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Abstract

Cancer transcriptomes frequently exhibit RNA dysregulation. As the resulting aberrant transcripts
may be translated into cancer-specific proteins, there is growing interest in exploiting RNA
dysregulation as a source of tumor antigens and thus novel immunotherapy targets. Recent
advances in high-throughput technologies and rapid accumulations of multi-omic cancer profiling
data in public repositories have provided opportunities to systematically characterize RNA
dysregulation in cancer and identify antigen targets for immunotherapy. However, given the
complexity of cancer transcriptomes and proteomes, important conceptual and technological
challenges exist. Here, we highlight the expanding repertoire of tumor antigens arising from
RNA dysregulation and introduce multi-omic and big-data strategies for identifying optimal
immunotherapy targets. We discuss extant barriers for translating these targets into effective
therapies, as well as the implications for future research.

Keywords

Cancer immunotherapy; CAR-T; TCR; tumor antigen; transcriptome; proteome; RNA processing;
RNA-seq; proteogenomics

RNA Dysregulation as a Source of Cancer Immunotherapy Targets

Transcriptomic and proteomic outputs of human cells are controlled by multiple RNA-
level regulatory processes. Mechanisms such as pre-mRNA alternative splicing (AS, see
Glossary) and RNA editing can generate multiple protein isoforms from a single gene,
greatly expanding the coding capacity and protein repertoire of human cells. Cancer

cells exhibit widespread abnormalities in RNA processing, including driver alterations that
functionally contribute to cancer development and progression [1, 2]. Through prevalent
RNA dysregulation, cancer cells can express a distinct set of transcripts and proteins, some
of which may represent therapeutic targets.

Targeted cancer immunotherapy has had tremendous successes in treating aggressive
malignancies, but important challenges and unmet needs remain [3, 4]. One critical aspect
in developing immunotherapies with safe and effective antitumor immunity is to discover
targetable tumor antigens (TAs). Current TA discovery efforts focus primarily on somatic
mutations in protein-coding regions (i.e. neoantigens) [5], along with several well-known
alternative sources such as lineage-specific antigens and cancer/testis antigens [3, 6]. These
strategies search only a small fraction of proteomic variations in cancer cells and are
ineffective for many cancer types [7]. Compelling evidence now suggests that TAs arising
from RNA dysregulation may represent an extensive but largely unexplored repertoire of
novel immunotherapy targets [1, 2, 7]. Through this review, we endeavor to raise awareness

Trends Pharmacol Sci. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Pan et al.

Page 3

of this emerging class of TAs, with the goal of mativating conceptual and technological
advances that translate these novel targets into new cancer immunotherapies.

Targeting Tumor Antigens for Adoptive Cell Therapies

By augmenting and engineering patients’ antitumor immunity, cancer immunotherapies
with immune checkpoint blockade (ICB) and adoptive cell therapies (ACTs) (Figure 1A,
Box 1) have created a paradigm shift in cancer treatment. Immunotherapies have achieved
improved patient survival, durable response, and other benefits for aggressive and previously
untreatable cancers [3]. TAs play critical roles in inducing strong antitumor immunity

[6]. The clinical efficacy of ICB is thought to originate from its ability to reactivate T

cell responses to TAs [6, 8]. In ACTs, T cells are engineered to recognize TAs through
distinct mechanisms, either by targeting extracellular peptides of cell surface proteins for
chimeric antigen receptor (CAR) T cell (CAR-T) therapy, or by targeting peptide epitopes
presented on the cell surface via major histocompatibility complex (MHC) molecules for
T-cell receptor (TCR) therapy (Figure 1A) [9].

TAs can be generated by DNA, RNA, or protein alterations in cancer cells. Certain features
of TAs are critical for ensuring immunotherapy success [6]. Ideally, the expression of TAs
should be exclusive to cancer cells or restricted to non-vital cell lineages, a feature related to
their expression selectivity and cancer specificity (Box 2). Another important consideration
is the TA foreignness — the extent to which the antigen is recognized by the patient’s
immune system as ‘non-self’ [6, 8, 10].

Advances in cancer genomic sequencing have enabled a clinically successful strategy for
TA discovery focusing on somatic mutations (Figure 1B) [5, 6, 11]. Specifically, cancer
genomic alterations — including single-nucleotide variations (SNVs), insertion-deletion
variations, and gene fusions — can be detected by sequencing and comparing the tumor
versus normal DNA of a given patient [11]. Protein sequence analyses can then identify
somatic mutations in protein-coding regions that generate antigenic peptides.

Although this strategy is well-established, it has important limitations. Somatic mutations
are usually specific to a small subset of patients, necessitating therapy development on an
individualized (‘personalized’) basis [6]. Furthermore, only a small proportion of somatic
mutations alter protein sequences and have strong immunogenicity, thus limiting the utility
of this strategy for many cancer types with moderate or low mutation loads [5]. Given these
inherent limitations, new types of TAs need to be systematically explored.

RNA Dysregulation-derived TAs as Targets for Immunotherapy

Post-transcriptional RNA processing plays key roles in regulating gene expression and
generating the diverse transcript and protein isoforms required for essential biological
functions [12]. RNA processing is governed by c/s regulatory elements and #rans regulatory
factors, whose functions can be disrupted by somatic mutations and oncogenic signaling
pathways in cancer [1, 2]. Dysregulation of RNA-related processes can reshape the cancer
transcriptomic and proteomic landscape. Consequently, this dysregulation can modulate
cellular phenotypes, by changing the abundance and diversity of transcripts and proteins
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(Figure 2). Some of these proteins could harbor cancer-specific antigenic peptides. Below,
we summarize the main mechanisms of RNA dysregulation and recent progress in exploring
RNA dysregulation as a source of cancer immunotherapy targets.

