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Abstract

Immunotherapy has emerged as a crucial strategy to combat cancer by ‘reprogramming’ a
patient’s own immune system. Although immunotherapy is typically reserved for patients
possessing a high mutational burden, neoantigens produced from post-transcriptional regulation
may provide an untapped reservoir of common immunogenic targets for new targeted cancer
therapies. To comprehensively define tumor-specific and likely immunogenic neoantigens from
patient RNA-Seq, we developed Splicing Neo Antigen Finder (SNAF), an easy-to-use and open-
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source computational workflow to predict splicing-derived immunogenic MHC-bound peptides (T
cell antigen) and unannotated transmembrane proteins with altered extracellular epitopes (B cell
antigen). This workflow employs a highly accurate deep-learning strategy for immunogenicity
prediction (Deeplmmuno) in conjunction with new algorithms to rank the tumor specificity of
neoantigens (BayesTS) and to predict regulators of mis-splicing (RNA-SPRINT). T-cell antigens
from SNAF were frequently verified as HLA-presented peptides from Mass Spectrometry (MS)
and predict response to immunotherapy in melanoma. Splicing neoantigen burden was attributed
to coordinated splicing factor dysregulation. Shared splicing neoantigens were found in up to

90% of patients with melanoma, correlated to overall survival in multiple cancer cohorts, induced
T cell reactivity and were characterized by distinct cells of origin and amino acid preferences.

In addition to T-cell neoantigens, our B-cell focused pipeline (SNAF-B) identified a new class

of tumor-specific extracellular neo-epitopes which we termed ExNeoEpitopes. ExNeoEpitope full-
length mRNA predictions were tumor specific and validated using long-read isoform sequencing
and in vitro transmembrane localization assays. Therefore our systematic identification of splicing
neoantigens revealed potential shared targets for therapy in heterogeneous cancers.

INTRODUCTION

A paramount goal for cancer treatment is standardized and accessible therapeutic

strategies for shared targets that will be effective in a large percentage of patients.

Tumor heterogeneity has been widely acknowledged as a hallmark of cancer, which

poses challenges for developing new targeted therapies (1). Such heterogeneity is further
responsible for drug resistance that leads to frequent cancer relapse. Since each tumor
sample is unique with distinct mutations, the search for tumor-specific neoantigens has

been considered the “final common pathway” for our immune system to fight cancer (1)(2).
Focused targeting of patients with selective mutations has produced promising results in
cancers with a high mutational burden, such as melanoma, non-small cell lung cancer,

and Microsatellite Instability (MSI)-high (MSI-H) colorectal cancer. For example, 4-out-
of-6 melanoma patients of cancer vaccinated with precision neoantigen vaccines show no
evidence of relapse within 25 months post-therapy (NCT01970358) (3). Such promising
clinical results have been attributed to the long-term persistence of neoantigen-specific
memory T cells, illustrating the durability of neoantigen-based therapies (4). Other examples
include Moderna’s mRNA-4157 combination with pembrolizumab, which achieved a 50%
response rate in HPV-negative head and neck cancer compared to 14.6% for pembrolizumab
monotherapy (NCT03313778) (5) and adoptive T cell transfer, in which neoantigen-reactive
T cells are cultured and reinfused into the same patient, resulting in a 55% objective
response and 24% complete response rate in metastatic melanoma (6).

Although immune checkpoint blockade (ICB) has become the front-line clinical treatment

in patients with high mutational burden, such therapies are not used in many cancers with
low mutation burden, such as glioma and leukemia (7, 8). Although historically attributed to
tumor associated mutations, neoantigens can be produced from diverse post-transcriptionally
regulatory mechanisms. Alternative splicing is one of the primary mechanisms used to
achieve mRNA transcript and proteomic diversity in higher-order eukaryotes (9). In cancer,
altered mRNA splicing can lead to aberrant protein products that promote oncogenic
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transformation, metastasis and confer chemotherapy resistance (10-13). Following their
initial identification using proteogenomics approaches, splicing neoantigens have become
increasingly recognized as a potent source of neo-peptides to potentially elicit immune
response and induce cancer cell death (14).

Depending on the cancer, splicing neoantigens appear to often be the dominant source

of tumor-specific peptides (15, 16). Such splicing events include intron retention,

which typically results in nonsense-mediated decay, but which produce MHC-presented
neopeptides that can be detected by Mass-spectrometry (MS) (17, 18). Such peptides
require further experimental validation, as MHC presentation alone does not dictate the
ability to mount a robust T-cell response (immunogenicity)(19). The prediction of such
antigens, however, remains non-trivial, as splicing neoantigens must be degraded, bound and
presented by specific cognate HLA alleles, and interact with patient-specific T-cell receptors
on CD8+ T cells to induce an immune response. As such, the precise relationship between
splicing neoantigen expression and patient prognosis has remained largely unknown and it
is unclear whether overall splicing neoantigen burden impacts response to immunotherapy.
Further, a concern for the use of splicing neoantigens as targets for therapy, is that the
occurrence of a splicing event is often non-binary (changes in percent exon/intron inclusion),
relative to mutations (present or absent), making it difficult to know which splicing events
are truly tumor-specific. An alternative strategy to target tumor-specific splicing is to focus
on events that specifically result in unannotated translated transmembrane proteins that
might expose tumor-specific epitopes, bypassing the need to be presented by HLA. In
principle, such peptides could be recognized by new CAR-T therapies which use B-cell
receptors to bind epitopes (20) or selective monoclonal antibodies to mediate targeted tumor
cell death. Although attractive, identifying such neo-isoforms requires an accurate prediction
or measurement of full-length isoforms that do not undergo nonsense-mediated decay and
result in properly folded protein structures that conserve the major domains of the reference
protein. Given these challenges, no reusable and sufficiently comprehensive neoantigen
prediction workflows exist, to unbiasedly and confidently identify splicing neoantigens that
can be exploited by current immunotherapy strategies.

Here we performed a system analysis of splicing-neoantigens in cancer by creating Splicing
Neo Antigen Finder (SNAF), an easy-to-use computational tool to identify, prioritize and
interpret distinct classes of splicing-neoantigens. The workflow incorporates advanced
deep-learning and probabilistic algorithms to discover immunogenic splicing neoantigens
(SNAF-T workflow), full-length protein coding transmembrane tumor specific isoforms
(SNAF-B workflow) and regulators of altered splicing (RNA-SPRINT). We demonstrate that
splicing neoantigens in melanoma are frequently shared among patients, can predict survival
and can be validated by multiple approaches: immunopeptidomics, targeted MS, MHC
stabilization and T-cell reactivity assays, single-cell genomics, long-read isoform sequencing
and neo-isoform transmembrane localization. These analyses show that splicing-neoantigens
represent an untapped reservoir of shared targets for targeted cancer immunotherapy.
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Inferring new classes of neoepitopes from RNA-Seq

To identify and characterize new forms of neoepitopes, we created two new computational
workflows focused on T-cell and B-cell based therapies. T-cell based therapies include
cancer vaccines, which require that target antigens are processed, presented by MHC

and are immunogenic. B-cell based therapies, such as monoclonal antibodies, require the
identification of transmembrane protein encoding neoantigens that will enable targeted
approaches to selectively recognize cancer cells. SNAF was developed to recognize and
prioritize both classes of neoantigens (SNAF-T and SNAF-B) in individual patient samples,
while assessing the aggregate importance of each neoantigen at a population scale (Fig. 1A).

This workflow begins with user-supplied BAM files from tumor samples or cancer cell lines,
followed by the identification and quantification of diverse classes of post-transcriptional
regulation. In particular, the workflow applies a highly accurate approach for local splicing
variation (MultiPath-PSI) from the AltAnalyze framework (21), to detect known and
unannotated alternative splicing (cassette exon, 3'/5” splice site exon, intron retention,
alternative terminal exon, trans-splicing) and alternative promoter regulatory events, which
would produce unique exon-exon or exon-intron junctions for in silico translation (Fig.

