2017).

Neoantigens are currently predicted based on the detection of cancer-specific somatic mutations
in annotated protein-coding regions by whole exome sequencing (WES) and RNA-seq (Hilf et al.
2019; Keskin et al. 2019; Ott et al. 2017; Sahin et al. 2017). This approach often falls short for
patients with few somatic mutations, generating few actionable neoantigens(Rajasagi et al. 2014).
Several lines of evidence suggest that the potential sources of neoantigens are more varied. First,
immune responses have been detected against antigens derived from retained introns, alternative
open reading frames (ORFs) within coding genes and antisense transcripts (Robbins et al. 1997,
Van Den Eynde et al. 1999; Wang et al. 1998). Additionally, while the MHC I immunopeptidome
mainly consists of peptides derived from homeostatic protein turnover (Abelin et al. 2017,
Sarkizova et al. 2019), peptides can also be sourced from alternative precursors, such as defective
ribosomal products (DRiPs), and presumably “non-coding” regions of the genome (Laumont et al.
2016, 2018; Yewdell 2011). In particular, ribosome profiling (Ribo-seq), which assays mRNA
translation by capturing and sequencing ribosome-protected mRNA fragments (RPFs) (Ingolia et
al. 2009), has detected a plethora of translated novel unannotated open reading frames (nuORFs).
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These nuORFs are derived from the 5° and 3’ untranslated regions (UTRs), overlapping yet out-
of-frame alternative ORFs in annotated protein-coding genes, long non-coding RNAs (IncRNAs),
pseudogenes and other transcripts currently annotated as non-protein coding (Fields et al. 2015; Ji
et al. 2015; Chew et al. 2013). Ribo-seq analysis of HEK293T, HeLa-S3, and K562 cell lines and
of human fibroblasts infected with HSV-1 and HCMV has identified translated nuORFs that
contribute peptides to the MHC I immunopeptidome, suggesting that nuORFs could also have an
immunological function (Erhard et al. 2018; Martinez et al. 2019). However, a global

understanding of the extent to which nuORFs contribute to the immunopeptidomes of healthy and

cancer tissues, as well as the diversity and tissue specificity of nuORFs is still lacking.

Results

A comprehensive pipeline for Ribo-seq based nuORF identification

We hypothesized that cancer-associated processes could lead to nuORFs that are either mutated or
exhibit tumor-specific expression and thus could serve as sources of neoantigens. To
systematically evaluate the contribution of nuORFs to the MHC I immunopeptidome, we identified
translated nuORFs using Ribo-seq; built an ORF database appending nuORFs detected by Ribo-
seq to known annotations; and used this updated database to search for presented nuORFs in MHC
I immunopeptidome mass spectrometry (MS) data (Figure 1a). Because MS/MS spectra are
traditionally searched against a sequence database of annotated proteins, any presented peptides
derived exclusively from nuORFs (which are, by definition, not in the standard annotated protein
database) will not be identified by conventional search strategies. Therefore, we reasoned that
including Ribo-seq-detected nuORFs in the search space can improve MHC I immunopeptidome

identification.
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To this end, we first collected Ribo-seq data from 29 primary healthy and cancer samples and cell
lines. These included primary normal and chronic lymphocytic leukemia (CLL) B cells, patient-
derived primary glioblastoma (GBM) and melanoma cell cultures, primary healthy melanocytes,
as well as established colon carcinoma and melanoma cell lines. These also included B721.221
cells, the parental cell line previously used to generate 92 single HLA allele-expressing lines from
which we collected mono-allelic MHC I immunopeptidome data (Abelin et al. 2017; Sarkizova et
al. 2019) (Figure 1b, Supplementary Figure 1a). We developed a hierarchical ORF prediction
pipeline, where ORF predictions were carried out at multiple prediction nodes, consisting of each
sample (leaf), tissue (clade) and across all samples combined (root) (Figure 1¢, Supplementary
Figure 1a, Methods). This approach aggregated signal across our Ribo-seq dataset to predict
lowly translated ORFs, while maintaining sensitivity for tissue-specific, overlapping ORFs
(Figure 1d). We predicted translated ORFs within transcripts annotated in GENCODE (Frankish
etal. 2019) and in MiTranscriptome, which contains de novo assembled transcripts from thousands
of RNA-seq libraries from tumors, normal tissues and cell lines, and therefore might be particularly
useful to identify cancer-specific nuORFs (Iyer et al. 2015). Thus, we generated nuORFdb v1.0,
containing 86,421 annotated and 237,427 nuORFs (323,848 ORFs in total). NuORFdb has ~50-
fold fewer ORFs than the ~17 million ORFs obtained from the combined transcripts in the
GENCODE and MiTranscriptome annotations (Supplementary Figure 1b). Compared to the
annotated proteome (UCSC), nuORFdb has 1.46-fold more candidate MHC I-compatible 9mer
peptides, making it practical for routine use in immunopeptidomics studies (Supplementary

Figure 1c¢).

NuOREF derived peptides are presented on MHC I

Next, we searched the MHC I immunopeptidome MS/MS spectra from 92 HLA alleles expressed
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in B721.221 cells (Sarkizova et al. 2019) against nuORFdb with stringent FDR filtering
(Supplementary Figure 2), and identified 6,501 high confidence (FDR<1%) peptides from 3,261
nuORFs, across various nuORF types (Figure le, Supplementary Figure 3a, Methods).
NuORFs contributed 3.3% of peptides to the MHC I immunopeptidome, and 16% of all detected

proteins with at least one MHC-presented peptide (Figure 1e).

Several lines of evidence revealed the MS/MS-identified nuORF peptides to be of comparable
quality and characteristics to peptides from annotated ORFs (“annotated peptides”). First, nuORF
and annotated MS/MS-detected peptides had similar Spectrum Mill MS/MS identification scores
(11.7 nuORF vs. 11.4 annotated mean scores, 95% CI: 0.27-0.43), median peptide length (9AA),
and translation levels (1.7 nuORF vs. 1.6 annotated mean logaTPM, 95% CI: 0.09-0.19) (Figure
2a-c, Supplementary Figure 3b-d). Second, chromatographic retention times for nuORF peptides
correlated as well with predicted hydrophobicity indices as they did for annotated peptides
(p=0.55, rank-sum test) (Figure 2d, Supplementary Figure 3e) (Mylonas et al. 2018; Rolfs et al.
2019). Finally, two-dimensional projection of pairwise distances amongst detected peptide
sequences per allele showed that anchor residue motifs of nuORF-derived peptides matched
closely to peptides derived from annotated proteins (Figure 2e, Supplementary Figure 3f,g) with
a strong agreement in peptide sequences across all alleles (Pearson 72 = 0.85 nuORFs, 2 = 0.92

annotated) (Figure 2f).

Short, overlapping nuORFs identified in the MHC I immunopeptidome

While 97% of MS-detected annotated ORFs could be predicted at the root, 33.8% (680) of the
MS-detected nuORFs were exclusively predicted at the nodes in the leaves or clades
(Supplementary Figure 4a), highlighting the heightened sensitivity of our hierarchical approach

for identifying both sample-specific and shared nuORFs (Figure 1c, Supplementary Figure 1a).
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For example, peptides derived from two overlapping 5’uORFs within the 5S’UTR of the LUZP1
transcript were detected by MHC I IP MS/MS in B721.221 cells across four different alleles
(Supplementary Figure 4b). Due to the overlap of these ORFs, one was not predicted at the root,

but was predicted in the CLL node, whereas the other 5’uORF was either translated at much lower

levels or not at all.

Since many of the nuORFs that yielded MHC-I-presented peptides (2,093 of 3,261, 64%)
overlapped with 5’UTRs and annotated ORFs, their identification from RNA-Seq alone would
have been challenging, given their short length and proximity to, or overlap with, a longer
annotated ORF, but they were readily identified by Ribo-seq (Supplementary Figure 4b-d). In
fact, peptides from as many as three separate ORFs within one transcript were detected in the MHC
I immunopeptidome. For example, for the SOCS! gene, an important modulator of interferon
gamma and JAK-STAT signaling (Yoshimura, Naka, and Kubo 2007), peptides were identified
matching the annotated protein, an internal out-of-frame nuORF (iORF) and a 5’ overlapping
uORF (ouORF; Supplementary Figure 4d). Thus, nuORFs may be more readily expressed than
previously anticipated, and not only generate peptides for MHC I presentation, but may also play

other important roles in the cell.

As we previously reported for Ribo-seq predicted nuORFs (Ji et al. 2015), MHC I MS/MS-
detected nuORFs were shorter than annotated ORFs (p < 10-* across all nuORF types, t-test)
(Figure 2g). Strikingly, the translated protein products of 26 nuORFs were exactly the same length
as their corresponding MHC I-bound antigens, such that they should not require protease
processing, as they are ready-made for MHC I presentation. For example, a peptide corresponding
to an entire translated 5° uORF from the 5° UTR of ARAF is translated at a higher rate than the

annotated ARAF protein in B721.221 cells (Figure 2h). The peptide matches the expected motif
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of HLA-B*45:01, where it was detected (Supplementary Figure Sa), and the LC-MS/MS spectra
of the peptide closely support the sequence (Supplementary Figure 5b). Such short, abundant
nuORF proteins may be presented on MHC I more quickly following translation than longer

annotated proteins, which require protease processing.