Altered RNA Expression

Altered RNA expression is a major source of cancer transcriptome variation, sometimes
playing essential oncogenic roles [13]. RNA overexpression in cancer cells can be caused
by transcriptional or post-transcriptional processes that enhance gene transcription or RNA
stability. If the corresponding protein product is consistently overexpressed across patients
with a cancer type of interest, or even across multiple cancer types, and if the protein
expression is low and sparse in normal tissues, then this protein may serve as a candidate
TA [6]. Several clinically targeted TAs follow this pattern, with consistent overexpression
in tumors and low or lineage-restricted expression in normal cells (e.g., CD19 [14], GPC2
[15]). However, issues of limited immunogenicity and off-tumor toxicity remain [3, 4].

Alternative Splicing

Pre-mRNA AS is a prevalent mechanism for diversifying gene products in human cells
(Figure 2) [16]. AS is widespread in cancer transcriptomes and contributes to each of

the “‘hallmarks of cancer’, the key phenotypic characteristics of cancer cells compared to
normal cells [17, 18]. Cancer-associated AS can functionally modulate cancer development
and progression through multiple mechanisms, such as by producing protein isoforms that
promote cell proliferation, inhibit cell death, avoid antitumor immunity, or enable invasion
and metastasis [17]. Additionally, AS events may predict patient prognosis and therapy
response [2].

Alternatively spliced exons or splice junctions can be translated into antigenic peptides that
are enriched in cancer cells [19]. Some of the cancer-associated exons or splice junctions
may arise from somatic mutations creating novel splice sites that are not present in normal
cells, making them highly cancer-specific [20]. Additionally, AS introduces larger sequence
changes to the final protein products, potentially making AS-derived TAs more “foreign’ and
immunogenic than single amino acid changes introduced by somatic mutations.

RNA sequencing (RNA-seq) studies of many cancer types have revealed transcriptome-wide
changes in AS [13, 20, 21]. Comparing tumor tissues to normal tissues, Kahles et al.

found elevated levels of AS in tumor tissues, including numerous previously unannotated
AS events with the majority being exon skipping and alternative 3’ splice site events [21].
Considering only splice junction peptides as candidate TAs, they validated the expression

of some peptides using mass spectrometry (MS) proteomics data and predicted candidate
antigens based on expected binding to MHC class | molecules. However, immunogenicity
of the candidate TAs was not tested experimentally. A recent pan-cancer study showed that
aberrant cancer-specific exons may be introduced by splice site-creating somatic mutations
within intronic sequences, through a process called exonization [13]. Dysregulation of intron
retention, a specific type of AS, is also common in cancer and provides a mechanism for
inactivating tumor suppressors [22]. Smart et al. experimentally validated MHC class |
presentation of intron retention-derived peptides, suggesting their potential immunogenicity
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[23]. Collectively, these studies provide compelling evidence for AS as a promising source
of novel immunotherapy targets. The repertoire of AS-derived TAs may be particularly large
for certain cancer types and patients carrying specific cancer driver mutations, considering
that genes encoding splicing regulatory factors are frequently mutated in cancer [2].

Not all AS isoforms are capable of generating protein products. The nonsense-mediated
mMRNA decay (NMD) pathway is an important mechanism of post-transcriptional regulation,
degrading mRNA transcripts containing premature termination codons (PTCs) [24-26].
Novel AS isoforms in tumors may harbor PTCs, resulting in transcript degradation via NMD
[7]. Nonetheless, evidence suggests that peptides generated during the pioneer round of
MRNA translation prior to NMD may still be presented by the MHC class | pathway [27].
Additionally, the NMD machinery is known to be dysregulated in cancers [28], potentially
allowing the translation of PTC-containing transcripts into protein products and TAs.

Noncanonical Splicing

Noncanonical splicing events can generate novel transcripts and proteins [29]. Chimeric
RNAs (fusion transcripts) can be generated from frans-splicing between distant gene

loci or cis-splicing between adjacent genes (¢is-SAGe), in the absence of chromosomal
rearrangements (Figure 2) [30]. Chimeric RNASs resulting from tfrans-splicing and ¢/s-SAGe
have been found in embryonic stem cells [31] and other non-cancer tissues [32]. Many
chimeric RNAs have been identified as biomarkers or potential therapeutic targets for cancer
[30]. If a cancer-specific chimeric RNA is translated into a protein, then the cancer-specific
peptide derived from the chimeric RNA may be a candidate TA [33]. Multiple tools exist

to detect chimeric RNAs [34]. However, the authenticity of chimeric RNAs detected from
cancer RNA-seq data remains a concern, as many such RNAs could represent sequencing
or detection artifacts [34]. The cancer specificity and immunogenicity of chimeric RNA-
derived TAs must be evaluated, considering that chimeric RNAs are also expressed in
normal tissues [32].

Circular RNAs (circRNAs) are a unique class of RNA molecules with a covalently
closed loop, formed by back-splicing events during pre-mRNA splicing (Figure 2) [35].
CircRNAs perform biological functions in normal cells but can be dysregulated in cancer
cells, resulting in distinct circRNA expression profiles in tumor tissues [36, 37]. Although
circRNAs lack the 57 cap, they can use mechanisms of cap-independent translation [35,
38, 39]. This raises the intriguing possibility that some cancer-specific circRNAs may

be translated to generate antigenic peptides. Much is still unknown about the regulation
and functions of circRNA in cancer [40]. However, researchers have created databases of
cancer-associated circRNAs (e.g., MiOncoCirc [36]), with the hope that circRNAs can be
used as biomarkers or therapeutic targets [40].