S1). This approach has been benchmarked against diverse local-splicing variation (LSV)
approaches, with methods to accurately quantify retained introns (22) (Fig. S2). The
produced splice-junction/sample count matrix is compared against a MultiPath-PSI pre-
processed database of normal human healthy tissues (GTEx and TCGA) to identify those
that are tumor specific (23) (Fig. S3). Tumor-specific splice junctions can be analyzed in
parallel with SNAF-T and SNAF-B. SNAF-T consists of: 1) HLA type prediction from
sample FASTQ files, which are user provided, 2) in-silico translation, 3) MHC-binding
prediction (NetMHCpan or embedded calls to MHCflurry) (24, 25), and 4) HLA-allele
specific immunogenicity prediction (Deeplmmuno) (19). SNAF-B consists of: 1) full-length
isoform prediction for each tumor-specific splice-junction by augmenting existing isoform
references, 2) exclusion of isoforms predicted to induce nonsense mediated decay (NMD),
3) transmembrane topology prediction, 4) long-read isoform sequence validation and
augmented prediction (optional). For both workflows, a Maximum Likelihood Estimation
and separate hierarchical Bayesian model (BayesTS) (26) are then applied to assess the
tumor specificity of each neojunction in SNAF’s default and the optional custom healthy
tissue reference RNA-Seq data with custom tissue weighting assigned by the user. Finally,
to identify causal regulators of splicing neoantigen production, we developed RNA-SPRINT
(RNA-based Splicing PRotein activity INference from multivariate decision Trees) to infer
splicing factor activity directly from tumor RNA-Seq splicing profiles.

This workflow is unique in both its design and functionality (table 1). Unlike prior T

cell based splicing neoantigen prediction approaches, SNAF is fully automated, supports
any human genome version, has an embedded diverse database of healthy reference
profiles (GTEx and TCGA), performs probabilistic tumor specificity modeling, quantifies
splicing factor activities, identifies intron retention associated antigens and enables more
accurate prediction of immunogenicity (19). SNAF-B provides independent evidence of
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tumor-specific transmembrane proteins (ExNeoEpitopes) that can uncover new extracellular
epitopes for antibody recognition. As the program has a modular design with well-described
Python classes, it can be customized to incorporate additional reference datasets for
verification including control RNA-Seq, long-read sequencing and alternative algorithms
such as MHC binding prediction.

Validation of predicted MHC-bound neoantigens

We recently showed that our Deeplmmuno workflow can predict immunogenic tumor
neoantigens with up-to a 2-fold greater sensitivity than alternative approaches(19). To
determine whether SNAF-T can identify bona fide MHC-presented splicing neoantigens,
we selected two prior produced cancer immunopeptidome datasets to validate its predictions.
First, we evaluated bulk RNA-Seq (single-end) and matched immunopeptidome profiling
data (HLA-bound peptides) from 14 patients with ovarian cancer(27). To expand

these predictions, we applied SNAF-T to skin cutaneous melanoma (SKCM) biopsy
RNA-Seq from The Cancer Genome Atlas (TCGA) initiative (7=472), and unmatched
immunopeptidome data from 24 patients with melanoma, herein referred to as the Bassani
Sternberg cohort (28) (Fig. 1B, Data S1-4). In ovarian cancer, searching for MS spectra that
map directly to neoantigens SNAF identified 46 splicing neoantigens with MS support per
patient sample, on average, ranging from 12-160 antigens per patient (Fig. 1C). Including
the normal human proteome, a total of 41 neoantigens, on average, were still identified
(Data S4) We expect this number to be an underestimate, as HLA-bound peptides arise
from non-specific protease cleavage, which alters the resultant MS spectra, and hence
traditional tryptic-based search engines cannot confidently recover all neoantigens (29, 30).
Here, the absolute number of MS supported splicing neoantigens is higher than previously
reported (average 2 peptides per sample) using untargeted proteome data (CPTAC) (14),
suggesting increased sensitivity of targeted immunopeptidome for identifying valid and
rare neoantigens. As MS-based predictions are subject to inherent type-1 errors (31),

we validated select ovarian and melanoma SNAF-T neoantigens using targeted MS on
synthesized neopeptides. Specifically, we selected 14 ovarian and 22 melanoma peptides
with high-confidence spectra (32). Of the 36 tested, 27 were sufficiently detected by MS
(Data S5). Comparison of the synthetic to the original mass spectra found 11 matches, of
which 7 were high-scoring based on all match criteria, with varying levels of confidence
(Fig. 1D and Fig. S4)..

These seven neoantigens were derived from multiple mechanisms including known
alternative exons, alternative 3’ and 5” splice sites, intron retention and undocumented
cassette exons (AltAnalyze defined). For example, the shared Melanoma splicing neoantigen
HAAASFETL in the gene FCRLA occurs due to a known cassette exon-exon junction

in an isoform that is weakly detected in blood and spleen (average read count = 0.51,
BayesTS: 0.03) (Fig. 1E). Expression of FCRLA, which is a member of the F-receptor-

like immunoglobulins, is correlated with good prognosis in Melanoma (33). FCRLA gene
expression is only weakly tumor-specific (BayesTS: 0.13). However, this junction was
detected in >34% of TCGA patients with melanoma (162/472, Average read count =

52.91) (Fig. 1F). The resultant mass spectra of this antigen had a high-confidence match
(Andromeda score: 149.06, P-value: <0.0001), with a synthetic spectrum Pearsonr similarity
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of 0.63 (P-value: 0.05) and cosine similarity of 0.87. This peptide was only mapped to

this melanoma specific FCRLA isoform in the original mass spectrum search, using the
extended human isoforms proteome database (Fig.1D). The other mass spectrum confirmed
neoantigens were derived from diverse protein families, including ubiquitin protein ligase
complex (FBXO?), asparagine amidase (NVGLY1), cytoskeletal motor protein (DYNLT5),
negative regulator of RAS signaling (RASAS3) and currently uncharacterized protein coding
genes (C200rf204, Céorf52) (Fig. S4). We observed lower spectrum similarity scores in the
Ovarian cohort (Pearsonr 0.55) compared to the Melanoma cohort (Pearsonr: 0.84), which
we attributed to differences in the MS technology applied in the synthetic peptide MS data
acquisition (lon trap MS versus Fourier transform MS) and fragmentation methods (CID
versus HID).

Splicing neoantigen burden predicts overall survival and response to immunotherapy

To broadly assess the clinical relevance of splicing neoantigens in a large cancer cohort, we
applied SNAF to more than 500 melanoma patient biopsies with (Van Allen cohort) (34) and
without immunotherapy (TCGA-SKCM) (35). For these analyses we separately considered
the number of predicted neojunctions, MHC-bound peptides, immunogenic neoantigens
and overall neoantigen burden, considering RNA-Seq determined HLA alleles for each
patient. In the TCGA cohort of 472 samples, we found 528 tumor-specific splice junctions
(neojunctions) per patient on average, ranging from 28 to 1,549. From these neojunctions,
we predicted an average of 1,090 MHC-bound peptides, ranging from 75-2,981 peptides
per patient. Deeplmmuno predictions reduced the number of neoantigens to 915 on average
(ranging from 74-2,486/patient), filtering out 16% of potentially non-immunogenic bound
peptides, which is expected as all current immunogenicity approaches suffer from low
precision (Data S6) (19).

To investigate the relationship between splicing neoantigen burden and clinical outcome,
we performed survival analyses on both the TCGA and Van Allen cohorts (Data S6).

This analysis found that patients in TCGA with high MHC-bound neoantigen burden
trended towards poor overall survival (log rank £<0.05) (Fig. 2A). Conversely, we

found that patients with a high neoantigen burden that received ICB (Van Allen cohort)

had improved overall survival (log rank £=0.18). These trends were also reflected in
neojunction and immunogenic peptide burden (Fig. 2B). Since the bulk RNA-Seq data
profiled in these cohorts were obtained prior to therapy, one plausible explanation is that
patients with high neoantigen burden exhibited frequent tumor immune escape, which was
overcome by CTLA-4 inhibition. Examination of differential gene expression in TCGA
patients with high splicing neoantigen burden versus low found 597 up- and 227 down-
regulated genes (fold>1.5 and eBayes t-test p<0.05, FDR) (Fig.2C, Data S7). The top
most-differentially up-regulated genes were those previously implicated in immune evasion
such as ADAMI((36), PTPN11(37), TGFBRI(38), TNPOI1(39), ANKRD52X40), MIB1(41),
KIF3B(42). In contrast, down-regulated genes were markers of active tumor-immune cell
infiltration, in particular plasma cells and T cells (Fig. 2C) with corresponding enrichment
of this immune infiltration signature, along with genes involved in antigen binding and
complement activation (Fig. S5A). Gene set enrichment of high burden induced transcripts
identified significant upregulation of p53 signaling, mitotic cycle-cycle, cell motility,
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DNA damage response, fatty-acyl-CoA metabolism, lipid biosynthesis and Epithelial-
Mesenchymal Transition genes, among others (Fig. 2D, Data S8). Many of these genes

are directly associated with chemotherapy or radiotherapy resistance, in particular those
that mediate DNA repair including ATM, RB1, RADZ21 and acyl-CoA synthesis/ferroptosis
such as ACSL3, ACSL4, FASN (43-49). Combination radiotherapy and immunotherapy
have been proposed as a strategy to overcome single therapy drug resistance, which aligns
with our observation of elevated immune evasion genes in high-burden groups (50). Thus,
high splicing neoantigen patients with melanoma (TCGA) may represent chemo- and radio-
therapy resistant tumors with upregulated immune evasion capacity, representing candidates
for combination therapy. In contrast, low neoantigen burden patients with melanoma show
evidence of immune reactivity, which may partially explain their favorable prognosis.