NuOREF peptides explain some MS/MS spectra previously assigned to proteasomal spliced

peptides

Proteasomal splicing of peptides has been proposed as a source of non-genomically encoded HLA
class I antigens (Faridi et al. 2018; Liepe et al. 2016), but remains controversial as alternative
interpretations for some of the underlying MS/MS spectra have been reported (Rolfs et al. 2019;
Mylonas et al. 2018). For 9 of our previously published HLA class [-expressing monoallelic
datasets (Abelin et al. 2017), our current data analysis found 308 nuORF-derived peptides,
supported by Ribo-seq, that map to the same MS/MS spectra as 343 proposed spliced peptides
(Faridi et al. 2018), in either of two scenarios: (1) for 98 cases, the nuORF-derived peptide
sequence is identical to a proposed spliced peptide (Supplementary Figure 6a,b); or (2) for 210
cases, the partial sequence present in the MS/MS spectrum matched to a nuORF-derived peptide
is also consistent with one or more different, yet similar, spliced peptide sequences
(Supplementary Figure 6c,d). Notably, while 84% of nuORF peptides and 94% of annotated
peptides had predicted MHC I binding scores over 0.8 (Methods), only 33% of proposed spliced
peptides did (Figure 2i), consistent with reports that many spliced peptides were incorrectly
identified (Rolfs et al. 2019; Mylonas et al. 2018). This suggests that stringent FDR thresholds and
careful attention to sequence ambiguities resulting from de novo MS/MS interpretations are
particularly warranted when interpreting the MS/MS spectra of peptides derived from

noncanonical sources.
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NuORFs differ between the whole proteome and MHC I immunopeptidome

NuORFs were under-represented in whole proteome MS/MS analyses compared to the MHC 1
immunopeptidome, consistent with previous reports (Erhard et al. 2018; Raj et al. 2016). In the
whole proteome of B721.221 cells, we identified 205 peptides from 102 nuORFs, representing
only 0.1% of all peptides identified and >20-fold fewer peptides than in the MHC I
immunopeptidome (Figure 2j). For example, we detected only 10 out-of-frame nuORFs and three
5> uORFs in the whole proteome, compared to 595 and 806 such nuORFs in the MHC I
immunopeptidome, respectively (Figure 2k). Additionally, while 59% of all detected annotated
proteins were observed in both the MHC I immunopeptidome and in the whole proteome, only
0.8% of nuORFs were shared (Figure 21). Despite comparable levels of translation between
nuORFs detected on the MHC I and in the whole proteome (MHC I: 1.23, Whole: 1.42, p=0.26,
KS test), the median length of nuORFs detected on the MHC 1 was far shorter than those detected
in the whole proteome (Figure 2m, 47 vs. 102 amino acids, p < 107'6, KS test), suggesting a

preference for presentation of shorter nuORFs on MHC 1.

NuOREF identification in cancer MHC I immunopeptidomes

To further investigate nuORFs as a potential source of novel cancer antigens, we used nuORFdb
to analyze the MHC I immunopeptidome of 10 cancer samples. On average, ~1.5-2.2% of the
immunopeptidome was assigned to nuORFs, across the melanoma, glioblastoma and CLL samples
in nuORFdb (2.2%, n=3), as well as additional melanoma and glioblastoma samples (2.0%, n=5),
and renal cell carcinoma and ovarian cancer samples not used to create the database (1.5%, n=2)
(Figure 3a, Supplementary Figure 7a). Interestingly, compared to B721.221 cells, IncRNA
nuORFs were less frequently observed across these primary human cancer samples (p = 10, rank-

sum test, see Methods), while 5> uORFs were enriched (p = 0.05, rank-sum test, Methods)
9
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(Supplementary Figure 7b-d). NuORFs detected across various cancer samples were predicted
from multiple nodes used in the generation of nuORFdb, with no single node able to account for
all detected nuORFs in a given sample, highlighting the benefits of our hierarchical ORF prediction
approach (Figure 3b). Importantly, nuORFdb helped detect MHC 1 presented peptides from
translated nuORFs even in samples without any Ribo-seq data, albeit at lower proportion (Figure
3a). Overall, we detected peptides from 576 unique nuORFs of various types across all cancer
immunopeptidomes (Figure 3c¢). More than half (50.6%) of the nuORFs were detected in more
than one sample, demonstrating that they are not likely derived from random translation, but are
translated recurrently across multiple samples (Figure 3d). As with B721.221 cells, nuORFs were
under-represented in the whole proteome of a glioblastoma sample compared to the MHC I
immunopeptidome (Supplementary Figure 7e,f), and those nuORFs detected in the whole
proteome were significantly longer than those detected in the MHC I immunopeptidome

(Supplementary Figure 7g, p = 10, KS test), with only 1% overlap between the two sets

(Supplementary Figure 7h).

Identical peptide sequences were frequently detected in the cancer cells and in our HLA- matched
B721.221 models (Figure 3e,f) for both annotated ORFs and nuORFs. The extent of overlap
increased with the increase in the number of HLA alleles matching between B721.221 and the
cancer cells (Figure 3g), for both annotated peptides (Pearson r> = 0.74, p = 10-'®) and nuORFs (r?
=0.57, p = 10"'"). Those ORFs that were detected in cancer cells but not in B721.221 cells had a
lower level of translation in B721.221 cells, for both annotated ORFs (p = 107%° t-test) and

nuORFs (p < 10713, t-test) (Figure 3h).

NuORFs are sources of cancer antigens

Next, we estimated the extent to which nuORFs can serve as cancer antigens through either cancer-
10
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specific somatic mutations in nuORFs; or through cancer-specific translation (Figure 4a,

Supplementary Figure 8a).

For cancer-specific somatic mutations in nuORFs, we considered that WES is currently the
standard approach to identify cancer-specific somatic mutations in annotated ORFs, yet it does not
provide sufficient coverage to capture somatic mutations across various categories of nuORFs.
While >99% of annotated ORFs had over the recommended 30X median coverage in WES, the
coverage across nuORF types varied, and only 19.5% of 5’uORFs and 43% of nuORF-bearing
IncRNAs had similar coverage in WES (Figure 4b, Supplementary Figure 8b, Methods). We
therefore performed WGS, which provided at least 30X median coverage for over 98% of both

annotated ORFs and nuORFs, across all types (Figure 4b, Supplementary Figure 8b).

To estimate the potential contribution of nuORFs with somatic mutations to the neoantigen
repertoire in our systems, we focused our WGS analysis on a primary melanoma cell line (and
matched PBMCs) previously characterized by WES, obtained from a patient who had received a
personal neoantigen-targeting cancer vaccine (Ott et al. 2017); these cells were further profiled by
Ribo-seq. The somatic mutation analysis by WGS closely recapitulated the original patient tumor
genetics profiled by WES (Supplementary Figure 8c). We developed a computational pipeline
to retrieve the Ribo-seq translation support for the mutant and wild-type alleles containing single
nucleotide variants (SNVs) (Supplementary Figure 8d, Methods). We then selected the most
likely neoantigens that could be derived from somatic variants in nuORFs and annotated ORFs,
by prioritizing those that are: (1) mutated (by somatic mutation calling), (2) translated (by Ribo-
seq coverage, in the mutant allele), and (3) predicted to be presented on MHC I (<500nM predicted

MHC I binding affinity by netMHCpan 4.0 (Hoof et al. 2009)).

For this patient-derived melanoma sample, Ribo-seq supported the translation of a total of 217
11
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SNVs, 22% of them exclusively in nuORFs (Figure 4c¢), with 19 of 75 (25%) of the mutated
epitopes predicted to bind to autologous HLAs, derived from translated nuORFs (Figure 4d).
Given the diversity of HLA alleles across the human population, based on the variants in this
patient, we estimate that the rate at which mutations can generate antigens with high predicted
MHC 1 binding affinity across alleles is 1.4% and 1.6% for annotated ORFs and nuORFs,
respectively (Figure 4e, C1 95%: 0.1-0.3%). Altogether, these results suggest that nuORFs provide

a sizeable additional source of potential neoantigens in cancer.

Cancer-specific nuORF translation

Finally, we assessed the potential for neoantigen generation by cancer specific translation. To
identify nuORFs translated in a melanoma-specific manner, we analyzed the 335 nuORFs detected
in the MHC I immunopeptidomes from 4 melanoma samples (Figure 4f) and identified 6 high
confidence melanoma-specific nuORF candidates. These were defined as those transcripts among
the 335 nuORFs that were both lowly expressed across all healthy tissues (except the testis) in the
Genotype-Tissue Expression (GTEx) collection of RNA-seq of healthy tissues (Consortium, G.
TEx 2015) (Figure 4f, red box), and expressed at least 2-fold higher than the maximum GTEx
expression in at least 5% of 473 melanoma samples in The Cancer Genome Atlas (TCGA) (Hutter
and Zenklusen 2018; Blum, Wang, and Zenklusen 2018) (Figure 4a,f, Methods). Two of the six
nuORFs, found in the RP11-726G1.1 pseudogene and the linc-CDYL-1 IncRNA, were highly
overexpressed in 28% and 59% of TCGA melanoma samples respectively, suggesting potential

shared candidate antigen targets across melanoma patients (Figure 4g,h).

We also used our Ribo-seq data to identify additional nuORFs that are not only translated in a
cancer-specific manner (Figure 4a,i), but also lowly expressed by RNA-seq (TPM < 1, excluding

testis) across healthy tissues in GTEx (Figure 4i). Indeed, many of the selected nuORFs had higher
12
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expression in the matched cancer type compared to healthy tissues and other cancer samples (p <
0.0001, Figure 4i,j). In particular, 13 nuORFs were strongly upregulated in CLL compared to
GTEXx and other cancer samples (Figure 4Kk). For example, we found a CLL-specific 5’uORF in
the ARHGAP44 locus, a gene which has been shown to be upregulated in CLL patients up to 10
years prior to diagnosis (Georgiadis et al. 2017). The ARHGAP44 5’ uORF is translated from a
5’UTR of a CLL-specific ARHGAP44 transcript isoform, not expressed in healthy B cells and
different from the isoform expressed in other tissues, such as melanoma (Figure 41). Another CLL-
specific 5’ouORF was detected in the RRAS2 gene, which is upregulated in CLL patients with
deletion in chromosome 13q (Rodriguez et al. 2012). Given the low frequency of somatic

mutations in CLL (Rajasagi et al. 2014), these CLL-specific nuORFs could provide new antigenic

targets for therapy.

We similarly identified several GBM and melanoma-specific nuORFs (Supplementary Figure
9a,c). In GBM, several nuORFs were translated from the SOX2-OT “noncoding” transcript
(Supplementary Figure 9a) and a peptide (MIFESKTLF) derived from one of the SOX2-OT
nuORFs was detected in the MHC I immunopeptidome of one of the GBM samples
(Supplementary Figure 9b). SOX2-OT, annotated as a IncRNA, is frequently upregulated in
GBM patients, and is essential for GBM tumorigenesis (Su et al. 2017). Given that SOX2-OT
harbors several nuORFs specifically translated in GBM, further exploration of its role in GBM

pathogenesis and potential immunogenicity is warranted.

Discussion

Here, we combined Ribo-seq and MHC I immunopeptidome mass spectrometry analysis to

identify thousands of nuORFs that were translated in healthy and cancer cells and contributed

13
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antigens to MHC I presentation. We detected both somatic mutations in nuORFs of cancer samples

and nuORFs with tumor-specific translation, each expanding the pool of potential immunogenic

cancer antigens.