RNA Editing

RNA editing is a prevalent post-transcriptional regulatory process in human cells. The most
abundant type of RNA editing is adenosine-to-inosine (A-to-1) RNA editing [41]. A-to-I
RNA editing plays important roles in RNA regulation and protein recoding in normal
biological processes, and its dysregulation underlies many human diseases including cancer
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(Figure 2) [42-44]. Recent large-scale cancer transcriptome studies investigated global RNA
editing profiles across diverse cancer types [45, 46]. A-to-I RNA-editing is associated with
clinically relevant features, including patient survival [45, 46], drug sensitivity [45], and
cancer progression [47].

RNA editing contributes to proteomic diversity of cancer cells [48]. Using MS
immunopeptidomic data and a T-cell-mediated cell-killing assay, Zhang et al. provided
experimental evidence that RNA editing-derived peptides can be presented by MHC
molecules and elicit immune responses [49]. RNA editing-derived TAs were recognized
by tumor-infiltrating T cells physiologically present in tumor tissues. Nonetheless, a
careful evaluation of cancer specificity and off-tumor toxicity is warranted, considering the
somewhat promiscuous nature of RNA editing regulation by RNA editing enzymes [41].

Expressed Transposable Elements

Transposable elements (TES) occupy approximately half of the human genome and have
many roles in human biology and disease [50]. Dysregulation of TEs due to global loss of
DNA methylation is common in human cancers (Figure 2) [51]. Hypomethylation of TE
promoters allows epigenetically silenced TEs to be re-expressed in cancer. LINE-1 promoter
hypomethylation has been associated with poor clinical features (e.g., poor prognosis, drug
resistance, tumor aggressiveness) for several cancer types [51]. To systematically investigate
the activation of TE promoters and its impact on gene expression, Jang et al. recently
analyzed RNA-seq data from The Cancer Genome Atlas (TCGA) project for 7,769 tumor
samples across 15 cancer types [52]. They showed that epigenetic reactivation of cryptic
regulatory elements within TEs drives oncogene activation [52]. TE-associated transcripts
may be derived entirely from expressed TEs as independent transcriptional units, or partially
from TE-derived alternative promoters and first exons as part of host genes [53].

Peptides derived from aberrantly expressed TEs may be foreign to the immune system and
immunogenic. Integrating RNA-seq data with MS immunopeptidomic data, Laumont et al.
found that aberrantly expressed but nonmutated transcripts derived from endogenous TEs
can be translated into targetable TAs [54]. Similarly, Kong et al. assessed TE expression in
cancer transcriptomes and demonstrated that peptides derived from TEs such as HERV,
LINE, SINE, and SVA elements are presented on MHC class | molecules [55]. One
difficulty in studying expressed TEs is the accurate discovery and quantitation of TE-derived
transcripts, as the repetitive nature of their sequences across the human genome poses a
challenge for standard short-read RNA-seq [53]. Future studies using long-read RNA-seq
may provide a better picture of expressed TEs and their resulting TA repertoire in cancer
[56].

Multi-omic and Big-data Strategies to Discover RNA Dysregulation-Derived

TAS

Due to the complexity of the human transcriptome and proteome, reliable discovery of RNA
dysregulation-derived TAs is technically difficult. At minimum, an effective strategy must:
1) precisely characterize transcript sequences and abundances in cancer, 2) reliably identify
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translated protein products, 3) robustly determine the expression selectivity and cancer
specificity of putative targets, and 4) systematically evaluate the likelihood that identified
cancer-specific peptides can be targeted by immunotherapies. However, several challenges
exist. For cancer-specific transcripts that are unannotated or derived from complex RNA
processing events, it is not trivial to identify the exact full-length RNA sequences and
their corresponding protein products. Furthermore, it is difficult to ascertain the expression
selectivity and cancer specificity of candidate TAs (see Box 2), an important feature for
the efficacy and off-tumor toxicity of targeted immunotherapies. For TCR targets, epitope
prediction is still an actively researched topic, and existing tools have limited accuracy and
reproducibility [57]. For CAR-T targets, cell surface localization and topology of proteins
need to be predicted and confirmed.

Given these challenges, an integrated multi-omic and big-data strategy incorporating
state-of-the-art experimental and computational tools, as well as large-scale reference

data resources for tumor and normal tissues, is needed for comprehensive discovery and
prioritization of RNA dysregulation-derived TAs. Below, we describe tools that can be used,
improved, and synthesized to create an integrated TA discovery workflow (Figure 3, Key
Figure).

Accurate RNA Sequence Characterization and Quantitation

Short-read RNA-seq is the most widely used tool to profile the human transcriptome,

with extensive applications in large-scale molecular profiling of cancer and normal tissues
[33, 58, 59]. In addition to quantifying overall gene expression levels, short-read RNA-

seq detects many types of transcript alterations, such as AS and RNA editing. For this
reason, short-read RNA-seq is the primary approach used today to study dysregulated RNA
processing in cancer transcriptomes [33].