CAMMK2 mutations correlate with increased neoantigen burden in melanoma

To determine whether splicing neoantigen burden in patients with melanoma is associated
with specific mutations, we compared mutations in high- versus low-burden neoantigen
patients. Although no individual mutations achieved an FDR corrected P<0.05, multiple
mutations trended towards significance with the most enriched mutations in the gene
CAMKK?2 versus wildtype (Mann-Whitney test P=0.0004, non-adjusted) (Fig. 2E, Data
S9). Out of 19 patients with reported CAMKK2 mutations, 13 were found to occur in the
high burden group, out of a total of 222 patients. Mutation or inhibition of CAMKKZis
known to lead to increased anti-PD1 immunotherapy efficacy (51). This effect is believed
to occur as a result of CAMKK2’s ability to negatively regulate ferroptosis, a mechanism
of cell death that is induced by iron-dependent lipid peroxidation, through the AMPK-
NRF2 pathway(51). Our results suggest that CAMKKZ mutations may contribute to splicing
neoantigen burden and immunotherapy outcome, either through direct or indirect splicing
regulatory networks, in a subset of patients with melanoma.

Individual splicing neoantigens can predict response to immunotherapy

In addition to neoantigen burden, we compared the individual splicing profiles of SNAF
immunogenic neoantigens with patient survival. This analysis identified 2,970 parental
junctions associated with poor overall survival in TCGA (likelihood-ratio test (LRT) A<0.05
and z = 1) (Fig. 2F and Data S1). Among these neoantigens, we noted that a subset

(=108 junctions) were present in over 15% of patients (shared neoantigens), suggesting
these represented new potential survival biomarkers. Although a much smaller number of
neoantigens were associated with survival in the Van Allen cohort due to the limited sample
size, we found 1,755 poor and 227 good prognosis associated neoantigen junctions (LRT
F<0.05and z =1 or z < 1, respectively). We observed 7 unique neoantigen junctions

in TCGA and Van Allen associated with opposite survival associations (poor in TCGA

and good in Van Allen) and present in >10 TCGA patients (Fig. 2F). For example,

a splicing neoantigen in the melanin synthesis associated glucose transporter SL.C45A2
(TEFQTRRAM), was detected in 212/472 patients from the TCGA SKCM cohort, was
associated with poor overall survival in TCGA (Wald p <0.05, z-score>2), and was
associated with good overall survival in the Van Allen cohort (Wald p<0.05, z-score<-2),
suggesting that it may represent a relatively common target for therapy and prognosis

(Fig. 2F). Other overlapping neoantigens produced from this same junction were present
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in over >64% of patients in both melanoma cohorts (FQTRRAMTL), with differences in
their abundances due to varying MHC-I allele binding and immunogenicity preferences.
Dozens of other shared neoantigens were associated with poor prognosis in TCGA and
trending towards good prognosis in the Van Allen cohorts (Data S1). The occurrence and
tumor specificity of these and other similar neojunctions were confirmed by Integrated
Genome Viewer (IGV) visualization, and frequently associated with alternative splice sites
in conjunction with tumor-specific gene expression (Fig. S5B). These data reveal that
individual shared splicing neoantigens can predict outcomes in patients prior to and after
ICB.

Disrupted splicing factor activity underlies high splicing neoantigen burden

The coordinated regulation of alternative splicing and alternative promoters is orchestrated
by the expression or activity of conserved cis- and trans-regulatory interactions, such

as splicing factor binding to RNA recognition elements. Splicing neoantigens are likely
produced by modulation of such interactions, driven by direct mutations or RNA-editing
that result in unique tumor specific mMRNAs. The most likely immediate mediator of
differential splicing neoantigen burden is a change in the expression or activity of one or
more splicing factors. Examination of differential gene expression in the high versus low
splicing neoantigen group found many upregulated splicing regulators (Fig. 2C, Data S3).
These included 117 mRNA splicing regulators, upregulated with a fold > 1.2 and eBayes
t-test p<0.05, FDR (Data S7). Patients with mutations in SF3B1 were further enriched

in the high-burden group (Mann Whitney P=0.02). Given this finding, we asked whether
splicing factor activity was also increased with neoantigen burden. To infer splicing factor
activity we turned to existing methods for transcription regulatory network inference, which
rely on a defined set of target genes or regulons (52, 53). The up- and down-regulation

of these regulatory targets can indirectly provide evidence of transcription factor activity.
To establish a reliable link between splicing factors and downstream splice junctions in an
analogous manner, we used a large dataset of RNA-Binding Protein (RBP) knockdowns
(m7=191) in K562 cells from the ENCODE project. By observing the changes in splicing
events upon the knockdown of a specific RBP and accounting for batch effects, we derived
initial splicing regulatory targets. To refine these targets, we further incorporated evidence of
direct RBP-target regulation using eCLIP sequencing (CLIP-seq) data for 120 RBPs in the
K562 cell line. The resulting data were used to construct a prior network to infer splicing
factor activity (Fig. 3A).

We found that a Multivariate Decision Tree (MDT)-based method produced the most
accurate RBP activity predictions, compared to 12 other commonly used transcription factor
(TF) activity inference methods, when considering 116 RBP knockdown splicing profiles
from HepG2 cells (ENCODE) (Fig. S6A-C and Data S10). Application of this approach,
which we call RNA-SPRINT, to all TCGA melanoma cohort splicing profiles, revealed that
209 out of 221 RBPs had reduced activity in the high versus low splicing neoantigen group
(Mann-Whitney P<0.05) (Fig. 3B and C, Data S10). Although contrary to the observed
upregulation of these RBPs, these data suggest that there exists a coordinated failure to
properly splice transcripts, as previously described (54)(55). This result is further supported
by an observed increase in intron-retention for patients in the high-burden group (failure to
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excise introns) (Fig. 3D). It is also possible that broad upregulation of splicing factors is
a compensatory mechanism to counteract global splicing defects or simply a byproduct of
cell-type heterogeneity within the tumor such as immune infiltration.

Shared splicing neoantigens are presented by MHC and display amino acid compositional

bias

One observation from our SNAF-T analyses was the co-occurrence of splicing neoantigens
among many patients. We found 940 T-cell neoantigens predicted in >15% of patients

in TCGA cohort (shared) (Fig. 4A). Although a much smaller cohort, we found 439 of
8,422 shared neoantigens in the Van Allen cohort, overlapping with the 940 in TCGA.
TCGA shared neoantigens were found to more frequently result from cassette exons as
compared to unique neoantigens, which was only found in one patient (Fig. 4B). Genes with
shared neoantigens were significantly enriched in gene sets for melanocyte biology, such as
melanocyte differentiation (P= 9.3 e-4, FDR), melanin biosynthetic process (P= 3.4 e-3,
FDR) and cell division (P= 1.0 e-4, FDR) (Fig. 4C, Data S11).

As shared splicing neoantigens are rare relative to all unique predicted neoantigens,

we would expect such peptides to be more frequently detected using immunopeptidome
profiling in an independent cohort. Hence, we again used a previously published Melanoma
dataset of HLA-I bound peptides detected by MS in 24 independent patients (Bassani
Sternberg cohort) (28). Considering both shared (7=613) and unique (/7=16,753) peptides in
our reference peptide database (combined unique reference database, excluding peptides in
UniProt), we found that shared splicing neoantigens could be found at a higher rate than
unique neoantigens (paired t-test, ~=0.006) (Fig. 4D). The higher recovery rate was still
observed even with the inclusion of the human normal proteome (Data S2). Additionally,
of the 613 shared neoantigens examined, we found immunopeptidome evidence for

34% (n=210), with 98 shared neoantigens evidenced in at least 15% of patients by
immunopeptidome analysis in Bassani-Sternberg cohort, as illustrated using kernel density
estimates or estimator of the empirical cumulative distribution (eCDF) function (Fig. 4E,
Fig. STA). Inspection of neojunctions produced from these MHC-presented neoantigens
confirmed that they were tumor-specific (Fig. S7B).