Our comprehensive nuORF identification was enabled by our large Ribo-seq dataset collected
across 29 samples of different tissue types, and our hierarchical ORF identification approach which
leveraged this abundant data to identify nuORFs translated across tissues as well as in tissue- and
sample-specific manner, thus constructing nuORFdb v1.0. The hierarchical nuORF identification
pipeline leveraged the complementary power of tools with high nuORF discovery rates (RibORF
(Ji et al. 2015)), particular power for identifying short overlapping out-of-frame nuORFs (PRICE
(Erhard et al. 2018)), and recovery of cancer-specific nuORFs through de novo transcript assembly
(MiTranscriptome (Iyer et al. 2015)). In this way, we maximized the number of translated nuORFs
while maintaining a reasonable database size, making it a practical resource for routine use in MS

studies.

Our extensive MHC-I immunopeptidome proteomics analysis allowed us to validate that nuORFs
are translated and presented, and provided ground truth for improving prediction quality. The
>6,000 nuORF peptides we identified with stringent criteria as presented on MHC I, have similar
biochemical and biophysical characteristics to peptides derived from annotated proteins, and
dramatically expand the number of nuORFs detected by mass spectrometry (Erhard et al. 2018;
Martinez et al. 2019; Ma et al. 2016, 2014), particularly in primary cancer samples. As 50.6% of
nuORFs were detected in more than one MS sample, they are recurrently translated and MHC I-
presented, with identical peptide sequences frequently detected in patient-derived cancer cell lines
and in B721.221 mono-allelic cells expressing matching alleles, highlighting the robustness of

nuORF prediction and the dependency of MHC I presentation on the HLA allele expressed in a
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given sample. Notably, the annotations in nuORFdb provide better context for interpretation of
MHC I immunopeptidome data, favoring for example nuORF explanations of many peptide
sequences previously postulated to be derived from proteasomal splicing (Faridi et al. 2018). While

nuORFdb is likely not fully saturated, it can already be used to identify nuORFs in tissue types not

yet profiled by Ribo-seq.

Far fewer nuORFs were detected in whole proteome vs. MHC I immunopeptidomes analysis,
despite their similar translation levels, consistent with previous reports that nuORFs are rarely
detected in whole proteomes (Erhard et al. 2018; Raj et al. 2016). NuORFs detected on MHC 1
were substantially shorter than those detected in the whole proteome, suggesting that shorter
nuORFs may be more likely presented on MHC 1. Interestingly, 26 of the nuORFs encoded
peptides exactly the same length as their observed MHC I-bound antigens, requiring no additional
post-translational processing prior to presentation. Translation of such peptides may result in a
more rapid MHC I presentation and recognition by the immune system, thus providing a faster
readout of cellular state. To our knowledge, these are the first examples of very short nuORFs that

are translated and detected on MHC I without post-translational processing.

While the primary biological function of some nuORFs may be to become antigens that trigger an
immune response, it is likely that others might have additional biological functions. In particular,
we have detected peptides from 318 nuORFs in transcripts currently annotated as lincRNAs, which
should be prioritized in future perturbation studies. In other examples, the hierarchical nuORF
identification approach detected overlapping, out-of-frame nuORFs, encoded by the same gene,
such as SOCS1, involved in the interferon gamma signaling pathway (Yoshimura, Naka, and Kubo
2007). In our MHC I immunopeptidome data, we identified peptides derived from 3 overlapping

proteins with completely different amino acid sequences, all encoded by the SOCSI gene. They
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included the annotated SOCSI1 protein, a short out-of-frame 1ORF, and another short 5° ouORF,
overlapping, but out-of-frame with the 5’ end of the annotated ORF. Given the important

biological function of the annotated SOCS1 protein, the cellular roles of SOCS-derived nuORFs

beg investigation, as do the dynamics of their translation.

Both somatic mutations in nuORFs and cancer specific translation of nuORFs can expand the
neoantigen repertoire. In melanoma, we identified 25% more potential neoantigens derived from
translated nuORFs containing somatic mutations. While WGS successfully captured variants
across all nuORF types in nuORFdb, WES frequently exhibited insufficient coverage, in particular,
for nuORFs in 5° and 3° UTRs and IncRNAs. Expanding WES panels to include the UTRs of
protein-coding transcripts harboring nuORFs could extend clinical access to an expanded pool of
potential neoantigens. Among the nuORFs transcribed and translated in cancer-specific manner in
melanoma, GBM or CLL, were a 5 uORF in ARHGAP44, a 5’ ouORF in RRAS2, and nuORFs in
SOX2-OT lincRNA, each derived from a gene involved in cancer biology (Georgiadis et al. 2017;
Rodriguez et al. 2012; Su et al. 2017). Multiple additional cancer-specific nuORFs were derived
from novel transcripts (Iyer et al. 2015). These cancer-specific nuORFs can be potential sources

of cancer antigens or carry important biological functions.

In summary, nuORFs are prevalent, translated, and contribute ~2% of the antigen repertoire
presented on MHC I in cancer cells. NuORFs can harbor somatic mutations, and can be translated
in a cancer-specific manner, providing an expanded source of potential immunogenic targets.
Additionally, the large number of such varied types of nuORFs being translated raises the question
of what biological functions they have beyond immune presentation. Our data suggest that nuORFs
should be considered when exploring the immunopeptidome, and that they reveal attractive