Advanced computational and statistical algorithms have been developed to accurately
analyze short-read RNA-seq data [33, 58]. These include general algorithms to align RNA-
seq reads and quantify gene expression levels, as well as specialized tools to characterize
specific types of transcript alterations (e.g., AS, RNA editing, chimeric RNAs, circRNAs,
etc.). Combining RNA-seq analysis with downstream analytical tools for protein inference
and antigen prediction, researchers can detect candidate TAs derived from multiple types of
RNA dysregulation [21, 23, 49, 54, 55].

Despite the broad applications and successes of short-read RNA-seq in cancer research,

this approach falls short in the inference of complex RNA processing events and their
resulting transcript and protein products [60]. Reliable inference of protein products requires
knowledge of full-length transcripts. Because short-read RNA-seq only examines fragments
of full-length transcripts, it can be difficult to infer the protein products that correspond

to the identified RNA processing events, especially for novel, unannotated events. Certain
types of cancer-associated transcripts, such as chimeric RNAs and expressed TEs, are
particularly challenging to characterize by short-read RNA-seq [34, 56].

In recent years, there has been a growing interest in long-read RNA-seq technologies that
can overcome many of the inherent limitations of short-read RNA-seq [58]. Short-read

Trends Pharmacol Sci. Author manuscript; available in PMC 2022 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Pan et al.

Page 8

RNA-seq typically generates reads of up to 600 bases. By contrast, long-read RNA-seq

on third-generation sequencing platforms, such as Pacific Biosciences (PacBio) and Oxford
Nanopore Technologies (ONT), can generate reads exceeding 10 kb [60]. Thus, long-read
RNA-seq could be an ideal tool for resolving full-length transcript structures and highly
repetitive transcript sequences [56, 58, 60]. Long-read RNA-seq is also useful for accurate
inference of open reading frames (ORFs) and reliable identification of potential NMD
targets. Despite its potential, long-read RNA-seq remains an under-used technology for
human transcriptome analysis due to its high error rate and low throughput, along with
the associated computational challenges [60]. Nonetheless, with continued technological
advances, we expect that long-read RNA-seq will become a powerful and broadly used
tool for cancer transcriptome analysis and TA discovery. For example, a recent study used
long-read RNA-seq to identify aberrant AS isoforms and potential TAs in non-small cell
lung cancer [61].

Integrative Detection of mMRNA Translation and Protein Expression

Not all transcripts are translated into stable protein products [62]. For TA discovery, it
is important to confirm the protein expression of cancer-specific transcripts discovered
by transcriptome analysis. Several experimental and computational approaches provide
evidence for mRNA translation and protein expression. These approaches can be
incorporated into a TA discovery workflow.

Ribo-seq is an RNA-seg-based ribosome profiling strategy in which ribosome-protected
mRNA fragments are captured and sequenced [63]. Ribo-seq has been widely used to
profile ribosome association with different RNA species and to quantify mRNA translational
efficiency, providing insights into the role of translational control in regulating protein
expression [64, 65]. Ribo-seq is an especially powerful tool for identifying ORFs, as
Ribo-seq signals within translated ORFs display unique characteristics [66—68]. Therefore,
Ribo-seq can greatly constrain the search space and reduce the false positive rate during the
in-silico search for candidate TAs. Indeed, a recent Ribo-seq study identified MHC class
I-bound peptides from thousands of novel unannotated ORFs [69].

MS-based proteomics characterizes protein expression and modifications at a global scale
[70]. Various sample preparation and labeling methods, combined with different MS
instruments, have been developed for analyzing protein expression, modifications, protein-
protein interactions, and other proteome features. MS-based proteomics can be applied to
whole-cell proteomes, or specific subsets such as MHC-bound peptides (immunopeptidome
[71]) and cell surface proteins (cell surfaceome [72]). Large-scale studies have generated
MS-based proteomics data across cancer and normal tissues [73-76]. These data provide
important resources for confirming protein expression of putative TAs identified from RNA-
seq data.

Proteogenomics is an increasingly popular approach for peptide identification, in which MS-
based proteomics data are augmented with corresponding genomic and/or transcriptomic
data [77, 78]. In MS-based proteomics, peptide identification requires searching MS spectra
against a library (database) of known proteins. Thus, unlike RNA-seq, which can discover
novel events, MS-based proteomics relies on the completeness and accuracy of the MS
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search library, as proteins not included in the search library cannot be detected [79].
Customized sample-specific search libraries, generated based on transcriptomics data (e.g.,
RNA-seq and Ribo-seq data), can substantially increase detection rates and reduce false
positives [77, 78]. Indeed, as a data-driven approach, proteogenomics can enable protein-
level detection of unannotated events (e.g., novel AS or RNA editing events), which would
be absent in a standard MS search library. Additionally, transcriptomics data can be used
to remove protein products corresponding to non-expressed (RNA-seq) or non-translated
(Ribo-seq) MRNAs from the MS search library, thereby improving peptide identification.
A number of studies have applied proteogenomics to examine cancer transcriptomes and
proteomes, resulting in the identification of novel cancer-specific peptides and epitopes [21,
23, 49, 54, 55, 80]. Proteogenomics could be particularly useful for identifying products
of “atypical” translational events, such as proteins translated from circRNAs [39] or from
PTC-containing transcripts evading NMD [81]. Additionally, this approach can be applied
in a retrospective manner to existing MS-based proteomics datasets, to confirm expressed
proteins derived from novel types of RNA dysregulation in cancer cells.

Characterization of Antigen Presentation for Inmunotherapy

Not all peptides from expressed proteins are accessible to T cells via TCRs or CARs.