Whereas HLA genes are highly polymorphic and have different binding preferences for
neoantigens, the existence of shared splicing neoantigens suggests that diverse HLA
genotypes may bind in a more promiscuous manner to these peptides versus those present
only in one or few individuals. To evaluate the potential recurrence of amino acid sequences,
we first redefined the shared and unique neoantigens by normalizing the frequency of

their parental splice junctions (Fig. 4F). Since 9-mer neoantigens had a balanced number

of shared and unique neoantigens, we focused specifically on these peptides. To derive a
physicochemical profile of the amino acids associated with each, we encoded each 9-mer

as a numerical vector based on all amino acid physicochemical parameters in the AAlndex
database (566 parameters) and projected each neoantigen vector as a point in UMAP space
(Fig. 4G). Whereas the majority of shared and unique splicing neoantigens have similar
physicochemical characteristics, a few empirically observed clusters were enriched in shared
versus unique neoantigens (circled regions, Fig. 4G). To find preferentially detected amino
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acids present in the shared and unique neoantigens, we performed motif analysis with
MEME(56) in these two sets. MEME finds that shared neoantigens frequently end in

Lysine and Phenylalanine (e-value =9.8e-14), whereas the most dominant motif found in
unique neoantigens disproportionately end in Arginines (e-value=0.14), the less significant
E-value also suggested the more diverse binding modes for unique neoantigen (Fig. 4H). We
observed near identical motif enrichments for shared versus unique splicing neoantigens in
the Van Allen cohort (Fig. S7C). These data suggest that amino acid sequence bias could be
used to find shared neoantigens that are bound by most MHC alleles.

Splicing neoantigens stabilize MHC and elicit T cell responses

To demonstrate that such splicing neoantigens represent viable targets for broadly applicable
immunotherapies, we experimentally verified their ability to directly bind MHC and induce
T-cell reactivity. For validation, we selected 5 shared splicing neoantigens derived from
three neojunctions in PMEL, SL.C45A2and CDH19. Although PMEL is an existing target
for immunotherapy in melanoma (NCT00509496), the predicted splicing neoantigen has
not been previously described (unannotated exon-exon junction). These neoantigens were
selected based on availability of HLA matched donor cells, high neoantigen frequency in
melanoma and tumor specificity. A MHC stabilization assay using TAP deficient HLA-A*02
containing T2 cells, confirmed the binding of two neoantigens to HLA-A*02 (Fig. 5A—

B). To assess immunogenicity, we leveraged HLA-typed healthy blood peripheral blood
mononuclear cells (PBMC) to prime T cells and tested IFN-y responses upon pMHC
stimulation (Fig. S8). Frozen PBMC were primed 3 times with autologous peptide loaded
Dendritic Cells (DCs) and thereafter tested for their IFNy response against single HLA
expressing 721.221 (221) cells, to ensure immunogenicity was specific for a single HLA
genotype. The 5 neoantigen peptides loaded on 221 cells expressing their respective allele,
generated similar IFN+y responses compared to known immunogenic FLU and/or HCMV
peptide antigens in 3 donors (Fig. 5C-D). Only weak IFNy responses were detected in
unstimulated T cells and in response to 221 without peptide, showing peptide specificity.
Thus, these analyses provide strong evidence of T-cell immunogenicity by all 5 shared
splicing neoantigens tested. These results are in contrast to previously described neoantigen
prediction workflows that reported far lower validation accuracies (57, 58).

Shared splicing neoantigens derive from tumor cells rather than the tumor
microenvironment

Although bulk tumor RNA-Seq enables the detection of splicing neoantigens it cannot
clarify the precise cellular source. Emerging data suggest that neoantigens can also be
derived from the tumor microenvironment including immune cells (59). To determine which
cell types splicing neoantigens derive from, we re-analyzed single-cell (sc)-RNA-Seq from
tumor biopsies from 17 patients with melanoma (4,454 cells) (60). As these data were
profiled using SmartSeq2 chemistry, we were able to detect over 340,000 exon-exon and
exon-intron junctions present throughout the gene body, for 7 prior annotated cell-types
(tumor, endothelial, cancer associated fibroblasts, B cell, T cell, natural killer cells and
macrophages). This analysis found only a small proportion of SCRNA-Seq detected junctions
were enriched in tumor cells >2 fold (/7=30,523) versus those enriched in immune cells
(m7=236,954) (Fig. 6A). Considering all TCGA predicted melanoma neojunctions in this
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dataset, we find roughly equal immune and tumor enriched neojunctions (1,289 and 979,
respectively). However, restricting this analysis to shared splicing neoantigens in >15% of
patients, we found these neojunctions were almost entirely derived from tumor cells (7=195)
versus immune cells (7=10) (Fig. 6B, Data S12). Tumor specific neojunctions included
experimentally confirmed splicing antigens (SLC45A2, CDH19, FCRLA) (Fig.6C). Thus,
the tumor microenvironment appears to be a contributor to splicing neoantigen burden, but
not a primary source for shared neoantigens.

To ensure that such neoantigens are not only a byproduct of a normal cellular proliferative
program, which would limit their therapeutic by presenting a potential side-effect, we
analyzed multiple in vitro bulk RNA-Seq datasets, in which human epidermal cells were
induced to proliferate or do so naturally (embryonic). We found proliferation associated
junctions only accounted for a small percentage (~6%) of all TCGA melanoma identified
neojunctions (Fig S9A-C). Neojunctions from shared splicing neoantigens were only
frequently observed in one out of 170 proliferative samples, specifically from 16-week
fetal fibroblasts, but not from other fetal fibroblasts profiled (61) (Data S13). Furthermore,
these overlapping melanoma neojunctions were only weakly detected (1-50 reads) in any
cultured epidermal sample and were associated with cell cycle regulation (Fig. S9D and
Data S14). Thus, non-malignant melanocyte proliferation is not a dominant source of
splicing neoantigen production.

SNAF accurately predicts full-length mRNAs and stable proteoforms

Several SNAF-T splicing neoantigens were those that occur in transmembrane proteins, such
as GPR143 and SLC45A2, which occur due to undocumented in-frame alternative splice-
sites (5" or 3"). In principle, such splicing events could result in undescribed cell-surface
expressed proteins. As an alternative source of neoantigens that do not require degradation,
MHC presentation, and T-cell receptor recognition, we applied SNAF-B to the same TCGA
melanoma cohort. The SNAF-B workflow can be used to identify ExNeoEpitopes that have
retained transmembrane domains, but altered N-terminal or other extracellular sequences
that could serve as new epitopes for specifically designed monoclonal antibodies. To predict
full length isoforms, unannotated exon-exon or exon-intron junctions (not in the Ensembl

or UCSC mRNA database), are inserted into the best matching isoform models based on
exon composition, followed by in silico translation (Fig. 7A). This workflow can optionally
exclude predicted mRNAs expected to result in NMD and selectively include those that have
high-confidence transmembrane domains based on a prior published Hidden Markov Model
based topology prediction approach (TMHMM) (62). Putative ExNeoEpitopes that result

in deleted or new extracellular polypeptides can be assessed using the SNAF-B interactive
viewer.

This analysis found 378 initial ExNeoEpitopes in the TCGA melanoma cohort, using prior
well annotated transcripts as reference models (Ensembl, UCSC mRNAs) (Data S15). To
initially assess the validity of such ExNeoEpitopes, we performed long-read RNA isoform
sequencing (“Iso-Seq”) in four commonly used melanoma cell lines using the PacBio Sequel
Il platform. This Iso-Seq analysis found 17 of our predicted ExNeoEpitopes isoforms that
perfectly matched our in silico predictions and an additional 20 that partially matched
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(overlapping neojunction) (Data S15). One example was an undocumented alternative 3" site
in Signal Regulatory Protein Alpha (SIRPA), which resulted in an in-frame deletion of the
5" end of exon 13, missing 21AA. The predicted full-length isoform was directly evidenced
by Iso-Seq (Fig. 7B).

In addition to predicting full-length isoforms SNAF-B can match short-read identified
junctions to other supplied isoform models including long-read or Expressed sequence

tags (EST). Matching exon-exon and exon-intron junctions from the TCGA melanoma
cohort to a publicly available PacBio 1so-Seq dataset of 10 commonly used cancer cell

lines (Universal Human Reference), we found 1207 additional full length neo-isoforms
associated with junctions not detected in GTEx (Data S15). This included the same
SLC45A2 neojunction, predicted by SNAF-T to be associated with poor survival, shared

in 69% of patients with melanoma, found to be MHC-presented (MS) and only expressed

in tumors (Fig. S10A,B). This alternative 5" donor site resulted in the deletion of 80AA
which disrupted the 6th transmembrane domain. The deleted region (AA 215-295) appeared
to be composed of a transmembrane segment (AA 215-237) and a cytoplasmic segment (AA
237-295) in the reference protein (Fig. S10C,D). As a result of the deletion, a region of
polypeptide sequence normally positioned at the cytoplasmic face of the membrane was now
predicted to reside in the extracellular domain, representing a potential new neoepitope for
CAR-T therapy.