candidates for immunotherapeutic targeting and biological investigation.
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identifying neoantigens as described in this manuscript.
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Figure 1. Thousands of nuORFs from Ribo-seq are translated and contribute peptides to the MHC I
immunopeptidome. a. Schematic overview of nuORF database generation using Ribo-seq and hierarchical ORF
prediction followed by nuORF peptide identification in MHC | immunopeptidomes. b. Sample read contribution to
nuORFdb shown as percent of Ribo-seq reads contributed by each tissue type. ¢. Hierarchical ORF prediction
approach. ORFs are predicted independently at multiple nodes from reads in each sample (leaves), multiple
samples of the same tissue (clades) and all samples (root). d. Hierarchical prediction increases power while
maintaining tissue specificity. Left: Pooling reads across samples allows ORF detection (bottom track) even when
each sample alone will have insufficient reads (top two tracks). Right: Predicting in individual samples (top two
tracks) detects overlapping ORFs. e. Diverse nuORFs contribute to the MHC | immunopeptidome. Top: Percent of
MS/MS spectra mapped to nuORF peptides (red) identified in the MHC | immunopeptidome of 92 HLA mono-allelic
B721.221 samples. Bottom: The number of detected nuORFs (x axis) of various types (y axis).
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Figure 2. nuORFs peptides in the MHC | immunopeptidome have comparable biochemical properties to annotated ORFs.
a-g. Comparable features of nuORFs and annotated peptides. a. LC-MS/MS Spectrum Mill identification score (y axis) for nuORF
(pink) and annotated (grey) peptides (mean scores: 11.7 nuORF, 11.4 annotated; 2.4% to 3.8% increase, 95% ClI). b. Distribution of
detected peptide length (x axis) for nuORF (pink) and annotated (grey) peptides (median 9 AA for both). ¢. Ribo-seq translation
levels (y axis, log2(TPM+1)) of annotated proteins (grey) and nuORFs (pink) in B721.221 cells (means: 1.6 annotated, 1.7 nuORF,
5.8% to 11.7% increase, 95% CI). d. Predicted hydrophobicity index (y axis) and retention time (x axis) of annotated (grey) and
nuORF (pink) peptides for the HLA-B*56:01 sample. Dashed line: Lowess fit to the annotated peptides. e. Similar sequence motifs
in nuORFs and annotated peptides. NMDS plot of all 9 AA peptides (dots) identified in HLA-B56:01 from nuORF (pink) or annotated
ORFs (grey). Sequence motif plots shown for all annotated, all nuORF, and two marked clusters. f. Entropy weighted correlation (y
axis) across all B721.221 HLA alleles between identified 9 AA annotated peptides and either down-sampled sets of annotated
peptides, or nuORF peptides. g. nuORFs contributing peptides to the MHC | immunopeptidome are shorter than corresponding
annotated proteins. Distribution of length (x axis) of different nuUORF classes and annotated proteins (y axis) contributing peptides
to the MHC | immunopeptidome. h. A5’ uORF from ARAF detected in the MHC | immunopeptidome. Red box: magnified view of the
5’ uORF read coverage. Blue bars: in-frame reads, grey bars: out-of-frame reads. Magenta outline: LC-MS/MS detected peptide with
periodicity plot showing strong read support for translation. i. Distribution of predicted MHC | binding scores for annotated peptides
(grey), nuORF peptides (pink) and proteasomal spliced peptides from Faridi et al for 9 of our alleles (blue). j-m. nuORFs in the immu-
nopeptidome have distinct characteristics compared to those in the whole proteome. j. Percent nuORFs (y axis) in immunopepti-
dome across 92 HLA alleles (pink) or of the whole proteome (grey). k. Number of nuORFs (x axis) of different categories (y axis)
detected in the immunopeptidome (left) or the whole proteome (right). I. Proportion of all annotated ORFs (top) or nuORFs (bottom)
detected in the whole proteome (blue), immunopeptidome (pink) or both (intersection) in B721.221 cells. m. Cumulative distribution
function plots of Ribo-seq translation levels (left, x axis, log2(TPM+1)) or protein length (right, x axis) for annotated ORFs (top) or
nuORFs (bottom) in MHC | immunopeptidome (red) or the whole proteome (blue). P-values: KS test. For all boxplots (A,C,F,H,J):
median, with 25% and 75% (box range), and 1.5 IQR (whiskers) are shown.
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Figure 3. nuORF peptides in the MHC | immunopeptidome of cancer cells. a-c. nuORFdb allows detection of nuORFs in
MHCI | immunopeptidome of samples and tumors types without prior Ribo-Seq data. a. Percent nuORF peptides detected in the
MHC | immunopeptidome (y axis) from primary CLL, GBM, melanoma (MEL), ovarian carcinoma (OV), and renal cell carcinoma
(RCC) (x axis). Hashed bars: Samples that contributed to nuORFdb. Grey bars: Same cancer types as in nuORFdb but from
other patients. Black bars: Samples from tumor types not represented in nuORFdb. b. Fraction of MS/MS-detected nuORFs
(colorbar) in each sample (rows) predicted by each node (columns). ¢. Number of nuORFs (x axis) of different types (y axis)
identified in the MHC | immunopeptidome across 10 cancer samples. d. More than half of nuORFs are detected in more than
one sample. Percent of nuORFs detected in one or more samples, including all cancer samples and B721.221 cells. e-h. Identi-
cal peptide sequences are presented on the same HLA alleles in cancer and in B721.221 cells. e. Approach to analyze peptide
overlap between cancer samples and B721.221 cells expressing the same HLA alleles. Dark blue circle: cancer sample with 6
known HLA alleles. Grey circles: HLA mono-allelic B721.221 cells. Blue boxes: B721.221 cells used in the overlap analysis
expressing cancer-matched HLA alleles. f. Percent of annotated (grey) and nuORF (pink) peptides (y axis) detected in cancer
immunopeptidomes (x axis) that are also detected in HLA type-matched B721.221 samples. Number of available B721.221
sampled alleles over cancer sample’s known HLA alleles are shown above the bar. g. Percent of annotated (black) or nuORF
(red) peptides (y axis) detected in cancer MHC | immunopeptidomes that are also detected in 6 B721.221 mono-allelic samples
with variable numbers of HLA-matched samples (x axis). h. Median Ribo-seq translation levels (y axis, log2(TPM+1)) of annotat-
ed ORFs (grey) and nuORFs (pink) exclusive to cancer samples or also detected in B721.221 cells (hashed) (i-test, Annotated:
p = 10-109, nuORF: p = 10-13). Error bars: 95% CI.
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Figure 4. nuORFs expand the mutated and non-mutated antigen repertoire in cancer. a. Approaches to identify
potential nuORF-derived neoantigens. b-e. Potential neoantigens from nuORFs with somatic mutations. b. Percent of
ORFs with median =30x read coverage (y axis) by WES (n=18 samples: primary melanoma and GBM and matched
normal) and WGS (n=2 samples: MEL11 and matched normal, hashed) for different types of ORFs (x axis) (*p < 0.01,
t-test). Error bars: 95% CI. ¢. Number of Ribo-seq supported, non-synonymous SNVs (y axis) in MEL11 in annotated
ORFs, nuORFs, or in both ORF types when they overlap. d. Number of high affinity (<500nM, netMHCpan v4.0) potential
neoantigens (y axis) from annotated ORFs (grey) and nuORFs (pink) in MEL11. e. The rate of SNV-derived potential
neoantigen peptides with high binding affinity (<5600nM, netMHCpan v4.0) (y axis) from annotated ORFs (grey) and
nuORFs (pink) across 1,170 netMHCpan v4.0 trained HLA alleles (means: 1.4% annotated, 1.6% nuORFs (0.1-0.3%
higher, Cl 95%)). For the boxplot, the median is shown, the 25% and 75% define the box range, and the whiskers go up
to 1.5 1QR. f-h. MHC | MS/MS-detected nuORFs enriched in cancers may be potential sources of neoantigens. f. Expres-
sion level (log2(TPM+1)) of nuORFs (rows) detected in MHC | immunopeptidomes of 4 melanoma samples, ordered by
mean expression (rightmost column) across all GTEX tissues (columns), except testis. Red box: nuORF at bottom 15%
by mean expression (left), filtered for those expressed at least 2-fold higher than the maximum expression in GTEx in at
least 5% of 473 melanoma samples in (TCGA) (right). g. Expression level (y axis, log2(TPM+1)) of melanoma-enriched,
MS/MS-detected nuORFs in GTEXx (purple) and TCGA melanoma (green) samples (x axis). Blue line: 2x highest GTEx
expression (testis excluded). h. Percent of TCGA melanoma samples (y axis) with nuORF transcript (x axis) expression
greater than 2x highest GTEx expression. i-l. nuORFs specifically translated in cancers as potential sources of neoanti-
gens. i. Left: Ribo-seq translation levels (log2(TPM+1)) of nuORFs (rows) exclusively translated in GBM (pink box),
melanoma (green box) or CLL (teal box) samples (columns, left), with median expression <1 TPM across GTEXx tissues
(columns, middle) (testis excluded), and their expression (log2(TPM+1)) in respective cancer samples (columns, right).
Far right: Significantly higher expression (grey, p < 0.0001, rank-sum test) in expected cancer type vs. the other cancer
types or vs. GTEx expression. j. Percent of nuORFs (y axis) for each cancer type (x axis) with significantly higher expres-
sion (p < 0.0001, rank-sum test) in the expected cancer type than the other two cancer types (grey) or GTEx (purple)
samples. k. Expression (y axis, log2(TPM+1)) of CLL-specific nuORFs (x axis) in CLL (teal), GBM (pink), melanoma
(green), and GTEx (purple). I. CLL-specific ARHGAP44 5’ uORF (red box). Alternative transcript isoforms are translated
in melanoma vs. CLL, and not translated in B cells. For all boxplots (E,G,K): median, with 25% and 75% (box range), and
1.5 1QR (whiskers) are shown.
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Sup. Fig. 1. nuORFdb characteristics. a. Hierarchical ORF prediction. Tree showing individual samples (leaves), combi-
nations of samples (clades) and entire datasets of all reads (root) representing the nodes used to make ORF predictions
(arrowheads). #: samples used in nuUORFdb construction, but later discovered to be of poor quality and not used in any
subsequent analyses; CHX: samples pre-treated with cycloheximide; Harr: samples pretreated with harringtonine, IFNy:
samples pre-treated with interferon gamma. b,c. NUORFdb size relative to the transcriptome and the annotated proteome.
Number of ORFs (y axis, b) and unique 9AA peptides (y axis, ¢) in the entire transcriptome, the nuORFdb, or the annotated
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Sup. Fig. 2. Additional filtering of MHC | IP, MS/MS-detected nuORF
peptides. a-d. Impact of filtering on nuORF number, types and false discov-
ery rates. a,b. Total number of nuORF peptides (y axis) identified pre-filtering
(solid bars) and retained post-filtering (hashed bars) overall (a) and for differ-
ent nuORF types (x axis, b). ¢,d. False discovery rate (y axis) for annotated
(grey) and nuORF (pink) peptides across 92 HLA alleles pre- and post-filtering
(hashed) overall (¢) and for different ORF types (x axis, d). e. Criteria used to
filter peptides across ORF types. f. Filtering thresholds across nuORF catego-
ries. Filter cutoffs (vertical red lines) across different peptide spectral match
scoring features (x axis) for different ORF types (y axis). Median, with 25%
and 75% (box range), and 1.5 IQR (whiskers) are shown. g. Filtering impact
across categories. Percent of peptides (y axis) retained post-filtering across
different ORF categories and overall (x axis).
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Sup. Fig. 3. nuORFs peptides in the MHC | immunopeptidome have comparable biochemical properties to anno-
tated peptides. a. MHC | immunopeptidome includes peptides from different nuORF categories. Number of unique
proteins (x axis) detected by MHC | IP LC-MS/MS across expanded ORF types (y axis). b-g. Comparable biochemical
features of nuUORF and annotated peptides. b. Distribution of LC-MS/MS Spectrum Mill identification score (x axis) for
annotated and nuORF peptides across ORF types (y axis). €. Peptide fragmentation score (x axis) for peptides identified
across ORF types (y axis). d. Ribo-seq translation levels (x axis, log2(TPM+1)) of MHC | MS-detected ORFs across
various ORF types (y axis). For all boxplots, median, with 25% and 75% (box range), and 1.5 IQR (whiskers) are shown.
e. Predicted hydrophobicity index (y axis) against the LC-MS/MS retention time (x axis) for annotated (grey) and nuORF
(pink) peptide sequences for three representative HLA alleles. Dashed line: Lowess fit to the annotated peptides.
Sample sizes, root mean square errors (rmse), and p-values (rank-sum test on residuals) are marked. f,g. Similar
sequence motifs in nuORFs and annotated peptides. f. Non-metric multidimensional scaling (NMDS) plot of all MHC IP
LC-MS/MS-detected annotated and nuORF 9 AA peptide sequences clustered by peptide sequence similarity for three
representative HLA alleles. g. Consensus peptide sequence motif plots of all MHC IP LC-MS/MS-detected annotated
and nuORF 9 AA peptide sequences.
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Sup. Fig. 4. Hierarchical ORF prediction based on Ribo-seq identifies short, overlapping, tissue-specific
nuORFs. a. nuORFs predictions are more sample and tissue specific than annotated ORFs. Proportion of anno-
tated ORFs (grey) and nuORFs (pink) in the MHC | immunopeptidome (y axis, and pie chart). Hashed: proportion
predicted only at the leaf and clade level, but not at the root. b. Two overlapping, MHC | MS-detected 5’ uORFs
in LUZP1 as an example of tissue-specific, overlapping nuORFs identified by hierarchical ORF prediction.
uORF2 (pink) was predicted in the CLL clade, and not at the root. uORF1 (cyan) was predicted at the root and
not in the CLL clade. Detected peptides outlined in red with the HLA alleles where peptides were detected
marked below. ¢. Example of identification of short ORFs proximal to long annotated ORFs in the MLEC gene.
RNA-seq (blue) and Ribo-seq (green) reads aligned to the transcript of the MLEC gene. RNA-seq reads align to
the entire length of the transcript, while Ribo-seq reads align exclusively to the translated portions. Ribo-seq
supports translation of a 5’ UORF (red box, top). Histogram of reads supporting translation of the MLEC 5’ uORF
(dark green) (bottom). d. SOCST gene as an example of identification of short, overlapping nuORFs. SOCS1
gene encodes three translated proteins: the annotated ORF, an out-of-frame iORF, and a 5’ overlap ouORF. Two
MHC | MS-detected peptides from 5’ ouORF outlined in yellow. Detected iORF peptide outlined in red and shown
in higher magnification below. Bottom: Histogram of Ribo-seq reads supporting translation of the annotated ORF
(blue) and the out-of-frame iORF (green).
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Sup. Fig. 5. Short nuORFs are presented on MHC | without post-translational protease processing. a. The peptide
comprising the full-length sequence of the 5’ uORF from the ARAF gene and the expected binding motif for the HLA allele
B*45:01, from which it was presented and detected. b. LC-MS/MS spectrum of the ARAF 5’ uORF.
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Sup. Fig. 6. Some nuORF-derived peptides map to the same MS/MS spectra as peptides that have previously been
proposed to be derived from proteasomal splicing in Faridi et al. a. MS/MS spectrum of the peptide ALLFWENKL
presented by HLA allele A*02:04 that can be derived from the translated LINC01055 IncRNA nuORF was previously
proposed to be derived from proteasomal cis-splicing. The peptide contains L at both position 2 and the C-terminus, consis-
tent with the anchor motif for allele A*02:04 ligands. b. RNA-seq and Ribo-seq reads aligned to the LINC01055 IncRNA
locus. Red box marks the MHC | IP LC-MS/MS detected nuORF. Bottom panel shows a magnified view of the reads
supporting nuORF translation. Detected peptide is outlined in yellow. ¢,d. Partial sequence present in the MS/MS spectra
assigned to spliced peptides are also consistent with different, yet similar, nuORF peptide sequences. ¢. MS/MS spectrum
of a peptide presented by allele A*31:01 yields near complete fragmentation with explicit sequence evidence for the order
of all residues except the first two: AL/KIAIAIAIF/G/R. Both peptides ALKAAAFGR (derived from KDM5C 5 uORF) and
LAKAAAFGR (proposed to be derived from proteasomal cis-splicing) are consistent with the fragment ions present in the
spectrum. Leucine in position 2 (nuORF) and arginine at the C-terminus are consistent with the anchor motif for allele
A*31:01 ligands, while alanine in position 2 (spliced) is not. In addition, 3 more peptides from KDM5C 5’ uORF were detect-
ed on HLA A*74:01 and C*16:01, further supporting the nuORF translation and presentation. d. RNA-seq and Ribo-seq
reads aligned to the KDM5C locus. Red box marks the 5’ uORF detected by MHC | IP LC-MS/MS. Detected peptides and
the expected peptide sequence motifs are outlined in yellow and orange.
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Sup. Fig. 7. nuORF peptides in the MHC | immunopeptidome and whole proteome of cancer cells. a. nuORFdb helps map
immunopeptidome even from samples and tumor types not used in constructing the reference. Total number of MHC | LC-MS/MS
spectra mapped (y axis) across cancer samples (x axis). b-d. nuORFs of various types were detected in the MHC | immunopepti-
dome of cancer samples. Number (b) and proportion (¢) of nuORFs (y axis) of different types identified in each cancer sample (x
axis). d. Distribution of the fraction (y axis) of nuORF types (x axis) in B721.221 cells (dark grey) or across cancer samples (light
grey). Asterisk: p < 0.05, rank-sum test. Median, with 25% and 75% (box range), and 1.5 IQR (whiskers) are shown. e-h. nuORFs
are more abundant in the MHC | immunopeptidome than in the whole proteome. e. Percent of nuORF peptides (y axis) detected
in the immunopeptidome (pink) and in the whole proteome (blue) of GBM11. f. Number of nuORFs (x axis) of different types (y
axis) identified in the MHC | immunopeptidome (left) vs. whole proteome (hatched, right) in GBM11. g. Protein length (x axis,
amino acids) of annotated (top) and nuORF (bottom) proteins detected in the MHC | immunopeptidome (pink) vs. in the whole
proteome (blue). p-values: KS test. h. Proportion of all annotated ORFs (top) or nuORFs (bottom) detected in the whole proteome
(blue), immunopeptidome (pink) or both (intersection) in GBM11.
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Sup. Fig. 8. nuORFs can be potential sources of neoantigens. a. Approaches to identify potential nuORF-derived
neoantigens. b. nuORFs have low sequence coverage by WES compared to WGS. Distribution of WES read coverage (x
axis) across different ORF types (y axis). Bottom: WGS read coverage across all ORFs of all types. Vertical red line marks
30x coverage. Median, with 25% and 75% (box range), and 1.5 IQR (whiskers) are shown. ¢. Somatic variants in the mela-
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by WES from the primary tumor and by WGS from the tumor-derived cell line. d. Ribo-seq can be used to identify translat-
ed variants. Example of a translated SLC7A1 5’ uORF with a cancer-specific SNV. Top: histogram of Ribo-seq reads
supporting the translation of the 5’ uUORF. Middle: Ribo-seq reads supporting translation of the mutant (green) and wild-type
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Sup. Fig. 9. GBM and melanoma specific nuORFs. a-b. GBM-specific nuUORFs. a. RNA-seq expression (y axis, log2(TP-
GTEx and tumor samples. For all boxplots, median, with 25% and 75% (box range), and 1.5 IQR (whiskers) are shown.
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Methods