To be recognized, a peptide must be presented by MHC molecules or located on the cell
surface for recognition by TCRs or CARs, respectively [9]. To confirm antigen presentation,
the immunopeptidome or cell surfaceome can be profiled using specialized MS-based
proteomics approaches. Immunopeptidomics examines peptides bound to antigen-presenting
molecules, providing experimental evidence for peptide presentation by MHC molecules

on the cell surface [71]. This approach has gained popularity in immuno-oncology as

a tool to discover and validate TAs [23, 54, 82]. Cell surfaceomics is used to profile
expression of proteins on the cell surface. Using this technique, researchers have discovered
cell surface proteins as TAs for CAR-T therapies of advanced prostate cancers [72]. To
facilitate peptide identification, immunopeptidomics and cell surfaceomics data may be
paired with RNA-seq data in a proteogenomic workflow [23, 54]. As MS-based approaches,
both immunopeptidomics and cell surfaceomics are limited by modest sensitivity [83].
Nonetheless, they hold promise for many applications in antigen discovery and validation
for targeted immunotherapies.

Big Data-informed Discovery and Prioritization of RNA Dysregulation-derived TAs

Massive datasets containing DNA sequencing, RNA-seq, and proteomics data from tumor
and normal tissues along with clinical annotations have been accumulated in publically
available repositories (Table 1). These datasets provide a rich resource for discovery and
prioritization of TAs derived from RNA dysregulation.

Efficient integration of large-scale multi-omic data is critical for solving complex problems
in cancer transcriptomics and immunotherapy. Trained on big data, advanced statistical

and machine-learning models can enhance our ability to interpret data and make accurate
predictions. For instance, the sensitivity of RNA-seq-based AS analysis can be enhanced by
using deep-learning models trained on large-scale RNA-seq data covering many cellular
states and perturbation conditions [84]. Similarly, the prediction accuracy for antigen
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binding to MHC class I and 1l molecules can be improved by deep-learning models trained
on immunopeptidomics data combined with RNA-seq data [85, 86].

Just as reference genomes aid in the discovery of somatic mutations [87], large-scale
reference RNA-seq and proteomics datasets of tumor and normal tissues can aid in

the discovery and prioritization of RNA dysregulation-derived TAs. Each tumor sample
may harbor thousands of aberrantly expressed RNAs with protein-coding potential. Thus,
candidate TAs must be efficiently prioritized. By querying large-scale reference datasets of
tumor and normal tissues, one can assess and rank TAs based on critical features, including
their expression selectivity and cancer specificity. Similarly, by examining data from the
same cancer type, one can discover ‘public’ TAs commonly shared by patients. These
features would guide the selection of candidate TAs with low off-tumor toxicity and broad
clinical applicability for therapeutic development.

Concluding Remarks and Future Perspectives

RNA dysregulation provides a potentially extensive source of TAs for targeted
immunotherapy. Specific patterns of AS, chimeric transcripts, circRNAs, RNA editing,
and expressed TEs are known to be altered in cancer transcriptomes, thereby generating

a large repertoire of cancer-specific proteins. Nonetheless, substantial conceptual barriers
and technological challenges need to be addressed before these candidate TAs can be
reliably identified and translated into effective therapies. While neoantigens derived from
somatic mutations have been extensively characterized [5], RNA dysregulation as a source
of TAs represents an emerging concept that is still under active exploration. As a result,
existing studies often use ad fioc criteria to define and report this class of TAs. Integrated
computational platforms for identifying RNA dysregulation-derived TAs are lacking, and
there is no well-established standard or go-to tool yet to identify this class of TAs. In this
review, we outline a conceptual framework along with general principles for identifying
RNA dysregulation-derived TAs. We anticipate that these discussions will help motivate
the development of new experimental strategies and computational tools, which are highly
demanded by the research community.

Several mechanistic and immunological features of RNA dysregulation-derived TAs remain
obscure (see Outstanding Questions). Most importantly, the expression selectivity and
cancer specificity of candidate TAs must be systematically examined to ensure high
immunogenicity and low off-tumor toxicity. Current studies primarily choose datasets in

an ad hoc manner to define normal transcriptome profiles for common RNA processing
events (e.g., AS [19]). Future work should establish standardized transcriptome references
for different types of RNA dysregulation and patient populations. For example, GTEX is

a commonly used reference database of normal transcriptome profiles [21, 88], but the
GTEXx RNA-seq data are exclusively on adult tissues [59]. Transcriptome references for
normal pediatric tissues would be instrumental for TA discovery in pediatric cancers. New
single-cell RNA-seq (ScCRNA-seq) datasets [89, 90] may further increase the resolution of
transcriptome references by adding cell type-specific and spatial information. Importantly,
as these transcriptome references may be collected from disparate data sources, standardized
and reproducible computational workflows and best practices are needed to control for
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biological and technical confounding factors, including batch effects, and to aggregate such
heterogeneous data into a unified resource.