Considering all SNAF-B short- and long-read predictions from 10 tumor and 5 melanoma
cell lines together, we ran SNAF-B to identify a total of 514 unique ExNeoEpitope proteins
(Data S15). We filtered these to 187 predictions in which the neojunction overlapped with
the extracellular domain (UniProt) and was not contained within any other Ensembl or
UCSC protein isoforms. In addition to proteoforms with missing polypeptide sequences, we
identified 12 initial candidate long-read supported isoforms with high GTEx evidence of
tumor-specificity that result in the inclusion of undocumented alternative first or cassette
exons. These were initially identified through manual inspection of BLAT sequence matches
to the human genome and mRNA transcript databases (UCSC and Ensembl) and biased to
ExNeoEpitopes detected in >15% of patients with melanoma. Visualization in the SNAF-B
viewer found that 5 out of these 12 ExNeoEpitopes result in new inserted polypeptide
sequences that impact a cytoplasmic region of the protein (OCA2, SLC2A10, TMEMO9,
IL13RA1, ATP13A1), one occurring within a transmembrane domain (ANO10) and 5
predicted to alter the extracellular region of the protein and result in stable transmembrane
predictions (DCBLD2, NALCN, MET, SEMAGA, IGSF11). Although orthogonal long-read
RNA sequencing indicated the validity of these transcripts from neojunction inference,

it is possible such isoforms are not properly folded or inserted into the cell membrane.

First, to initially show the ability of these isoforms to produce functional transmembrane
proteins, we predicted 2D and 3D protein structures for the tumor specific and reference
MRNA isoforms using Protter (63) and Alphafold2 (64), respectively. In each of the
examples, we observed high-confident 2D and 3D structures of both the tumor and reference
isoforms, suggesting that the deleted or inserted polypeptide sequence selectively impacted
the extracellular portion of these proteins (Fig. 7 and Fig. S10-12). Finally, we tested the
ability of ExNeoEpitopes with distinct in silico evidence to traffic to the plasma membrane.
Specifically, we synthesized and transfected C-terminal fluorescent tagged cDNAs for three
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ExNeoEpitopes that gained new peptide sequences (SEMAGBA, ANO10, IGSF11, DCBLD2)
and three isoforms with deletions (SIRPA, MET, SLC45A2), along with the reference
isoform for each. The synthesized reference isoforms for 5 out of the 7 ExNeoEpitopes
(SEMAGBA, SIRPA, MET, SLC45A2, DCBLD?2) were expressed and found to co-localize
to the transmembrane using a selective cell surface stain in HEK-293 cells. Confirming
their expression and trafficking, we could also observe partial transmembrane localization
in 4 of 7 of the evaluated ExNeoEpitopes predicted by SNAF-B (SEMAGA, SIRPA, MET,
SLC45A2) (Fig. 7F,G and Fig. 12B—F). These data illustrate the potential of tumor-specific
splice isoforms as higher precision candidates for CAR-T or monoclonal antibodies over
existing targets, which include conformational epitopes that impact protein structure (65,
66).

Interactive Neoantigen Web Explorer

To facilitate the exploration and prioritization of the predicted neoantigens from SNAF, we
developed two interactive web applications to visualize both T-cell and B-cell neoantigens
(Figure S13). The SNAF-T viewer allows users to explore different global neoantigen
features, including amino acid length, and frequency within a cohort, in a projected 2D
UMAP space. Here, each neoantigen is embedded based on its physicochemical properties.
Users can manually select clusters to identify enriched web logo AA motifs and explore
individual neojunctions and neoantigens (Supplementary Movie). The SNAF-B viewer can
be used to interactively visualize GTEx and tumor counts for neojunctions, generate protein
sequence alignments between a putative ExNeoEpitope and selected reference proteins,
compare protein feature composition, secondary structure and solvability prediction(67), and
perform topology modeling (62). Hence, these tools can be used to select optimal targets for
experimental validation.

DISCUSSION

The identification and prioritization of shared neoantigens within and across cancers
provides the potential to lead to new targeted immunotherapies. However, the development
of existing targeted neoantigen immunotherapies is time-consuming and costly, as they

must exploit specific MHC-presented mutations that are evidenced by precision proteomics
and immunogenicity assays (68). Our study provides evidence that aberrant splicing in
melanoma frequently results in shared MHC-presented neoantigens, which can be confirmed
in different patient cohorts and used to predict survival and response to immunotherapy.
Patients with high splice neoantigen burden skew towards poor outcomes and associate with
genes important to block immune-tumor recruitment. Further, Although prior computational
strategies for splicing neoantigen discovery have been proposed, SNAF is unique in its
inclusion of probabilistic modeling to quantify immunogenicity and tumor specificity,
interactive exploratory methods, quantification of splicing factor activities and interfaces

for long-read and immunopeptidomics analysis. We attribute these new methods to our

high validation rate. These analyses establish the broad existence of highly shared splicing
neoantigens in melanoma and nominate coordinated splicing failure as a broad mediator

of mis-splicing. Shared versus patient specific splicing neoantigens were found to have
distinct physicochemical characteristics and cells of origins, suggesting distinct mechanisms
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of regulation. From these analyses, one prediction, SLC45A2 stands out due to its:

1) prognostic indication for immunotherapy outcomes, 2) specificity for tumor versus
immune cells, 3) MHC-I stabilization, 4) high immunogenicity, 5) support from long-read
sequencing, and 6) localization to the cell surface, making it an immensely promising target
for future therapies.

A key challenge faced by SNAF and other tools is the identification of optimal targets

for experimental validation. Improving such predictions in the future will depend on well-
designed prospective studies, experimentally validating a range of predicted immunogenic
and non-immunogenic peptides (MHC-presentation, immunogenicity) from mutations and
splicing that are shared or unique and derived from different tools and statistical cutoffs.
Similarly, the validation of ExNeoEpitopes will rely on new proteogenomics approaches
that leverage targeted long sequencing isoform sequencing and proteomics along with
antibodies that target specific conformational epitopes. Such antibodies could represent
powerful new molecular reagents for CAR-T or monoclonal antibody strategies, for shared
and patient-specific neoantigens. Although our current pipeline enables the identification of
likely ExNeoEpitopes and deep visual interrogation of the impact and position of residues
in undocumented cancer protein isoforms, ultimately improved automated bioinformatics
methods are needed to determine which introduced or removed residues will result
specifically in new extracellular or transmembrane sequences that retain the conformational
integrity of the new protein isoforms. Moreover, transposable elements have been reported
to contribute to a subset of alternative splicing events (74) and give rise to neoantigens (75—
78), including endogenous retrovirus (79). Although we do not observe such overlapping
elements in our validated shared splicing neoantigens (UCSC genome browser), these
warrant more systemic analysis to assess the potential convergence between these two types
of neoantigen and their contribution, respectively.

A final important consideration is the tumor specificity of such neoantigens. As antigen
assays do not provide information on tumor specificity, there is a need for more
comprehensive normal tissue references. Most conventional RNA-Seq studies are on a
limited set of adult human tissues, without considering rare cell-types or fetal developmental
isoforms. It is likely that an expanded atlas of normal tissues, with extremely high
sequencing depths (>100 million reads) and longer reads (>100nt) are needed, which may
be aided by newly reported cheaper and longer sequencing approaches (80) and ideally
single-cell resolution for hundreds of cell types.

Finally, it is important to note that our study has several limitations and outstanding
questions. It has been suggested that cancer cells maintain a delicate balance between
mutations in oncogenes and suppression of their presentation by MHC (69). Whether a
similar mechanism exists for splicing neoantigens could further inform the type of therapy
administered. Second, although current neoantigen predictions focus on HLA-I presentation
and CD8 T-cell function, HLA-Il and CD4 T -cells have also been reported to play an
essential role in enhancing anti-tumor activities, together with other major immune cell
types such as neutrophils, dendritic cells (70). As current bioinformatics pipelines do not
consider the activities of these other HLA mechanisms and T-cell subsets, future methods
may need to incorporate additional T-cell and antigen presentation mechanisms. Further,
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to confirm SNAF observations, we leveraged existing immunopeptidomics and synthetic
peptide MS data. Although it represents an important high-throughput validation, we note
that MS-based neoantigen validations suffer from both false positives and false negatives
due to the non-tryptic nature of immunopeptides and the complexed peptide search space
considering combinatorial Post-Translational Modifications. The incomplete nature of the
MS2 spectrum necessitates orthogonal assays and manual annotation to confirm individual
splicing neoantigen predictions, which accounts for low prior reported MS/MS identification
rates (5%) compared to normal proteome (50%) (29, 30, 71-73).