Cell cultures

A375 cells were cultured in DMEM media (Gibco), supplemented with 5% fetal bovine serum
(FBS). HCT116 cells were cultured in McCoy’s SA Medium (Thermo Fisher Scientific),

supplemented with 5% FBS.

Generation of HLA mono-allelic B721.221 cells

The HLA mono-allelic cell lines were generated as previously described (Abelin et al. 2017,
Sarkizova et al. 2019). Briefly, single HLA allele-expressing cDNA vectors in a pcDNA-3
backbone were ordered from GenScript™. The HLA class I deficient B721.221 cell line was
transfected with the HLA allele expression vectors using lipofectamine, as described previously
(Abelin et al. 2017). Cell lines with stable surface HLA expression were generated first through
selection using 800ug/ml G418 (Thermo Fisher Scientific), followed by enrichment of HLA
positive cells through up to 2 serial rounds of fluorescence-activated cell sorting (FACS) and
isolation using a pan-HLA antibody (W6/32; Santa Cruz) on a FACSAria Il instrument (BD

Biosciences).

Primary human cells and generation of cancer cell lines

All human tissues were obtained following informed consent through DFCI or Partners Healthcare
approved IRB protocols. Conditions for growth and in vitro propagation of melanoma and GBM
tumor cell lines were described previously (Ott et al. 2017; Keskin et al. 2019). PBMCs from fresh
healthy donor whole blood were isolated using Ficoll density gradient medium. CD19" B cells

were isolated using EasySep Human CD19 Positive Selection Kit, obtaining between 25 and 54
1
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million B cells per donor. For fresh CLL samples, PBMCs were isolated using Ficoll density
gradient medium, enriched for CD19 positive CLL tumor cells and were used in IP/MS analysis
and Ribo-seq. For cryopreserved CLL samples, live cells were isolated with an OptiPrep density
gradient medium. Surgically resected clear cell renal cell carcinoma (ccRCC) tissue was
mechanically dissociated with scalpels, and then enzymatically dissociated using a mixture of
collagenase D (Roche), Dispase (STEMCELL Technologies), and DNase I (New England
BioLabs) at room temperature, and filtered through a 100 micron cell strainer using the sterile
plunger of a syringe. Red blood cells were lysed using ammonium-chloride-potassium buffer
(Gibco). The cell suspension was stained for viability (Zombie Aqua; BioLegend), anti-CD45
(BV605; BD Biosciences), and anti-carbonic anhydrase IX (PE; R&D Systems). Viable, CD45",
CAIX" tumor cells were isolated by FACS (BD FACSAria II cell sorter; BD Biosciences). Cells
were cultured in a specialized growth medium consisting of OptiMEM GlutaMax media (Gibco),
5% fetal bovine serum, 1mM sodium pyruvate (Gibco), 100 units/mL penicillin and streptomycin,
50 micrograms/mL gentamicin, 5 micrograms/mL insulin (Sigma), and 5 ng/mL epidermal growth
factor (Sigma). Following successive passages, CAIX expression was confirmed by flow
cytometry (anti-CAIX, PE-conjugated; R&D Systems) and by immunohistochemical analysis of a

cell pellet.

Ovarian cancer patient-derived cells were propagated within a xenograft model, which was
generated by serial passaging of tumor cells from a patient with advanced ovarian cancer. These
cells originated from solid tumors that were injected orthotopically in the abdominal cavity in
NOD-SCID mice (8-week old, Jackson labs). Tumor growth was monitored weekly by observing
mice for signs of abdominal distension. Cells were harvested 4 months after initial injection and

cryopreserved.
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Ribosome profiling

Ribosome profiling was performed according to the manufacturer’s protocol (TruSeq Ribo Profile
- RPHMR12126, Illumina, discontinued), with the following modifications. For adherent cell lines
(melanoma, primary melanocytes, HCT116, A375), culture media was removed, cells were
washed with ice-cold PBS containing cycloheximide (0.1mg/ml) and lysed in the Lysis Buffer
according to the Illumina protocol. For suspension cell lines and primary blood samples, cells were
spun 1,000rpm for 5 minutes, washed once with ice-cold PBS containing cycloheximide
(0.1mg/ml) and lysed in the Lysis Buffer. To perform Ribo-seq on small samples, such as primary
B cells and melanocytes, cells were lysed in 200 ul of lysis buffer, such that the entire lysate could
be used in library preparation. Ribosomes containing ribosome-protected mRNA fragments
(RPFs) were enriched using MicroSpin S-400 columns (GE Healthcare, catalog # 27-5140-01).
Ribo-zero rRNA Removal Kit (Illumina, MRZH11124, discontinued) was used to deplete rRNA
from RPFs. The RPF sample was loaded on a 15% urea-polyacrylamide gel. Samples were eluted
from the gel overnight at 4°C. Subsequently, end repair, adapter ligation and reverse transcription
were carried out according to the manufacturer’s protocol. For the cDNA gel purification, the
reverse transcription reaction was loaded on a 10% urea-polyacrylamide gel. The samples were
eluted from the gel overnight at room temperature. Subsequently, RPFs were circularized and 5 pl
of circDNA was used for library amplification. The number of amplification cycles was
determined based on the observed sample quality and expected yield, but usually ranged between
8 and 10 cycles. Following amplification, the library was gel-purified using 4% E-Gel EX Agarose
Gel (ThermoFisher G401004) and Zymoclean Gel DNA Recovery Kit (Zymo Research D4007),

with 4 volumes of ADB buffer to accommodate 4% agarose gel. The resulting libraries were
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analyzed for quality using Agilent Bioanalyzer 2100 and sequenced for 51 cycles on the Illumina

NextSeq platform, using NextSeq 500 high output kit, V2, 75 cycles.

Ribo-seq data pre-processing

To process RPF sequencing reads, Illumina adapters were removed using fastx_clipper from the
FASTX-Toolkit. Ribosomal RNA and tRNA were removed using Bowtie version 1.0.0
(Langmead et al. 2009). Remaining reads were aligned to the genome (hgl9 / GRCh37) and
transcriptome using STAR version 2.5.3a (Dobin et al. 2013) (--alignlntronMin 20 --
alignlntronMax 100000  --outFilterMismatchNmax 1 --outFilterType BySJout --
outFilterMismatchNoverLmax 0.04 --twopassMode Basic). For the transcriptome annotation, a
combination of GENCODE v26lift37 transcriptome annotation was combined with transcripts
annotated as tstatus “unannotated” from MiTranscriptome annotation (Iyer et al. 2015). To
determine the RPF library quality, trinucleotide codon periodicity was plotted using RibORF
readDist script (Ji et al. 2015) against annotated protein-coding ORFs (GENCODE v26lift37).
Only samples and read lengths that showed clear trinucleotide periodicity were used for subsequent

ORF predictions.

Hierarchical prediction of translated open reading frames across tissues

In order to maximize the detection of translated ORF and overcome noise from overlapping ORFs
expressed in different tissues, we performed hierarchical ORF predictions using RibORF (Ji et al.

2015) and PRICE (Erhard et al. 2018), as follows.

For RibORF, only read lengths that showed clear trinucleotide periodicity were used for ORF
predictions. RibORF offsetCorrect script was used to correct the RPF offsets for each read length.