A critical question for developing immunotherapies against RNA dysregulation-derived
TAs is the stability of their expression in response to treatment. AS has been reported

as a mechanism for antigen escape and treatment resistance in response to CD19-targeted
CAR-T therapy [91]. In a study of patients with relapsed B-ALL following CD19 CAR-T
therapy, Sotillo et al. reported that CD19 mRNA can be alternatively spliced, causing loss
of the epitope required for CAR-T recognition as well as loss of cell surface expression

of the CD19 protein (Figure 4) [91]. Extrapolating from this finding, it is conceivable that
a TA arising from AS or other types of RNA dysregulation may be lost in cancer as a
resistance mechanism during the course of treatment. To begin to address this question,
we must understand how a given TA is generated. Cancer-specific aberrant transcripts may
result from somatic mutations disrupting ¢/s regulatory elements, or oncogenic pathways
and cellular signals altering the expression or activity of #ans regulatory factors. It is
possible that TAs derived from these different mechanisms (cis versus trans) may have
different trajectories in response to treatment. One possible strategy to target ‘stable’ TAs
is to identify and select aberrant transcripts that functionally drive cancer development.
Alternatively, it is possible to target transcripts directly regulated by oncogenic drivers.
For example, Phillips et al. recently identified approximately 500 AS events consistently
regulated by the MYC oncogene across multiple cancer types [92]. As MYC plays a critical
role in many aggressive cancers, these MY C-regulated AS events may represent attractive
targets for immunotherapies. A related issue regarding treatment resistance is antigen
clonality [8]. In the context of RNA dysregulation-derived TAs, it is important to know
the portion of tumor cells expressing a given TA. The heterogeneity of RNA processing
events has not been well characterized at the single-cell level [93]. Future development
and application of isoform-resolved single-cell transcriptomics technologies (e.g., single-cell
long-read RNA-seq [94]) may decipher the clonal structure of cancer transcriptomes at the
isoform resolution and aid in TA discovery and prioritization.

Important technological and computational problems for TA discovery remain to be
addressed. Antigen prediction algorithms require further upgrades. Algorithms trained on
in vivo data from state-of-the-art epitope detection methods (e.g., immunopeptidomics)
outperform older-generation prediction tools for antigen binding to MHC molecules [85,
86], but there is still substantial room for improvement. Similarly, transcript and protein
identification remain a challenge in genomics and computational biology. Long-read RNA-
seq coupled with multi-omic data integration (e.g., proteogenomics) may enable a more
comprehensive and accurate characterization of cancer transcriptomes and proteomes, thus
enhancing TA discovery.

This review focuses on strategies to discover and prioritize candidate TAs derived from RNA
dysregulation. However, such candidate TAs must be rigorously tested at the preclinical
stage. To examine the immunogenicity and efficacy of TCR targets, MHC multimer-based
assays and other T-cell functional assays are needed. For CAR targets, it is important to
confirm stable expression and topology of candidate TAs on the cell surface. The efficacy
and potential toxicity of TCR or CAR-T therapies need to be assessed in model systems. If
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such studies are successful, subsequent clinical development could see new targeted cancer
immunotherapies reach the clinic.
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GLOSSARY

Alternative mRNA splicing (AS)

A regulated biological process during gene expression, in which alternative choices of exons
or splice sites generate multiple transcript isoforms from a single gene. AS is a major source
of transcript and protein diversity in human cells. There are five basic types (exon skipping,
alternative 5 splice sites, alternative 3" splice sites, mutually exclusive exons, and intron
retention), as well as more complex types

Chimeric RNAs (or fusion transcripts)

Transcripts generated from #rans-splicing between distant genes or c/s-splicing between
adjacent genes. These RNA products are called ‘chimeric’ or “fusion’ transcripts because
they comprise exons from different genes

Circular RNAs (circRNAs)
Closed-loop RNAs resulting from the back-splicing of exons within pre-mRNA

Foreignness
Ability of an antigen to be recognized as ‘non-self’ or ‘foreign’ by the host immune system.
Foreignness is one important feature in determining the immunogenicity of an antigen

Immunogenicity
Ability of an antigen to induce an immune response

Immunopeptidome (or MHC/HLA peptidome/ligandome)
Collection of short peptides presented on the cell surface by MHC/HLA molecules

Nonsense-mediated mMRNA decay (NMD)
An mRNA surveillance mechanism to degrade transcripts containing premature termination
codons (PTCs)

RNA editing

RNA processing mechanism whereby RNA undergoes site-specific nucleotide
modifications. The most common type of RNA editing is adenosine (A)-to-inosine
(1) editing, in which adenosine deaminase acting on RNA (ADAR) enzymes catalyze
conversion of Ato |

Surfaceome
Collection of proteins found on the cell surface
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Transposable elements (TEs)
DNA sequences that can move from one position to another in the genome. Approximately
half of the human genome is occupied by TEs

Tumor antigen (TA)
Molecular entity (usually a peptide) on the tumor capable of eliciting an immune response
by the host
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Box 1. Major Types of Cancer Immunotherapy.

There are two major types of cancer immunotherapy [3] (see Figure 1A in main text).
ICB works by augmenting the suppressed immune response against tumor cells. The ICB
strategy uses immune checkpoint inhibitors (e.g., neutralizing antibodies against PD-1 or
CTLA-4) to reactivate tumor-specific T cells. Therapeutic antibodies and ACTs work by
directing or engineering immune cells to improve the antitumor immunity. Therapeutic
antibodies (e.g., anti-CD20 rituximab) bind TAs directly to direct the immune response.
For ACTs, the patient’s own immune cells are harvested and modified ex-vivoto enhance
their antitumor ability [9]. CAR-T and TCR therapies are examples of engineered

ACTs, in which the patient’s T cells are engineered ex-vivo to target known TAs.
Successful cases of ACTs include using tumor-infiltrating lymphocyte (TIL) therapy to
treat metastatic melanoma, and CD19 CAR-T therapy to treat B-cell acute lymphoblastic
leukemia.
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Box 2. Expression Selectivity/Cancer Specificity of TAs.