Given its flexibility, SNAF can be easily extended to new datasets, sequencing technologies,
and neoantigen prediction libraries which can be deployed in a modular manner in custom
bioinformatics pipelines. Applied broadly to new cancers and distinct forms of malignancy,
we believe SNAF could be used to identify splicing neoantigens that are unique and shared
across malignancies and discover new sequence motif preferences that expand the repertoire
of targets for precision cancer therapy.

MATERIALS AND METHODS

Study Design

Statistics

The objective of this study is to comprehensively define tumor-specific and potentially
immunogenic neoantigens produced from post-transcriptional regulation, particularly
through alternative splicing. A systematic pipeline for the identification of splicing
neoantigens in heterogeneous cancers is presented as a strategy to reveal new shared targets
for therapy. To broadly assess the presence and specificity of splicing neoantigens shared
among patients with melanoma and ovarian cancer, our described bioinformatics workflow
was applied to existing well-curated cancer molecular omics datasets. These cancers and
datasets were selected as they possess matched or unmatched multiomic measurements
(immunopeptidome, RNA-Seq), clinical outcomes and diverse therapy regimens. Bulk long-
read RNA-sequencing was applied in melanoma cell lines (1 library replicate per cell line) to
capture a sufficient diversity of full-length mRNA isoforms, not necessarily present in other
included cancer cell line long-read datasets. As the majority of analyses in the study are
retrospective, sample size for these bulk RNA-Seq, immunoproteomics and single-cell RNA-
Seq datasets is dependent on the original study design. For in vitro functional validation,
neoantigen-MHC binding was confirmed using the TAP deficient T2 cell line’s capacity to
stabilize HLA-A*02 upon the binding of candidate peptides. The immunogenicity and T cell
reactivity of neoantigens were evaluated using peripheral blood collected from a minimum
of three healthy donors. The selection of donors was contingent on the availability of MHC-I
matches predicted by Deeplmmuno and NetMHCpan SNAF. The experiment was conducted
three times to ensure the reliability of the results and each replication followed the same
protocol and conditions to minimize variability and enhance the robustness of the findings.
The analyses were blinded to the study participants by the clinical study coordinators.

Replicate sample genomic comparative analyses employed a two-sided empirical Bayes
moderated t-test (p<0.05) for all bulk RNA-Seq gene expression and alternative splicing
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analyses. All analyses in which greater than 30 measurements were obtained, were subject
to false discovery testing procedure (Benjamini Hochberg). Associations for individual
neojunctions or neoantigens with patient survival were derived using a univariate Cox
Regression analysis, with positive and negative associations results reported for all results
and significant results reported for a Coxph < 0.05.

SNAF Architecture

SNAF was designed as a modular python package to automate splicing neoantigen
identification, using a series of embedded workflows. This workflow consists of distinct
steps (see below) which are divided into functionally distinct modules which can be called
on a single SNAF python object or independently produced data files. These functions can
be mixed and matched to identify T-cell or B-cell neoantigens or perform orthogonal such
as survival, MS proteomics, long-read analysis. Additional documentation and tutorials are
provided from the GitHub repository (https://github.com/frankligy/SNAF). Specific SNAF
algorithm details are provided in Supplementary Materials and Methods.

—Bulk and single-cell melanoma splicing evaluation datasets

To evaluate shared and unique splicing neoantigens identified by SNAF, we reanalyzed
prior reported bulk and single-cell RNA-Seq datasets through SNAF, using the same
genome alignment and splicing quantification workflows applied to TCGA samples. To
assess the association of melanoma splicing neoantigens with non-cancerous proliferative
skin cell splicing events, we reanalyzed five proliferative melanocyte RNA-Seq datasets

in the GEO database (GSE102983, GSE111786, GSE149189, GSE197471, GSE202700)
(Fig. S9). To determine the cell of origin for melanoma splicing antigens, we obtained
access to the controlled access raw sequencing data (DUOS-000002). For 4,645 individual
cell transcriptomes corresponding to 19 patients with melanoma (GSE72056). Only 3,877
with cell annotations were retained for further analysis. These individual cell-level FASTQ
files were re-analyzed in STAR and AltAnalyze to produce aggregate junction read counts
for each patient and author annotated cell-populations. These junction read counts were
summed per cell-population to identify tumor versus immune neojunction enrichments
(fold>2 enriched). These analyses are biased towards immune cells, as twice as many
immune cells (n=2,605) versus tumor (n=1,174) were present.

I-Peptide synthesis and MS spike-in validation

36 peptide candidate splicing neoantigens were synthesized (GenScript, Piscataway, NJ) at
minimum of 70% purity with an average yield of 0.2-0.5 mg. Peptides were reconstituted
with water to a final stock concentration of 1 pmol/uL. Peptides were pooled (except for
LELLVKGTYV and STLEFGLRYV, which did not solubilize sufficiently) at a concentration
of 1 pmol/pL and then diluted 1:10 for a 100 fmol/uL working solution. LC-MS analysis
was performed on a 50 fmol injection of pooled peptides using a Ultimate 3000 nanoflow
HPLC (Dionex) and Orbitrap Eclipse Tribrid mass spectrometer (ThermoFisher Scientific)
as described below. Injections were loaded onto an Acclaim PepMap 100 trap column (300
pm x 5 mm x 5 um C18) and gradient-eluted from an Acclaim PepMap 100 analytical
column (75 pm x 25 cm, 3 um C18) equilibrated in 96% solvent A (0.1% formic acid in
water) and 4% solvent B (80% acetonitrile in 0.1% formic acid). The peptides were eluted
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at 300 nL/min using the following gradient: 4% B from 0-5 min, 4 to 10% B from 5-10
min, 10-35% B from 10-60 min, 35-55% B from 60-70 min, 55-90% B from 70-71 min,
90% B from 71-73 min, 90-4%B from 73—-74 min and 4% B from 74-90 min. The Orbitrap
Eclipse was operated in positive ion mode with 2.0 kV at the spray source, RF lens at 30%
and data dependent MS/MS acquisition with XCalibur version 4.3.73.11. Positive ion Full
MS scans were acquired in the Orbitrap from 375-1500 m/z with 120,000 resolution. Data
dependent selection of precursor ions was performed in Cycle Time mode, with 3 seconds
in between Master Scans, using an intensity threshold of 2 x 104 ion counts and applying
dynamic exclusion (n=1 scans within 30 seconds for an exclusion duration of 60 seconds
and +/- 10 ppm mass tolerance). Monoisotopic peak determination was applied and charge
states 2—6 were included for HCD MS2 scans (quadrupole isolation mode; 1.6 m/z isolation
window, Normalized collision energy at 30%). The resulting fragments were detected in the
Orbitrap at 15,000 resolution with Standard AGC target and Dynamic maximum injection
time mode.

IValidation of peptide-MHC binding by MHC stabilization assay

To test MHC-I binding of synthesized neoantigen peptides, we used TAP deficient T2

cells that are defective in transporters required for endogenous peptide loading (104, 105).
T2 cells were obtained from ATCC and grown at 37°C, 5% CO> in ‘scove’s Modified
Du’becco’s Medium supplemented with 20% FBS and pen/strep. 1x10° T2 cells were used
without and loaded with 100ug/ml peptides and thereafter incubated overnight. All T2 cells
were harvested and stained with HLA-A2-PE antibody (clone BB7.2; Biolegend) for 30
mins on ice. Cells were washed once with cell culture medium and acquired on a Fortessa 11
flow cytometer. Median fluorescence intensity was determined using FlowJo software.

