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Isoform switching in cancer is a prevalent phenomenon with significant implications for
immunotherapy, as actionable neoantigens derived from these cancer-specific events would be
applicable to broad categories of patients, reducing the necessity for personalized treatments. By
integrating five large-scale transcriptomic datasets comprising over 19,500 samples across 29 cancer
and 54 normal tissue types, we identified cancer-associated isoform switching events common

to multiple cancer types, several of which involve genes with established mechanistic roles in
oncogenesis. The presence of neoantigen-containing peptides derived from these transcripts was
confirmed in broad cancer and normal tissue proteome datasets and the binding affinity of predicted
neoantigens to the human leukocyte antigen (HLA) complex via molecular dynamics simulations. The
study presents strong evidence that isoform switching in cancer is a significant source of actionable
neoantigens that have the capability to trigger an immune response. These findings suggest that
isoform switching events could potentially be leveraged for broad immunotherapeutic strategies
across various cancer types.
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Cancer, characterized by various hallmark derivatives of dysfunction in healthy cells, presents a pervasive and
multifaceted global health challenge'. In addition to accumulation of internal molecular changes, cancer cells
survive by escaping external pressure from immune recognition?™%. As a result, immunotherapy techniques,
including neoantigen vaccine>%, have been developed to activate the immune system to recognize and destroy
cancer cells. Neoantigens are antigen peptides that are specifically presented on the surface of cancer cells.
Neoantigens may be unique to an individual patient, also called personalized neoantigens, or shared across
multiple patients”®. Shared neoantigens can arise from many mechanisms, such as when multiple tumors
accumulate the same mutations or activate the expression of the same transcripts that are not typically expressed
in normal tissues® !!. Shared neoantigens are sought-after because a single investment in their production can
benefit a large number of patients.

Initial discoveries of neoantigens focused on non-synonymous somatic mutations because their high tumor
specificity minimizes the possibility of adverse effects on normal tissues®. Beyond mutational markers, the
complex process of tumorigenesis also produces numerous unique transcriptomic signatures'?'4, including
alternative splicing and isoform switching that can be exploited as potential sources of neoantigens!>-!”. Isoform
switching occurs when the predominant transcript isoform expressed in normal tissue is replaced by a different
isoform in cancer tissue. This process can be monitored at either the whole-isoform level or the local splicing
junctions level. In this study, we focused on the switching of the whole isoforms. Mis-splicing of tumor-suppressor
genes, such as BRCA1 and PTEN in a breast cancer study'® and KRAS in lung cancer!®~?!, and isoform switching
of oncogenes, such as the CD44 cancer variant isoform?>?, have been reported. Increased exon skipping?* and
isoform dysregulation'”?® in cancer cells may also produce targetable pan-cancer neoantigens.

Over the past decade, the availability of large cancer and normal tissue transcriptomics datasets, including
The Cancer Genome Atlas (TCGA), Pan-Cancer Analysis of Whole Genome (PCAWG), and Gene-Tissue
Expression (GTEx), has enabled pan-cancer investigations of isoform switching events and their functional
impacts®>~%’. For example, an analysis of 5,500 samples across 12 cancer types in the TCGA dataset revealed
4,446 cancer-specific isoform switching events across 2,352 genes®’, while an analysis of 1,209 samples from
27 cancer types in the PCAWG dataset revealed as many as 31,748 cancer-specific isoform switching events
across 7,143 genes?. Previous pan-cancer analyses in TCGA and PCAWG identified transcript isoforms that
were significantly more highly expressed in tumors compared to matched normal tissues. However, increased
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expression alone does not imply cancer specificity. A cancer-specific transcript should also exhibit little to no
expression in normal tissues. Among these studies, fewer than 0.2% of these cancer-specific isoform switching
events were common among investigated cancer types, indicating a substantial discrepancy in isoform-level
transcriptomic landscape across different cancer contexts. Nonetheless, the presence of shared cancer-specific
isoforms still has considerable clinical applications.