The expression selectivity and cancer specificity of TAs can be grouped into three major
classes, based on previous definitions in the literature [6]. The most specific TAs are

the tumor-specific antigens (TSAS), or ‘neoantigens’, which are expressed exclusively by
tumor cells. TSAs offer the highest potential for effective targeting with low off-tumor
toxicity but may be difficult to find for certain cancer types. Tumor-associated antigens
(TAAS) are overexpressed in tumor cells but expressed (to some extent) in normal cells.
TAAs are the least tumor-selective TA type. Although immunogenicity and toxicity

are concerns, TAAs can be useful targets because they are easy to identify and may

be generically expressed across patients and tumor types. ERBB2 (HER2/neu) is a
prominent TAA in breast cancer. Cancer/testis antigens (CTAS) are present at elevated
levels in tumors and reproductive tissues, while showing limited expression in normal
adult tissues. CTAs can be therapeutically targeted by taking advantage of the fact that
normal reproductive cells do not express MHC class | molecules. New York esophageal
squamous cell carcinoma 1 (NY-ESO-1) is a well-known CTA expressed in several
cancer types.
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Outstanding Questions

What strategies can be used to systematically determine the expression
selectivity and cancer specificity of RNA dysregulation-derived tumor
antigens (TAs)?

How do we establish standardized transcriptome references for different types

of RNA dysregulation and distinct patient populations?

What computational infrastructure (i.e., data standards, best practices,
and centralized data repositories) is needed to enable discovery of RNA
dysregulation-derived cancer immunotherapy targets?

What are the mechanisms (c¢/s versus tfrans) by which RNA dysregulation-
derived TAs are generated?

Can TAs derived from RNA dysregulation be lost during treatment, leading to
therapy resistance and relapse?

How does the clonality of RNA dysregulation-derived TAs affect the immune
response and treatment outcome?

What technologies must be developed for preclinical validation of CAR-T and
TCR targets arising from RNA dysregulation?
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Highlights

. Discovery of optimal tumor antigens (TAS) is key for developing targeted
immunotherapies with safe and effective antitumor immunity. Novel sources
of TAs (beyond somatic mutations) are needed to expand the scope of current
therapies.

. Dysregulation of RNA processing reshapes the cancer transcriptome and
proteome by changing the abundance and diversity of gene products. Antigens
arising from RNA dysregulation are potential cancer immunotherapy targets.

. Recent advances in high-throughput technologies and rapid accumulations
of multi-omic cancer profiling data in public repositories have provided
opportunities to systematically characterize RNA dysregulation in cancer.

. To comprehensively discover and prioritize TAs derived from RNA
dysregulation, we propose an integrated multi-omic and big data strategy
incorporating state-of-the-art experimental and computational tools as well as
large-scale reference data resources for tumor and normal tissues.
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(A) Major types of cancer immunotherapies
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Figure 1. Major Types of Cancer Immunotherapies and Conventional Workflow for Neoantigen
Discovery.

(A) Hlustration of two major types of cancer immunotherapies. Immune checkpoint
blockade (ICB) (e.g., immune checkpoint inhibitors against PD-1) augments the suppressed
immune response against tumor cells. Adoptive cell therapies (ACTS) direct or engineer
immune cells to improve the antitumor immunity. Engineered ACTs include chimeric
antigen receptor T-cell (CAR-T) and T-cell receptor (TCR) therapies, in which the patient’s
T cells are engineered ex-vivo to target known tumor antigens (TAS).

(B) Conventional workflow for neoantigen discovery. In a conventional workflow, tumor
and tumor-adjacent normal tissues from a patient are sampled. Next, whole-genome or
whole-exome sequencing is performed to identify somatic mutations in tumor DNA. The
tumor tissue is also optionally analyzed by RNA-seq or MS-based proteomics. Downstream
computational analyses are used to prioritize candidate neoantigens. Utility of candidate
neoantigens as immunotherapy targets is experimentally validated by testing their ability
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to bind or functionally activate T cells through the TCR. Abbreviations: MHC, major
histocompatibility complex; PD-1, programmed cell death 1; PD-L1, programmed cell death
1 ligand 1.
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Figure 2. Mechanisms of RNA Dysregulation in Cancer.
Dysregulation of RNA processing plays important roles in cancer development and

progression. Aberrant RNA processing events that are important in cancer include
alternative splicing, RNA editing, noncanonical splicing events producing circular RNAs
and fusion transcripts, and expression of transposable elements. Abbreviations: 5mCpG,
5-methylcytosine-pG (methylated CpG); ADAR, adenosine deaminase acting on RNA;
A3SS, alternative 3’ splice sites; A5SS, alternative 5’ splice sites; ¢is-SAGe, cis-splicing
between adjacent genes; CpG, unmethylated CpG; ES, exon skipping; HERVS, human
endogenous retroviruses; IR, intron retention; LINES, long interspersed nuclear elements;
MXE, mutually exclusive exons; RISC, RNA-induced silencing complex; SINEs, short
interspersed nuclear elements.

Trends Pharmacol Sci. Author manuscript; available in PMC 2022 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Pan et al.

normal tissue

tumor tissue

AT
23200y

!

Multi-omic profiling of
tumor and normal tissues

Page 24
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Figure 3, Key Figure. Multi-omic and Big-data Strategies to Discover RNA Dysregulation-

Derived Immunotherapy Targets.