Immunogenicity assay

Immunogenicity of predicted splicing neoantigen peptides was determined as described
previously (16, 77). In short, HLA-typed PBMCs from leukocyte reduction system (LRS)
(Cincinnati Hoxworth Blood Center) chambers were isolated using Ficoll hypaque density
gradient centrifugation, aliquoted in 20x108 cells per vial and frozen in liquid nitrogen
until use. At day 0, PBMC were thawed and used to set up monocyte derived dendritic
cells by plating 4x10% PBMC in a 24 well. Cells were incubated at 37°C, 5% CO; in

DC medium (RPMI 1640 supplemented with 10% FBS, 1% L-Glutamine (200mM) + IL-4
(1000 U/ml) and GM-CSF (800U/ml). After 4h, the non-adherent fraction was removed
by rinsing the wells twice with PBS. Adherent cells were cultured for 7 days in DC
medium. On day 7, DCs were loaded with 10ug/ml peptides dissolved in DC medium and
incubated at 37°C, 5% CO,. After 4h, 1.5ml DC maturation medium was added (RPMI
1640 supplemented with 10% FBS, 1% L-Glutamine, IL-4 (1000U/ml), GM-CSF (800U/
ml), IL-1B (10ng/ml), IL-6 (10ng/ml), TNF-a (10ng/ml) and LPS (30ng/ml). After 16h of
DC maturation, peptide loaded DCs were used to stimulate autologous PBMC, by adding
1x10% PBMC of the same donor to the DC cultures. DC and PBMC co-cultures were grown
in T cell medium (60% RPMI 1640, 40% Click’s medium supplemented with 10% FBS,
1% L- glutamine, IL-6 (100ng/ml), IL-7 (10ng/ml), IL-12 (10ng/ml), and IL-15 (5ng/ml).
Medium was changed on day 3 and day 6 based on medium color change. On day 14 and
21 T cells were harvested and stimulated with new autologous peptide loaded DCs. After
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three rounds of T cell priming, at day 28, T cells were harvested and tested for their IFN-y
response to peptide loaded 721.221 (221) single HLA antigen target cells. Fist the target
cells 221.A*02:01, 221.C*04:01, and 221.C*08:01 were loaded with relevant peptides at
10ug/ml in separate wells. 221 and peptides were incubated for 4h at 37°C, 5% CO2 in
RPMI 1640 supplemented with 10% FBS. Peptide loaded 221 target cells with and without
peptides were co-cultured with primed T cells at 3:1 ratio in the presence of 50 ng/ml PMA
for 6h at 37°C, 5% CO2 in RPMI 1640 supplemented with 10% FBS and monensin. PMA
and ionomycin stimulation (each at 1pg/ml) was used at positive control. Thereafter the
cells were harvested and stained for extracellular CD45-BV786 (Biolegend), CD14-PerCP
(Biolegend) and CD8-PE (biolegend) for 30 mins on ice. Cells were fixed and permeabilized
using the CytoFix/CytoPerm kit (BD) according to manufacturers instructions and thereafter
stained for intracellular IFN-y-APC expression (clone 4S.B3; Biolegend) for 20 mins on ice
and directly analyzed on a BD Fortessa flow cytometer. Analysis of CD45+CD14-CD8+
IFN-y+ cells was determined using FlowJo software.

Validation of ExNeoEpitope localization

To confirm the expression and cell membrane localization of SNAF-B neo-isoforms, we
synthesized the long-read sequencing evidenced alternative isoforms and their annotated
reference isoforms as C-terminal tagged cDNAs with either mNeon-Green or eGFP on a
plasmid vector (VectorBuilder, USA). Streak LB agar plates with 100 pg/mL Ampicillin
were made for each isoform. A single colony was picked from each plate and expanded

in 1 mL of LB broth for 8 hours at 37 Celsius respectively. 20 pL of the pre-expansion

broth was then taken and pipetted into a Elenmyer flask with 50 mL of LB broth. The
competent cells were expanded overnight at 37 Celsius. Medi-preps were performed for each
construct with the ZymoPure 1l plasmid midiprep kit. On an Ibidi 4-well chamber p-slide,
HEK-293T cells were seeded in prior with a concentration of 0.15 M/mL. When HEK-293T
cells reached 60% of confluency, these constructs (CMV promoter) were transfected into the
cells separately with 1 pg of plasmid (99% pUC19 negative control plasmid+1% engineered
plasmid) with TransIT-LT1 (Mirus) following the manufacturer’s protocol.

The cells were fixed and permeabilized with 4% PFA 24 hours post-transfection. After two
rounds of washing, the cells were treated with a warm 1x citrate buffer (diluted from 10X
stock; Sigma-Aldrich) to break the protein cross-links. The cells were then washed once
with PBS again and a membrane actin stain was performed with 1x Phalloidlin 647 in PBS
with 1% BSA (Abcam) at room temperature for an hour. To stain the nuclei of the fixed
cells, the cells were washed with PBS and stained with DAPI (Thermo Scientific) (1:4000
diluted in PBS with 1% BSA) at room temperature for 5 minutes. The stained cells were
immediately washed with PBS, and the PBS removed by vacuum. Prolong gold mounting
media (Thermo Fisher Scientific) was evenly applied to the fixed cells surface. 24 hours

post transfection, the expression and co-localization of the reference and alternative isoforms
were assessed by a confocal spinning disk microscopy (Yokogawa SoRa W1 dual camera
system) using the Nikon Elements software. The confocal raw imaging files with all z-stacks
are provided in Synapse (https://www.synapse.org/#!Synapse:syn52063953).
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Melanoma Cell-Line Long-Read Isoform Sequencing

For long-read mRNA isoform sequencing, cells were grown and isolated from five
independent Melanoma cell lines: A375, SKMEL, MeWo, UACC62, and UACC257
(ATCC). Total RNA was isolated (Trizol) and analyzed on a Thermo Nanodrop UV-Vis
and an Agilent Bioanalyzer to confirm the nominal concentration and ensure RNA integrity.
From the RNA, cDNA was synthesized using the Clontech SMARTr cDNA Synthesis Kit,
in which a barcode was added to the oligo-dT at the 3" end. Each melanoma cell line
cDNA was pooled and then converted into a SMRTbell library using the 1so-Seq Express
Kit SMRT Bell Express Template prep kit 2.0 (Pacific Biosciences). We sequenced each
library on a SMRT cell on the Sequel Il system using a 30 hour movie collection time.
The “ccs” command from the PacBio SMRTLink suite (SMRTLink version 9) was used to
convert Raw reads into Circular Consensus Sequence (CCS) reads. The resulting data was
analyzed in SQUANTI to assign reads to full-length collapsed reference or neo-isoforms.
The isoform GTF files, barcode sequences and raw data are available in Synapse (https://
WWW.Synapse.org/#!Synapse:syn32785802). (table S1).

Melanoma RNA-Seq Analyses

RNA-Seq paired-end BAM files from 472 patients with melanoma collected by

TCGA (SKCM) were obtained from the GDC portal following dbGAP approval
(phs000178.v10.p8). A second collection of 40 RNA-Seq FASTQ files from patients who
underwent immunotherapy (archival formalin-fixed, paraffin-embedded) in Van Allen cohort
(34) files were obtained from the dbGAP database (phs000452.v2.p1). These FASTQ files
were aligned to the reference human genome (hg38) and transcriptome (Ensembl 91) using
STAR. Among these 40 Van Allen RNA-Seq samples, patient 41 was excluded (only partial
sequencing data available), as previously reported (106). The HLA genotype of each patient
sample was determined from the RNA-Seq FASTQ files using the software Optitype 1.3.3
(107). We chose Optitype based on its superior performance in calling HLA-I alleles (over
99% accuracy) from RNA-Seq data based on a recent large-scale benchmarking study,
evaluated on “gold-standard” HLA genotyping data (108)(109). AltAnalyze v 2.1.4 was
used to quantify splicing independently in these two cohorts using the Ensembl version 91
database. MultiPath-PSI identified splicing events were used as inputs for SNAF. The TCGA
survival and mutation data were downloaded from Xena Browser (110). Survival analysis
was performed using the snaf.survival_analysis function with stratification argument n=2
(high burden is equivalent to greater than the median burden, low burden is equivalent to
less than the median burden, with the outliers excluded). Mutation analysis was conducted
using snaf.mutation_analysis function. To identify individual neojunctions or Neoantigens
associated with survival, an univariate Cox Regression analysis was used to identify
events/antigens with a parental PSI value that are positively or negatively associated with
patient outcome (Wald test p-value and z-score). Here, the neojunction and its parental

PSI value is ignored if the neoantigen was not predicted to be presented in that sample,
resulting in different survival associations for different neoantigens produced from the

same neojunction. For analysis of Melanoma RNA-Seq TCGA samples in the SNAF-B
workflow, long-read 1s0-Seq cDNA sequences were obtained from pan-cancer cell line
sequencing, using the PacBio provided isoform GTF file (https://downloads.pachcloud.com/
public/dataset/UHRRisoseq2021/Final-MappedTranscripts/).
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Automated discovery and confirmation of immunogenic and transmembrane splicing
neoantigens with SNAF.