This study combines five transcriptomic datasets, totaling 19,515 samples from 29 cancer types and 54 normal
tissues, to identify cancer-associated isoforms and neoantigens that may be derived from them. Cancer datasets
include TCGA (10 cancer types, 548 samples), PCAWG (28 cancer types with some overlap, 1,359 samples),
and ONCOBOX Cancer (2 cancer types, 58 samples), while normal tissue data are drawn from GTEx (17,382
samples) and ONCOBOX-ANTE (168 samples). The impacts of dataset choice and de novo isoform assembly on
the identification of pan-cancer signatures were also investigated. Characterization of HLA binding dynamics
of candidate neoantigens indicate that even a small number of shared cancer-specific transcript isoforms can
potentially produce many clinically useful neoantigens.

Methods

Transcriptomics data acquisition

Controlled-access raw total RNA-sequencing samples in Fast Access Quality (FASTQ) format and whole-exome
sequencing alignment files in BAM format were downloaded from TCGA?® via the Genomic Data Commons
(GDC) Data Transfer Tool Client. Raw total RNA-sequencing in FASTQ format of the ONCOBOX-ANTE? and
ONCOBOX Cancer® projects were downloaded from the Gene Expression Omnibus (GEO)?! via the Sequence
Read Archive (SRA) toolkit*?. PCAWG?? and GTEx* datasets were obtained as transcript expression tables in
Tab-separated Value (TSV) format, downloaded from the International Cancer Genome Consortium (ICGC)
data portal®® and GTEx portal, respectively.

RNA-sequencing data processing

RNA-seq files underwent quality checks using FastQC and were then mapped to the GRCh38.d1.vd1 reference
genome using Hierarchical Indexing for Spliced Alignment of Transcripts 2 (HISAT2) version 2.2.1%. Aligned
reads were sorted and duplicates were marked using Samtools version 1.15.1%’. Binary Alignment Map (BAM)
files were processed using StringTie version 2.2.1%, utilizing the Gencode v36 genome annotation as a reference.
The resulting Gene Transfer Format (GTF) files from all samples were merged using StringTie’s merge mode to
create a consolidated master GTF file. A secondary StringTie assembly was performed on each BAM file with
the master GTF file as reference. Known transcripts along with their expression values in Transcript per Million
(TPM) units were extracted.

Detection of pan-cancer-specific transcript isoforms

The pan-cancer analyses were conducted at two levels: across all cancer types in the datasets and specifically
focused on breast and lung cancers. The latter analysis was performed because the ONCOBOX Cancer dataset
contains only breast and lung cancers. First, isoform switching events were broadly defined as the scenario where
a minor isoform (isoform with relatively lower expression in normal tissues) became more highly expressed in
cancer tissues. This was identified by comparing the average expression levels in TPM units, with no statistical
testing involved because this was an initial filter. Then, among isoform switching events, cancer-specific isoforms
were identified by further applying the following criteria: (i) consistent expression in at least 90% of the samples
in each cancer type, (ii) an average expression of >1 TPM across cancer tissues, and (iii) an average expression
of <1 TPM across normal tissues. These criteria ensure that the candidate isoforms are specific to cancer tissues
while allowing for some heterogeneity among cancer samples and background expressions in normal tissues.
Each cancer dataset (TCGA, PCAWG, and ONCOBOX Cancer) was also analyzed separately and compared to
the pan-cancer results to examine dataset-specific biases.