In an integrated workflow, tumor and tumor-adjacent normal tissues from a patient are
subject to multi-omic profiling, followed by a big data-informed computational analysis

to discover RNA dysregulation-derived immunotherapy targets. In addition to standard
short-read RNA-seq, patient tissues may be subject to long-read RNA-seq, for accurate
RNA sequence characterization and quantitation combining short-read and long-read RNA-
seq data. Ribo-seq and MS-based proteomics enable integrative detection of mMRNA
translation and protein expression. Immunopeptidomics and cell surfaceomics characterize
antigen presentation for immunotherapy. A big data-informed computational analysis should
efficiently integrate these multi-omic data on patient tissues with large-scale reference data
resources for tumor and normal tissues (Table 1), to guide the selection of candidate TAs
with low off-tumor toxicity and broad clinical applicability. Abbreviations: CPTAC, Clinical
Proteomic Tumor Analysis Consortium; GTEX, Genotype-Tissue Expression; MS, mass
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spectrometry; Ribo-seq, ribosome profiling; TARGET, Therapeutically Applicable Research
to Generate Effective Treatments; TCGA, The Cancer Genome Atlas.
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Figure 4. Alternative splicing of CD19 as a mechanism for antigen escape and treatment
resistance in response to CD19-targeted CAR-T therapy.

In a study of patients with relapsed B-ALL following CD19 CAR-T therapy, Sotillo et al.
(2015) identified an increased level of alternatively spliced CD19 mRNA transcripts lacking
exon 2 (CD19 Aex2) in relapsed tumors [91]. Production of the exon 2 skipping isoform
can be caused by cis-acting somatic mutations in the exon and/or altered expression of a
trans-acting splicing factor. This CD19 Aex2 mRNA isoform can generate a truncated CD19
protein isoform lacking the epitope required for CAR-T recognition as well as lacking cell
surface expression of the CD19 protein, thus resulting in treatment resistance and relapse.
Purple box represents CD19 exon 2. Yellow star represents somatic mutations in the exon.
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Publically Available Genomic, Transcriptomic, and Proteomic Datasets for Cancer Research.”

Table 1.
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Project name Sample source

Phenotype

Data typesb

Sample size

The Cancer Genome Atlas (TCGA)i Tissue-derived

Clinical Proteomic Tumor Analysis Tissue-derived

Consortium (CPTA(:)ii

Cancer Q_gll Line Encyclopedia Cell lines
(ccLeyltt

International Cancer_Genome
Consortium (ICGC)IV

Tissue-derived

Resources

Adult tumor &
adjacent normal

Adult tumor &
adjacent normal

Adult & pediatric
tumor

Adult tumor

WES, RNA-seq, Other

MS proteomics, WGS, WES,

RNA-seq, Other

WGS, WES, RNA-seq, Other

WGS, WES, RNA-seq, Other

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac

iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp
vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac

iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp
vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac

iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp
vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac

iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp
vii https://humantumoratlas.org/

viii https://gtexportal.org/home/
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>10,000

~3,000 (Ongoing)

~1,000

>24,000 donors
(86 cancer
projects)


https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
https://portals.broadinstitute.org/ccle
https://dcc.icgc.org/
https://ocg.cancer.gov/programs/target
https://pecan.stjude.cloud/permalink/pcgp
https://humantumoratlas.org/
https://gtexportal.org/home/
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
https://portals.broadinstitute.org/ccle
https://dcc.icgc.org/
https://ocg.cancer.gov/programs/target
https://pecan.stjude.cloud/permalink/pcgp
https://humantumoratlas.org/
https://gtexportal.org/home/
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
https://portals.broadinstitute.org/ccle
https://dcc.icgc.org/
https://ocg.cancer.gov/programs/target
https://pecan.stjude.cloud/permalink/pcgp
https://humantumoratlas.org/
https://gtexportal.org/home/
https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga
https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
https://portals.broadinstitute.org/ccle
https://dcc.icgc.org/
https://ocg.cancer.gov/programs/target
https://pecan.stjude.cloud/permalink/pcgp
https://humantumoratlas.org/
https://gtexportal.org/home/
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Project name Sample source Phenotype Data typesb Sample size
Therapeutically Applicable Research Tissue-derived Pediatric tumor WGS, WES, RNA-seq, Other ~1,700

to Generate Effective Treatments

(TARGET)Y

St. Jude Pediatric. Cancer Genome Tissue-derived Pediatric tumor WGS, WES, RNA-seq ~2,000
Project (PCGP)V!

Human Tumor Atlas Network (HTAN) Tissue-derived Adult & pediatric WES, bulk & single-cell Ongoing
Vii tumor RNAseq, Other

Genotype-Tissue Expression Tissue-derived & Adult normal WGS, RNA-seq, Other >17,000 (>900
(GTEx)Viii cell lines individuals)

aAbbreviations: WES, whole-exome sequencing; WGS, whole-genome sequencing.

bData types marked as ‘Other’ refer to data other than DNA sequencing, RNA sequencing, or MS proteomics data, e.g., methylation profiling,
miRNA profiling, kinome sequencing, ChIP-seq, etc.

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga

ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp

vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga

ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp

vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga

ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp

vii https://humantumoratlas.org/

viii https://gtexportal.org/home/

Resources

i https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga

ii https://gdc.cancer.gov/about-gdc/contributed-genomic-data-cancer-research/clinical-proteomic-tumor-analysis-consortium-cptac
iii https://portals.broadinstitute.org/ccle

iv https://dcc.icgc.org/

v https://ocg.cancer.gov/programs/target

vi https://pecan.stjude.cloud/permalink/pcgp

vii https://humantumoratlas.org/

viii https://gtexportal.org/home/
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