4
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As input, for the transcriptome reference, GENCODE v26lift37 transcriptome annotation was
combined with transcripts annotated as tstatus “unannotated” from MiTranscriptome annotation
(Iyer et al. 2015). From this custom transcriptome reference, all possible ORFs with NTG start
codons and TAA/TGA/TAG stop codons were identified using Rp-Bp prepare-rpbp-genome script
(Malone et al. 2017). For the GENCODE ORF search, Rp-Bp reported the following ORF types

based on the annotation of the transcript and the location of the ORF within the transcript:

® canonical: identical to a protein-coding ORF annotated in the GENCODE reference.

® canonical extended: Predicted start is 5’ extended relative to a protein-coding ORF

annotated in the GENCODE reference.

® canonical truncated: Predicted start codon is 3’ downstream of the annotated start codon

in the GENCODE reference.

five_prime: ORF entirely contained in the 5° UTR of a protein-coding transcript.

five prime_overlap: ORF with a start codon in the 5 UTR of a protein-coding transcript,

and a stop codon within an annotated ORF, out-of-frame relative to the annotated ORF.

e three prime: ORF entirely contained in the 3’ UTR of a protein-coding transcript.

e three prime overlap: ORF with a start codon within an annotated ORF, and the stop codon

in the 3’ UTR, out-of-frame relative to the annotated ORF.

e within: entirely contained within, but out of-of-frame relative to an annotated ORF.

® noncoding
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® suspect

Those ORFs annotated as noncoding or suspect by Rp-Bp were re-annotated based on the metadata
column in the GENCODE GTF. The ORFs derived from transcripts containing ‘linc’ or ‘pseudo’
in the metadata column were annotated as noncoding lincRNA or noncoding pseudogene
respectively. Otherwise, they were re-annotated as noncoding other. For the MiTranscriptome
transcripts, Rp-Bp reported all ORFs as either noncoding or suspect. Subsequently, the ORF types
were re-annotated as noncoding mi_lincRNA or noncoding mi_tucp based on the transcript type
annotated in the MiTranscriptome GTF as either tcat "Incrna" or tcat "tucp"” respectively. After
running RibORF, ORFs with a score > 0.7 were retained. If multiple ORFs on the same transcript

shared a common stop codon, the longest ORF was selected.

Hierarchical ORF prediction using RibORF: Offset-corrected SAM files across samples were
combined at each clade and at the root (Supplementary Fig. 1a). For the ORFs predicted at the
root, we retained predicted ORFs with at least 2 reads in-frame and a RibORF score > 0.7. For
ORFs predicted at the cladees and leaves (Supplementary Fig. 1a) we retained predicted ORFs

with at least 2 reads and score > 0.9, or at least 250 reads and score > 0.7.

For PRICE, we ran the PRICE pipeline (Erhard et al. 2018) on unprocessed fastq.gz files of the
samples that had clear tri-nucleotide periodicity (as determined by RibORF above) with the same
reference transcriptome as for RibORF. The pipeline handled adapter trimming, rRNA and tRNA
removal, offset correction and ORF prediction. Unique .cit files were generated for each sample.
For the hierarchical ORF prediction using PRICE, gedi MergeCIT was used to merge samples

by tissue type at each clade and at the root. gedi Price -fdr 1 was used to predict translated ORFs.
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The PRICE ORF annotation types (Erhard et al. 2018) and https:/github.com/erhard-

lab/gedi/wiki/Price include the following:

CDS: ORF is exactly as in the annotation

e [Ext: ORF contains a CDS, ending at its stop codon

e Trunc: ORF is contained in a CDS, ending at its stop codon

e Variant: ORF ends at a CDS stop codon, but is neither Ext nor Trunc

e uoORF: OREF starts in 5'-UTR, ends within a CDS

e uORF: ORF starts and ends in 5'-UTR

e JORF: ORF is contained within a CDS

e dORF: ORF ends in 3'-UTR

e ncRNA: ORF is located on non-coding transcript

e intronic: ORF is located in an intron

orphan: Everything else

Generating nuORFdb v1.0

FASTA files of ORFs predicted across tissues by RibORF and PRICE were combined, and those
ORFs entirely contained within other predicted ORFs at the protein level were removed. Predicted

ORFs over 21 nucleotides long were retained for the downstream analysis, and translated in the
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single frame determined from Ribo-seq periodicity. After merging the predictions from RibORF
and PRICE, the nuORFdb contains the ORF types from both prediction tools, as described above.
To improve annotations, for nuORFs in categories ncRNA, noncoding other, orphan, and Variant,
we identified their transcript type annotated in the GENCODE GTF metadata and generated the
nuORF Refined type. In order to unify the different terms for the same concept we subsequently
merged the refined ORF types according to the specifications of biotypes in Ensembl

(https://useast.ensembl.org/info/genome/genebuild/biotypes.html), generating an ORF type

mapping table, where MergedType is used in Supplementary Fig. 3a, and PlotType is used in the

rest of the figures, also shown in Fig.le.

HLA-peptide immunoprecipitation, sequencing by tandem mass spectrometry, and peptide

identification

Soluble lysates from up to 50 million HLA expressing B721.221 cells or 0.1 to 0.2g cancer cells
were immunoprecipitated with W6/32 antibody (sc-32235, Santa Cruz) as described previously
(Abelin et al. 2017; Sarkizova et al. 2019). 10 mM iodoacetamide was added to the lysis buffer to
alkylate cysteines for 71 alleles and 10 tumor samples. Peptides of up to three IPs were combined,
acid eluted either on StageTips or SepPak cartridges (Bassani-Sternberg et al. 2016), and analyzed
in technical duplicates using LC-MS/MS. Peptides were resuspended in 3% ACN, 5% FA and
loaded onto an analytical column (20-30 cm, 1.9 um C18 Reprosil beads (Dr. Maisch HPLC
GmbH), packed in-house PicoFrit 75 pum inner diameter, 10 um emitter (New Objective)). Peptides
were eluted with a linear gradient (EasyNanoLC 1000 or 1200, ThermoFisher Scientific) ranging
from 6-30% Buffer B (either 0.1% FA or 0.5% AcOH and 80% or 90% ACN) over 84 min, 30-

90% B over 9 min and held at 90% Buffer B for 5 min at 200 nl/min. During data dependent
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acquisition, peptides were analyzed on a QExactive Plus (QE+), QExactive HF (QE-HF) or Fusion
Lumos (ThermoFisher Scientific). Full scan MS was acquired at a resolution of 70,000 (QE+) or
60,000 (QE-HF and Lumos) from 300-1,800 m/z or 300-1,700 m/z (Lumos). AGC target was set
to le6 and 5 msec max injection time for QE type instruments and 4e5 and 50 ms for Lumos. The
top 10 (Lumos, QE+), 12 (QE+), 15 (QE-HF) precursors per cycle were subjected to HCD
fragmentation at resolution 17,500 (QE+) or 15,000 (QE-HF, Lumos). The isolation width was set
to 1.7 m/z with a 0.3 m/z offset for QE and 1.0 m.z and no offset for Lumos, the collision energy
was set to optimal for the instrument used ranging from 25 to 30 NCE, AGC target was SE4 and
max fill time 120 ms (QE+ and Lumos) or 100 ms (QE-HF). For Lumos measurements, precursors
of 800-1700 m/z were also subjected to fragmentation if they were singly charged. Dynamic

exclusion was enabled with a duration of 15 sec (QE+), 10 secs (QE-HF) or 5 sec (Lumos).

HLA peptide identification using Spectrum Mill

Mass spectra were interpreted using the Spectrum Mill software package v6.1 pre-Release (Agilent
Technologies, Santa Clara, CA). MS/MS spectra were excluded from searching if they did not
have a precursor MH+ in the range of 600-4000, had a precursor charge >5, or had a minimum of
<5 detected peaks. Merging of similar spectra with the same precursor m/z acquired in the same
chromatographic peak was disabled. Prior to searches, all MS/MS spectra had to pass the spectral
quality filter with a sequence tag length >2 (i.e., minimum of 4 masses separated by the in-chain

masses of 3 amino acids).

MS/MS spectra were searched against the 323,848 protein sequences in nuORFdb v1.0 appended
to a base reference proteome containing all UCSC Genome Browser genes with hg19 annotation

of the genome and its non-redundant protein coding transcripts (52,788 entries) as well as 264
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common laboratory contaminants, including proteins present in cell culture media and
immunoprecipitation reagents. MS/MS data from patient derived cell lines was analyzed in the
same way, except that the sequence database was revised with further inclusion of patient-specific

somatic mutations.

MS/MS search parameters included: no-enzyme specificity; fixed modification: cysteinylation of
cysteine; variable modifications: carbamidomethylation of cysteine, oxidation of methionine, and
pyroglutamic acid at peptide N-terminal glutamine; precursor mass tolerance of £10 ppm; product
mass tolerance of = 10 ppm, and a minimum matched peak intensity of 30%. Variable modification
of carbamidomethylation of cysteine was only used for HLA alleles that included an alkylation
step. Peptide spectrum matches (PSMs) for individual spectra were automatically designated as
confidently assigned using the Spectrum Mill auto-validation module to apply target-decoy based
FDR estimation at the PSM level of <1% FDR. Peptide auto-validation was done separately for
each HLA allele with an auto thresholds strategy to optimize score and delta Rank1 — Rank?2 score
thresholds separately for each precursor charge state (1 through 4) across all LC-MS/MS runs for
an HLA allele. Score threshold determination also required that peptides had a minimum sequence
length of 7, and PSMs had a minimum backbone cleavage score (BCS) of 5. BCS is a peptide
sequence coverage metric and the BCS threshold enforces a uniformly higher minimum sequence
coverage for each PSM, at least 4 or 5 residues of unambiguous sequence. The BCS score is a sum
after assigning a 1 or 0 between each pair of adjacent AA’s in the sequence (max score is peptide
length-1). To receive a score, cleavage of the peptide backbone must be supported by the presence
of a primary ion type for HCD: b, y, or internal ion C-terminus (i.e., if the internal ion is for the
sequence PWN then BCS is credited only for the backbone bond after the N). The BCS metric

serves to decrease false-positives associated with spectra having fragmentation in a limited portion

10
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of the peptide that yields multiple ion types. PSMs were consolidated to the peptide level to
generate lists of confidently observed peptides for each allele using the Spectrum Mill
Protein/Peptide summary module’s Peptide-Distinct mode with filtering distinct peptides set to
case sensitive. A distinct peptide was the single highest scoring PSM of a peptide detected for each
allele. MS/MS spectra for a particular peptide may have been recorded multiple times (e.g., as
different precursor charge states, from replicate IPs, from replicate LC-MS/MS injections).
Different modification states observed for a peptide were each reported when containing amino
acids configured to allow variable modification; a lowercase letter indicates the variable

modification (C-cysteinylated, c-carbamidomethylated).