Functional analyses of pan-cancer-specific transcript isoforms

The coding and non-coding status of each transcript isoform together with the list of all alternative isoforms of
each gene was acquired from the ENSEMBL database. The difference in exon usage between the primary isoforms
in normal tissues and the isoforms found in cancer tissues were analyzed to compare the changes in active protein
domains between the two isoforms. Additionally, functional enrichment analyses utilizing Network Topology-
based Analysis (NTA) and Over-representation Analysis (ORA) with genome as reference set were performed
using WEB-based GEne SeT AnaLysis Toolkit (WebGestalt)* to uncover functional implications of pan-cancer-
specific transcripts. However, at a false discovery rate cutoff of 5%, no significant enrichment was observed.
Functional annotation of candidate isoforms was performed to assess their potential role in tumor biology.
While neoantigen identification primarily depends on immunogenicity and tumor specificity, understanding
the functional context of these isoforms can provide insights into their oncogenic significance and persistence in
cancer cells, which could strengthen their suitability as therapeutic targets.

Neoantigen identification and evaluation

Open Reading Frames (ORFs) were identified from RNA sequences of selected transcript isoforms, which will
be read only in the forward direction by the ribosome. Hence, only the three forward reading frames were
considered. Each ORF was translated into an amino acid sequence and analyzed with NetMHCPan version 4.1
to identify the top 2.0% ranked 9-mers that can possibly bind to an HLA allele (default criteria for weak and
strong binders). All available HLA class I alleles supported by NetMHCPan were considered. It should be noted
that we focused on 9-mers, which are the most frequently presented by several HLA class I molecules including
HLA-A*02:01, to streamline the downstream validation process. Each candidate 9-mer was then searched
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against the reference human proteome (ENSEMBL, all isoforms, downloaded July 2023) using the Basic Local
Alignment Search Tool for Proteins (BLASTP)’s blastp-short setting that has been optimized for short peptide
inputs*!. Only candidate 9-mers not present in the human proteome were retained. This approach highlights
candidate neoantigens with novel amino acid sequences but may inadvertently lose those derived from relevant
cancer-specific isoforms included in the human proteome database. Additionally, peptides from the human
proteome that were similar to these candidate 9-mers (based on BLASTP results) were kept as reference for
evaluating each candidate 9-mers’ ability to interact with HLA proteins in downstream molecular dynamics
(MD) simulations. BLASTP search was performed with a relaxed E-value cutoff of 1.0. For each candidate 9-mer,
the top hit, sorted by E-value, that aligned to the whole 9-mer length without gap was selected.

The expressions of these candidate 9-mers in various cancer and normal tissue proteomics datasets were
queried by searching for tryptic peptide precursors (up to 2 missed cleavages) of these 9-mers using PepQuery*2.
This step confirms that cancer-specific isoforms with the potential to produce the neoantigens were indeed
translated into proteins in some cancer proteomes and are not transcriptional artefacts. All 20 cancer proteomes
and 2 normal tissue proteomes (29 and 32 tissue types, and 201 and 50 biological samples, respectively) that are
available on the web version of PepQuery were considered. GENe annotation COmpilation and DEscription
(GENCODE) version 34 Human was set as the reference background. PepQuery hits where one of the provided
tryptic peptides achieved the highest search scores (compared to other tryptic peptides from the reference
database and random peptides) were extracted. This criterion corresponds to filtering entries with n_db=0 and
n_random =0 from PepQuery’s output.

Molecular dynamics analysis of neoantigen-HLA interaction

Structural docking of the peptide/MHC complex against HLA-A*02:01 was performed using homology-
based PANDORA (Peptide ANchoreD mOdelling fRAmework)*. Briefly, PANDORA uses Molecular ORder
DEtermination by Exemplar-based Learning in Evolutionary Relatedness (MODELLER)* for homology
modeling of the Major histocompatibility complex (MHC) I and selects a single template from a custom-
made database of known MHC structures. One of the key requirements for modeling with PANDORA is the
designation of the anchor amino acid residues, which are used to restrain the loop modeling of the peptide
within the MHC groove. A total of 20 candidate models were generated and scored using MODELLER’s internal
scoring functions, Modeller objective function (molpdf) and Discrete Optimized Protein Energy (DOPE). The
best scoring model for each complex was used as the initial structure for further analysis.