A) Outline of the two parallel workflows in the software SNAF to predict splicing
neoantigens. SNAF begins with the identification and quantification of alternative splice
junctions (exon-exon and exon-intron) from RNA-Seq BAM files and filters these

against normal tissue reference RNA-Seq profiles (BayesTS). Retained tumor-specific
splice junctions (neojunctions) are evaluated for T-cell (SNAF-T) and B-cell (SNAF-B)
antigen production. SNAF-T performs in-silico translation of each junction, MHC binding
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affinity prediction (netMHCpan or MHCflurry) and identifies high-confidence immunogenic
neoantigens through deep learning (Deeplmmuno). SNAF-B predicts full-length protein
coding isoforms that produce cancer-specific extracellular neo-epitopes (ExNeoEpitopes),
considering existing transcript annotations and full-length isoform sequencing for targeted
antibodies.

B) Validation workflow for Ovarian cancer and Melanoma immunopeptidomics with either
matched or unmatched RNA-Seq. MaxQuant is applied to find Peptide-Spectrum Match
(PSM), followed by quantitative and expert MS2 spectra prioritization. HPLC-MS/MS
confirmation is performed on synthesized nominated neoantigens. C) Number of SNAF-T
predicted neoantigens and those confirmed by immunopeptidomics across 14 of patients.

D) Mirror plot of the immunopeptidomics and spike-in MS spectrum for HAAASFETL.
The lines indicate mass-to-charge ratios for distinct types of fragmented ions (red/blue). E)
SashimiPlot visualization of HAAASFETL, derived from an exon-exon junction in the gene
FCRLA, along with the junction/peptide sequence, binding affinity and immunogenicity
prediction. F) Raw read counts of the FCRLA neojunction between normal controls (blue)
and TCGA melanoma cohort (red).
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Figure 2. Splicing-neoantigen burden predicts response to therapy in M elanoma.
A,B) Kaplan-Meier (KM) survival plots of Melanoma patient samples stratified into low

and high neoantigen burden, considering overall survival for each sequential step in SNAF
for two cohorts (A) TCGA (/=472), and (B) Van Allen (r7=39). These steps are: 1)
tumor-specific neojunctions (left column), MHC-bound neoantigens (middle column) and
immunogenic neoantigens (right column). Van Allen cohort RNA-Seq samples were subject
to immune checkpoint inhibitors whereas TCGA were not. The number of neojunctions

or Neoantigen peptides are shown at the top of each plot. C) Volcano plot of genes
differentially expressed in patients with high versus low immunogenic splicing neoantigen
burden in TCGA-SKCM, with a fold>1.5 and eBayes t-test P<0.05 (FDR corrected). Red

= genes that are up-regulated in the high burden group; blue = down-regulated genes in
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the high burden; orange = representative RNA binding proteins. D) Gene-set enrichment
with GO-Elite of ToppFun pathway gene-sets (AltAnalyze) for genes up-regulated in
patients with high splicing versus low neoantigen burden(panel C). E) Immunogenic
splicing neoantigen burden between patients in the TCGA Melanoma cohort with or without
mutations in CAMKKZ2. Mann Whitney two-sided test. F) Bubble-plot of survival associated
splicing neoantigens from SNAF in TCGA-SKCM. Dot size corresponds to the number of
patients with melanoma that the splicing neoantigen is detected in (10-470) and are colored
according to their survival significance in the TCGA-SKCM and Van Allen cohorts (LRT
P<0.05 and z = 1). AS = alternative splicing.
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Figure 3. Regulatory networ ks mediating splicing neoantigen burden in M elanoma.
A) Schematic overview of the software RNA-SPRINT and associated benchmarking steps.

The workflow involves construction of an RNA Binding Protein (RBP) prior network to
predict splicing regulatory interactions. Evaluation of the method is overviewed, consisting
of RNA-SPRINT benchmarking relative to 12 transcription factor (TF) activity methods

in HepG2 cell line RBP knockdown RNA-Seq datasets. B) The correlation of inferred

RBP activity with splicing neoantigen burden for all TCGA patients with melanoma. C)
Comparison of RBP activity-burden correlations with RBP differential gene expression, for
high versus low burden (TCGA SKCM). Red = upregulated genes (fold>1.2 and eBayes
t-test p<0.05, FDR corrected) in high burden. D) Type of splicing events observed with
exon/intron inclusion or exclusion comparing high versus low burden.
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Figure 4. Shared splicing neoantigens are frequently detected by M S and are defined by their
sequence composition in Melanoma.

A) ldentification of common (shared) and unique immunogenic splicing neoantigens in
the TCGA Melanoma cohort, based on their frequency of occurrence among patients. B)
Frequency of splicing-event types for shared and unique splicing neoantigen junctions

in TCGA. C) Gene-set enrichment with GO-Elite of the Gene Ontology and pathways

of shared neoantigens (present in >15% of patients with melanoma). D) MS recovery

rate in an independent melanoma immunopeptidome dataset (Bassani-Sternberg et al.)
between shared and unique neoantigens considered in the query database. E) Kernel density
estimate plot comparing the observed occurrence in an independent immunopeptidomics
MS experimental cohort, for all detected shared (>15% of patients with melanoma) versus
unique splicing-neoantigens. F) Re-defined shared and unique neoantigens in TCGA by
normalizing the occurrence of their parental splice junction, leveraging their respective
observed amino acid bias. G) UMAP of splicing neoantigens based on their amino acid
physiological properties in TCGA, highlighting neoantigens that cluster based on shared
amino acid physicochemical features. H) Distinct enriched amino acid motifs (MEME),
comparing shared versus unique neoantigens.
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Figure 5. Shared splicing neoantigens bind HLA and induce T-cell reactivity.
(A) Histograms and (B) graph show HLA-A*02-PE staining on HLA-A*02 containing TAP

deficient T2 cells without peptide (no pep), loaded with FLU and HCMV control peptides
and RLLGTEFQT (RLL) and FQTTRRAMTL (FQT) peptide neoantigens. MFI = median
fluorescence intensity. PE = Phycoerythrin conjugated antibodies. C) Dot plots and (D)
graph show the percentage of Interferon gamma-positive (IFNy+) CD8+ T-cells in response
to 5 melanoma shared splicing antigens compared to negative (unstimulated, no pep) or
positive (PMA/I, FLU, HMCV) controls. CD8+ T cells were primed using peptide loaded
monocyte derived dendritic cells and thereafter tested against 721.221 cells selectively
expressing the indicated HLA allele with and without peptide loading. Bars indicate median
of 2-3 donors and lines interquartile range.
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Figure 6. Splicing-neoantigen cell of origin is dependent on its mechanism of regulation.
A,B) Venn diagrams comparing the number of parental neojunctions for TCGA SKCM

splicing neoantigens unique to a single-patient (A) or shared in >15% of patients (B)

to the specific cell-types they derive from in independent melanoma tumor biopsies by
single-cell RNA-Seq analysis. Neojunctions are defined as tumor or immune if they are >2
fold enriched in either cell-population (absolute number of reads in all patients and cells
for each lineage). C) Neojunction expression in individual cell populations for select shared
splicing neoantigens. Each dot denotes the combined neojunction read counts in a single
patient (n=19) with melanoma, separately per cell annotated cell population.
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Figure 7. SNAF-B finds full-length mRNAs and stable-proteofor msfor targeted therapies.
A) Overview of the SNAF-B prediction workflow to define ExNeoEpitopes. The workflow

begins with bulk RNA-Seq datasets and optional long-read sequencing data integration to
produce results with multiple levels of in silico evidence. B) Comparison of a SNAF-B
predicted full-length isoform in the transmembrane protein SIRPA to documented mRNA
isoforms and those predicted from PacBio long-read IsoSeq of melanoma cell lines. C)
SashimiPlot of alternative 3’ splice site selection in Melanoma and Brain RNA-Seq for
SIRPA. D) Specificity of the indicated SIRPA ExNeoEpitope for TCGA melanoma samples
versus an integrated healthy controls tissue database (GTEx + TCGA). E) Alphafold2 3D
modeling of the reference isoform and the long-read verified ExNeoEpitope. Arrow denotes
the deleted region in the alternative isoform. F,G) Co-localization of the SIRPA reference
(F) or Melanoma-specific (G) splice isoform by confocal microscopy with a cell surface
stain (phalloidin). The arrow indicates the cross-section used to quantify fluorophore spatial
coincidence.
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Comparison of features in SNAF to other published splicing neoantigen workflows.

Table 1.

Automated Program Features
in-silico translation

MHC binding predictions
Tumor-specific expression
Immunogenicity predictions
Surface antigen predictions
Parallization

Interactive web app

Interface to proteomics analysis
Principal tumor specificy score
Custom normal tissue reference
Long-read validation
Differential gene expression
Gene-set enrichment

Splicing factor activity prediction
Advanced visualization
Integrated survival analysis

Stand-alone python module
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