In cases where a spectrum could be matched to multiple proteins due to shared peptide sequences,
the Spectrum Mill output was revised so that the primary protein assignment for a spectrum was
determined using the following decision tree, in order of diminishing assignment priority:
Contaminants — annotated proteins — nuORFs. In cases where a spectrum could be matched to
multiple annotated proteins, priority was given to the more highly translated one based on Ribo-
seq TPM. In cases where a spectrum could be matched to multiple nuORFs, priority was given to
the more highly translated based on Ribo-seq TPM. In case of equal Ribo-seq TPM, the primary

assignment was randomly selected.

FDR filtering of nuORF-derived peptides

Applying the same aggregate FDR threshold to the combination of peptides observed for both
annotated ORFs and nuORFs resulted in a much higher FDR for nuORFs (4.6%) than for annotated
ORFs (1%), which was as high as 14% for certain nuORF categories, such as 3’ overlapping

dORFs (Supplementary Fig. 2c,d). We therefore introduced more stringent filtering for nuORF
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peptides (Supplementary Fig. 2e,f), to retain only the 6,501 which achieved <1% peptide-level
FDR (Supplementary Fig. 2a-d,g).Spectra were removed based on fixed thresholds for 4 Spectrum
Mill MS/MS scoring metrics: score, backbone cleavage score (BCS), BCS%, and percent scored

peak intensity, defined as follows:

e Score: the primary score based on assignment of the full range of ion types (y, b, a, internal

and neutral losses of NH3 and H>O) to peaks in a spectrum.

e Backbone cleavage score (BCS): absolute peptide sequence coverage metric described

above

e BCS %: BCS normalized for peptide length, 100 * BCS / (sequence length - 1)

e Percent scored peak intensity: Percent of product ion intensity in an MS/MS (after peak

detection) that is matched to a scored ion type.

NuORFs across all 92 alleles were binned by ORF type. FDRType column and integer thresholds
were calculated per bin to maximize retained spectra with an FDR less than 1% (Supplementary
Fig. 2c,d). Maximal thresholds were calculated using a grid search of integer threshold values
encompassing the empirically observed values. Specifically, we identified the combination of

lowest values across the 4 scoring metrics that resulted in FDR < 1% for each ORF type bin.

Peptide spectrum matching with proposed splice peptides

For 9 of our previously published monoallelic datasets (A*02:03, A*02:04, A*02:07, A*03:01,
A*24:02, A*31:01, A*68:02, B*44:02, B*51:01) (Abelin et al. 2017) that have been proposed to

contain proteasomal spliced peptides (Faridi et al. 2018) we reanalyzed the data to examine if

12
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nuORF derived peptides could be better explanations for the spectra matched to proposed splice
peptides. Since Faridi et al 2018 did not make detailed data publicly available that indicated which
spectra were matched to individual spliced peptides for our datasets, we took the proposed spliced
peptides in their supplemental tables, and appended them to our nuORFdb/Reference proteome
database and repeated the analysis of the spectra for these 9 alleles using the process described

above.

Peptide hydrophobicity index calculation

Hydrophobicity index was predicted using SSRCalc (Krokhin et al. 2004),

http://hs2.proteome.ca/SSRCalc/SSRCalcQ.html). Modification of cysteine was checked for

alleles B5601 and A7401. For A0201 and C0304 free Cysteine was specified.

Whole proteome analysis and interpretation

Protein expression of the B721.221 and GBM H4152-BT145 cell lines was assessed as described
previously (Mertins et al. 2018). Briefly, cell pellets of B721.221 cells expressing A*03:01,
B*55:01 and C*07:01, as well as pellets of GBM6 with and without IFNy treatment were lysed in
8M Urea and digested to peptides using LysC and Trypsin (Promega). B721 analysis was
performed label free with a 1:1:1 mix using 100 pg each of the three monoallelic cell lines. For
GBM, 100 pg peptides were labeled with TMT6 reagents (Thermo Fisher) 126 (untreated) and 127
(IFNY) and then pooled for subsequent fractionation and analysis. Pooled peptides were separated
into 24 fractions using offline high pH reversed phase fractionation. 1 pg per fraction was loaded
onto an analytical column (20-30 cm, 1.9 um CI18 Reprosil beads (Dr. Maisch HPLC GmbH),

packed in-house PicoFrit 75 uM inner diameter, 10 uM emitter (New Objective)). Peptides were
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eluted with a linear gradient (EasyNanoLC 1000 or 1200, Thermo Scientific) ranging from 6-30%
Buffer B (either 0.1%FA or 0.5% AcOH and 80% or 90% ACN) over 84 min, 30-90% B over 9
min and held at 90% Buffer B for 5 min at 200 nl/min. During data dependent acquisition, peptides
were analyzed on a Fusion Lumos (Thermo Scientific). Full scan MS was acquired at a 60,000
from 300 - 1,800 m/z. AGC target was set to 4e5 and 50 ms. The top 20 precursors per cycle were
subjected to HCD fragmentation at 15,000 resolution with an isolation width of 0.7 m/z, 30 NCE,
3e4 AGC target and 50ms max injection time. For TMT experiments, resolution was set to 60,000

and 34 NCE. Dynamic exclusion was enabled with a duration of 45 sec.

Spectra were searched using Spectrum Mill against the same database as the one used for the MHC
I IP/MS spectra analysis (described above), specifying Trypsin/allow P (allows K-P and R-P
cleavage) as digestion enzyme, allowing 4 missed cleavages. Carbamidomethylation of cysteine
was set as a fixed modification. For the GBM dataset TMT labeling was required at lysine, but
peptide N-termini were allowed to be either labeled or unlabeled. Allowed variable modifications
were acetylation at the protein N-terminus, oxidized methionine, pyroglutamic acid, deamidated
asparagine and pyrocarbamidomethyl cysteine. Match tolerances were set to 20 ppm on MS1 and
MS2 level. PSMs score thresholding used the Spectrum Mill auto-validation module to apply
target-decoy based FDR in 2 steps: at the peptide spectrum match (PSM) level and the protein
level. In step 1 PSM-level autovalidation was done first using an auto-thresholds strategy with a
minimum sequence length of 8; automatic variable range precursor mass filtering; and score and
delta Rank1 — Rank?2 score thresholds optimized to yield a PSM-level FDR estimate for precursor
charges 2 through 4 of <1.0% for each precursor charge state in each LC-MS/MS run. To achieve
reasonable statistics for precursor charges 5-6, thresholds were optimized to yield a PSM-level

FDR estimate of <0.5% across all LC runs per experiment (instead of per each run), since many
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fewer spectra are generated for the higher charge states. In step 2, protein-polishing autovalidation
was applied to each experiment to further filter the PSMs using a target protein-level FDR
threshold of zero, the protein grouping method expand subgroups, top uses shared (SGT) with an
absolute minimum protein score of 9. After assembling protein groups from the autovalidated
PSMs, protein polishing determined the maximum protein level score of a protein subgroup that
consisted entirely of distinct peptides estimated to be false-positive identifications (PSMs with
negative delta forward-reverse scores); B721: 11.6, GBM: 10.5. PSMs were removed from the set
obtained in the initial peptide-level autovalidation step if they contributed to protein subgroups
that had protein scores below the maximum false-positive protein score. In Spectrum Mill the
protein score was the sum of the scores of distinct peptides. When a peptide sequence of >8
residues was shared by multiple protein entries in the sequence database, the proteins were grouped
together. In some cases there were unshared peptides that uniquely represent a subgroup, i.e. lower
scoring member of the group, typically isoforms, family members, or different species. As a
consequence of these two peptide and protein level steps, each identified protein subgroup was

comprised of multiple peptides, unless a single excellent scoring peptide was the sole match.

In the cases where a spectrum could be matched to multiple peptide sequences from different
ORFs, the same decision tree was followed for the whole proteome analysis as for the MHC I

described above.

Estimation of absolute translation levels

Our improved translation quantification based on Ribo-seq reads incorporates multi-mapping
information and translated frame information. To account for multi-mapping, reads were scaled

based on their number of alignments: For example, if a read maps to a 5 different ORFs, it will
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contribute 0.2 at each location. Using the offset-corrected SAM file generated by RibORF
(described above), and given that we know the translated frame identified by Ribo-seq, we counted
the total number of multimapping-adjusted reads that are in-frame for each ORF in nuORFdb’s
BED12 file using a custom script, and calculated TPM using those read counts and the ORF length.

The Python script is provided.
Peptide sequence correlation, clustering and visualization

Peptide distance computation and visualization were performed as before (Abelin et al. 2017).

Briefly, peptide distances were defined as:
1 .
D(4,s,5,) = ZZle distPMBEC(sy;,S2;) * (1 — Hy)

where A4 is the allele; s;and s,are peptide sequences; L is the length of the peptide sequences,
n€{8,9,10,11}; H is the entropy of the amino acid residues at each position in the peptide,
distPMBEC = maxPMBEC — PMBEC is a 20x20 matrix of residue dissimilarities derived from
a pre-computed matrix of residue similarities biased by their HLA binding properties (Y. Kim et
al. 2009). For each allele, peptide distances between every pair of peptides in the MS datasets was
computed and the pairwise distance matrices were reduced to two dimensions with non-metric

multidimensional scaling (NMDS) (nmds() function from ecodist R package).

Peptide sequence motif correlation (for Fig. 2f) was calculated per allele using all detected 9AA
peptides. For each peptide, the frequency of each amino acid at each position was calculated to
generate a vector of 180 features long. Using these vectors, the position entropy weighted

correlation was found between nuORF peptides and all annotated peptides, or between 10,000
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random subsets of annotated peptides the same size as the nuORF set and all annotated peptides

(minus the subset). Correlations were calculated for all 92 measured alleles independently

MHC I binding affinity prediction

Fig.2g: HLAthena (http://hlathena.tools/) (Sarkizova et al. 2019) was used to predict MHC I

binding affinities for the predicted spliced peptides from Faridi et al (Faridi et al. 2018).

Fig.4d,e: NetMHCpan v4.0 (Jurtz et al. 2017) was used to predict MHC I binding affinities for the

HLA alleles expressed in MEL11, to remain consistent with previous studies (Ott et al. 2017).