Molecular dynamics was performed with the GROningen MAchine for Chemical Simulations (GROMACS)
2023.2 pancake® using Amber99sb-ildn force field*® and a rhombic dodecahedral box with 2-nm minimum
distance between each protein and the box boundaries. To reach a physiological salt concentration of 0.15 mol/L,
the proteins were solvated in the Simple Point Charge (SPC) water model and neutralized by replacing the
appropriate number of counter ions. In all the simulations, the temperature was maintained at 310 K using
V-rescale, a temperature coupling algorithm using velocity rescaling with a stochastic term, with a time constant
of 0.1 ps. The pressure was isotropically maintained at 1 atm using the Parrinello-Rahman barostat with a time
constant of 2 ps. Long-range electrostatic interactions were modeled using Smooth Particle Mesh Ewald (SPME)
electrostatics, and non-bonded interactions were modeled with the Verlet cutoff scheme. The cutoff distance
for short-range electrostatic and van der Waals interactions was set to 1.2 nm. A timestep of 2 fs was used, with
atomic coordinates recorded every 10 ps. The bonds containing hydrogen atoms were constrained using the
LINear Constraint Solver (LINCS) algorithm?’. Before each simulation, the initial structure was modified to
minimize the energy via the steepest descent algorithm, with an initial step size of 0.01 nm and a tolerance of
10 kJ/(mol- nm?. Positional restraints of 1000 kJ/(mol- nm? on all heavy protein atoms were enforced during both
the 2 ns constant Number of particles, Volume, and Temperature (NVT) equilibration and 2 ns constant Number
of particles, Pressure, and Temperature (NPT) equilibration for each system, and production MD simulations
were conducted with positional restraints turned off. The simulation period of 200 ns was selected by monitoring
the stability of the structures (e.g., Root Mean Square Deviation (RMSD) and Radius of gyration (Rg)).

The Molecular Mechanics/Poisson-Boltzmann (MM/PBSA) or Molecular Mechanics/Generalized Born
Surface Area (MM/GBSA) method was utilized to carry out the essential computations for calculating the binding
free energy of the MHC/peptide complex. This was performed by running the gmx MM/PBSA program®®.
The last 20 ns of the molecular dynamics simulation trajectory were used for estimating the Total Gibbs free
energy (G qp,,) for the chosen peptides. The MM/PB(GB)SA binding free energies of the MHC and peptides
can be expressed as described in “End-Point Binding Free Energy Calculation with MM/PBSA and MM/GBSA:
Strategies and Applications in Drug Design” by Wang and colleagues™.

Results

Impact of the dataset choice on pan-cancer-specific isoform detection

The goal of this study is to identify common instances of transcript isoform switching across 41 cancer cohorts
from three cancer databases, TCGA?, PCAWG?®, and the Oncobox Atlas Cancer (ONCOBOX Cancer)
database®, and two panels of normal tissues, the GTEx?*, and the Oncobox Atlas of Normal Tissue Expression
(ONCOBOX-ANTE) database®. Selected cancer-specific transcript isoforms were then analyzed to identify
cancer-related mechanistic explanations and potential derived neoantigens that are compatible with HLA class
I via homology modeling and molecular dynamics simulations (Fig. 1). Initial pan-cancer-specific isoform
identification was performed separately for each cancer dataset to minimize batch effects, and the final selection
of pan-cancer-specific isoforms was based on the intersection across datasets. To minimize technical bias from
the various bioinformatics pipelines that were applied to these datasets, raw sequencing data and sequence
alignment files were obtained from the two ONCOBOX databases and the TCGA database (see Materials and
Methods) and re-analyzed using the same bioinformatics pipeline. The criteria for defining pan-cancer-specific
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Fig. 1. Our pipeline for identifying pan-cancer-specific isoforms and neoantigens using a combination of
standardized isoform calling and computational validation. FASTQ files (ONCOBOX Cancer and ONCOBOX
ANTE) and BAM files (TCGA) are processed and merged with transcriptome profiling data in CSV format
(GTEx and PCAWG). Transcript isoforms with consistent expression in at least 90% of samples with average
TPM > 1 among cancer tissues and low expression with average TPM < 1 among normal tissues are designated
as pan-cancer-specific. Selected transcripts then undergo neoantigen assessments, which include HLA
binding prediction, alignment against normal peptides, search against cancer and normal tissue proteomes,
and molecular dynamics simulation. Functional characteristics (IncRNA or protein-coding) and functional
relevance in the context of caner are also evaluated.
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isoforms are (i) consistent expression in at least 90% of samples for each cancer type (relaxed from 100% to allow
for outliers and heterogeneity), (ii) an average expression of > 1 TPM across cancer tissues, and (iii) an average of
<1 TPM across normal tissues. When only one cancer type is considered, these criteria still apply for identifying
cancer-specific isoforms for that cancer type.