Whole genome sequencing and analysis

PCR-free Whole Genome Sequencing (WGS) was performed on cultured melanoma patient 11
cells and matched healthy PBMCs at the Broad Genomics Platform. Libraries were prepared using
the Kapa Biosciences HyperPrep library construction kit, and sequenced to 60x coverage
(IMumina 2x150bp reads, NovaSeq). Cancer-specific variants were identified using GATK Best
Practices (GATK v3.x nightly-2017-09-30) (Bateman et al. 2002) and Strelka2 v2.8.4 (S. Kim et
al. 2018). In particular, we first aligned sequenced reads to human genome reference assembly
GRCh37 using BWA-MEM (H. Li 2013) v0.7.15-r1140 with default parameters. We then sort
aligned reads by coordinates and removed PCR duplicates using Picard tool v2.12.1

[http://broadinstitute.github.io/picard/]. Next, we applied base quality score recalibration to the de-

duplicated BAM files using GATK. The recalibrated BAM files were used as inputs for both
GATK and Strelka2 for calling somatic variants. For GATK, we followed best practices and used

MuTect2 with --dbsnp set to dbSNP build 138 [https://www.ncbi.nlm.nih.gov/snp/] and --cosmic

set to Cosmic v82 [https://cosmic-blog.sanger.ac.uk/cosmic-release-v82/]. For Strelka2, we first
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ran Manta (Chen et al. 2016) v1.2.1 to detect structural variants and indels as recommended by
Strelka2 user guide

[https://github.com/Illumina/strelka/blob/v2.9.x/docs/userGuide/README.md]. We then ran

Strelka2 with --indelCandidates option set to Manta outputs and other options set to default values.

We merged variants called using GATK and Strelka2 together.

Variant analysis, read coverage, and neoantigen predictions

To derive ORFs containing cancer-specific variants identified by WGS, variants that were found
within the reference transcripts used in the study were selected using bedtools intersect (Quinlan
and Hall 2010) v2.25.0 of the BED12 file of transcripts with the VCF file of variants. Variants
were then incorporated into the transcript sequences, and ORFs were re-derived based on the

predicted start codon in nuORFdb and the first in-frame stop codon.

To determine Ribo-seq read coverage and nucleotide identity at the SNV sites, pysam pileup
(v0.14.1) was used. To obtain read coverage of indels, bowtie (1.2.2) -m 1 -v 0 was used to align
raw sequencing reads (after adapter trimming) to a custom FASTA reference that included
matched wild-type and indel-containing regions. No multi-mapping reads or mismatches were

allowed, such that only variant- or wild-type supporting reads were retained.

Variants supported by at least 9 Ribo-seq reads and >15% of total reads at the locus were used for
neoantigen predictions. To obtain potential neoantigens from the mutated variants, all possible 9-
and 10-amino acid long peptides were derived from wild-type and variant-containing proteins in
nuORFdb. Peptides unique to the variant-containing proteins were retained as potential

neoantigens. NetMHCpan v4.0 was used to predict neoantigen binding affinities to HLA alleles
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(Jurtz et al. 2017). Indels were visualized in IGV (Robinson et al. 2011) to identify in-frame Ribo-

seq reads supporting the translation of indel-generated frame-shifted ORFs and wild-type ORFs.

Identification of tissue-specific or tissue-enriched nuORFs

For the TCGA analysis, we included 473 available skin cutaneous melanoma (SKCM) samples
and 172 glioblastoma multiforme (GBM) samples. For GTEx (GTEx Consortium et al. 2017), we
randomly selected 10 samples from each tissue. For CLL, available data from 390 CLLs and 21
B-cell samples from healthy donors were included. These comprise two cohorts: 106 CLL and 12
healthy samples from DFCI/Broad Institute (Landau et al. 2015) and 284 CLL and 9 healthy
samples from Spanish ICGC studies (Ferreira et al. 2014; Puente et al. 2015). FASTQ files from
all cohorts were aligned using STAR v2.6.1d (Dobin et al. 2013) to the reference human genome
GRCh37, using the transcriptome annotation combing GENCODE and MiTranscriptome, as used
for Ribo-seq based ORF detection described above. Expression at the gene-level was quantified
using RNA-SeQC v2.3.3, and expression at the isoform level was quantified using RSEM v1.3.1
(B. Li and Dewey 2011). The parameters used for all components of this pipeline are described at
https://github.com/broadinstitute/gtex-pipeline/blob/v9/TOPMed RNAseq pipeline.md.

Identifying cancer-enriched nuORFs based on MHC I IP LC-MS/MS

We generated a list of 335 nuORFs detected by LC-MS/MS in the MHC I immunopeptidomes of
the 4 melanoma samples we analyzed. We rank ordered nuORFs by mean expression of the parent
transcript across all GTEx samples, excluding the testis, and selected 34 nuORFs with mean
expression in the lowest 15% enriching for those not expressed or lowly expressed in healthy

tissues. We further filtered them based on the nuORF parent transcript expression across 473

19


https://doi.org/10.1101/2020.02.12.945840
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.02.12.945840; this version posted February 13, 2020. 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 4.0 International license.

melanoma samples in the TCGA, retaining 6 nuORFs where at least 5% of TCGA samples had

expression 2-fold or greater than the highest level detected in any GTEx sample.

Identifying cancer-specific nuORFs based on Ribo-seq

Based on the Ribo-seq translation levels (TPM) (available through NCBI GEO:GSE143263), we
selected nuORFs with TPM > 0 across all in-group samples (all CLL samples / all GBM samples
/ all MEL samples) and TPM = 0 in the rest of the Ribo-seq samples profiled. We retained those

nuORFs with parent transcript TPM < 1 across healthy tissues in GTEX, excluding the testis.

Statistical analyses

Fig.2a,c: In the comparison of the MS/MS spectrum scores calculated by Spectrum Mill (Fig. 2a)
as well as the translation levels of ORFs (Fig. 2¢), the sample sizes were very large, thus the t-tests
showed significance, yet the effect size is small, as shown by the confidence intervals calculated

using linear regression by the python package statsmodels.regression.linear model.OLS.

Fig. 2d, Supplementary Fig. 4d: Retention time vs. predicted hydrophobicity: Lowess was fit to
the annotated peptide retention time and hydrophobicity values using the python package
sm.nonparametric.lowess. Residuals between annotated peptide identifications to the lowess fit
and residuals between nuORF peptide identifications to the lowess fit were computed and

compared with rank sum test in python using scipy.stats.ranksums.

Fig. 2h: The lengths of detected Canonical ORFs were compared to the lengths of the detected
ORFs in each of the shown categories using a t-test with unequal variance in python using

scipy.stats.ttest ind.
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Fig. 2m, Supplementary Fig. 7h: The cumulative distribution functions (CDFs) for length or
translation level (TPM) of annotated ORFs or nuORFs detected in the MHC-I immunopeptidome

or in the whole proteome, compared with a KS test using the python scipy.stats.kstest.

Fig. 3g: Given the variable number of known and B721 matched HLA alleles in cancer patients,
we simulated the % overlap with variable numbers of alleles matching. All overlaps were measured
between 6 B721 alleles randomly sampled from the measured 92 alleles, with a fixed number of
type matched alleles. These simulations were calculated for both annotated and nuORF peptides.
We then calculated a linear regression between the number of matched alleles and the median %

overlap for each cancer sample for both annotated and nuORF.

Fig. 4e: Using netMHCpan v4.0, we predicted the rate of strong binders (predicted binding <500
nM) for all high confidence SNVs that also showed strong Ribo-seq support, with at least 9 Ribo-
seq reads and 15% of all reads supporting the SNV. We compared the strong binder rate for
annotated- and nuORF-derived mutations using a t-test and calculated confidence intervals using

linear regression.

Fig. 4i: For each nuORF identified as being cancer type specific using ribosome profiling data and
low GTEx expression, we compared the expression in TCGA for the associated cancer type to
other cancer types and to GTEx, with a rank sum test in python scipy.stats.ranksums. Higher
expression in respective TCGA samples was indicated on the far right of 41 and the percent of

predicted nuORFs significantly upregulated is shown in 41J.

Fig 2k, Supplementary Fig. 7c,f: We tested for enrichment or depletion of nuORF types in Whole

Proteome or cancer samples by generating a % detected distribution for each nuORF type by
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randomly sampling 1 to 6 B721 alleles from the 92 measured, and reporting the % of nuORFs of
each type. We then calculated the p-value for enrichment or depletion as the ratio of the simulated
distribution greater than or less than the observed, respectively. To test for overall enrichment or

depletion in cancers, we used a t-test to compare the observed p-values to a normal distribution.

Data and Code availability

Python scripts and Jupyter notebooks used in the analysis are available on GitHub:

https://github.com/klarman-cell-observatory/Riboseq-nuORFs.

Sequencing data

The raw Ribo-seq data (fastq.gz), offset-corrected BAM files used for translated ORF
identification by RibORF and BigWig file generation, BigWig files for Ribo-seq data visualization
in genome browsers, and Ribo-seq translation levels (TPM) are deposited to NCBI GEO
(GSE143263) for established cell lines (B721.221, A375 and HCT116), and for primary
melanocytes (Thermo C0025C). GTEx, TCGA, CLL and healthy B cell samples RNA-seq
transcription quantification of transcript isoforms is deposited to NCBI GEO: GSE143263. Ribo-
seq translation levels (TPM) of primary GBM and melanoma samples are deposited to NCBI GEO:

GSE143263. Raw data pertaining to primary patient samples is deposited to dbGaP.

B721.221 RNA seq data for HLA-C (C*04:01, C*07:01) is deposited under GEO: GSE131267.

Melanoma RNA-seq data are deposited in dbGaP (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-

bin/study.cgi?study_id=phs001451.v1.pl (Ott et al. 2017)). Glioblastoma bulk RNA-seq data are

available through dbGaP (https://www.ncbi.nlm.nih.gov/gap) with accession number
phs001519.v1.pl (Keskin et al. 2019).
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Mass spectrometry data

The original mass spectra for immunopeptidomes of 2 melanoma patient-derived cell lines and the
full proteome of a glioblastoma patient-derived cell line, tables of peptide spectrum matches for
all experiments, and the protein sequence databases used for searches have been deposited in the
public proteomics repository MassIVE (https://massive.ucsd.edu) These datasets will be made
public upon acceptance of the manuscript. Original mass spectrometry data for the previously

published mono-allelic immunopeptidomes, B721.221 cell line full proteome, and patient-derived

cell line immunopeptidomes are accessible at ftp://massive.ucsd.edu/MSV000080527,

ftp://massive.ucsd.edu/MSV000084172, and ftp://massive.ucsd.edu/MSV000084442.

All other data are available from the corresponding authors upon reasonable request.
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