Comparison between TCGA and GTEx identified many cancer-specific isoforms for each cancer type,
including lymphoid neoplasm Diffuse Large B-Cell lymphoma (DLBC) (110 isoforms, N=48), LUng Squamous
Cell carcinoma (LUSC) (94 isoforms, N=100), and REctum ADenocarcinoma (READ) (93 isoforms, N=50)
(Fig. 2a). On the other hand, KIdney cancer Renal Papillary cell carcinoma (KIRP) and Kldney cancer Renal
Clear cell carcinoma (KIRC), exhibited the fewest cancer-specific isoforms (58 and 69 isoforms, N=100 and
100, respectively). Many of these isoforms are very highly expressed in cancer tissues, with average expression
levels well above 100-1000 TPM. When considering all 10 TCGA cancer types, there were 42 isoforms that were
found to be pan-cancer-specific according to the three criteria above (Supplementary Table S1 and S2), 39%,
31%, and 16.5% of which involved pseudogenes, mitochondrial transfer RNA (mt-tRNA), and protein coding
genes, respectively (Fig. 2b).

In total, we detected 42, 6, and 121 pan-cancer-specific isoforms in the TCGA, PCAWG, and ONCOBOX
Cancer compared to GTEXx, respectively (Fig. 2¢). Additionally, 139 and 123 pan-cancer isoforms were detected
in the TCGA and PCAWG compared to ONCOBOX ANTE, respectively. When both GTEx and ONCOBOX
ANTE were combined as a single reference, only four pan-cancer-specific isoforms were detected, all from
PCAWG. Unexpectedly, no pan-cancer-specific isoform was detected when comparing ONCOBOX Cancer to
normal tissues from ONCOBOX ANTE, even though these two datasets were acquired by the same laboratory.
The lack of cancer-specific isoforms in this comparison, together with the fact that 121 pan-cancer-specific
isoforms were obtained when comparing ONCOBOX Cancer to GTEx (Fig. 2c), strongly indicates systematic
differences between the two ONCOBOX datasets and the rest. Therefore, caution was exercised when interpreting
results involving ONCOBOX datasets. Lastly, the difference in number of samples and tissue diversity (Fig. 2d)
is also expected to influence the number of identified isoforms, with analysis of larger databases yielding lower
numbers of isoforms. More discussion on these issues is provided below.

Common cancer-specific isoforms in breast and lung cancer

We focused on breast and lung cancers because they are present in all three cancer databases considered
(Fig. 2d). Based on the observation about a potential systematic bias in the ONCOBOX dataset above, GTEx
and ONCOBOX ANTE were used separately as the reference normal dataset in these analyses. With GTEx as the
reference dataset, when considering both breast and lung cancers, two cancer-specific isoforms were identified
in all datasets, namely Immunoglobulin Kappa Joining 4 (IGKJ4) and Immunoglobulin Kappa Joining 1 (IGK]J1,
both of which are components of the immunoglobulin protein and are involved in immune responses’!. When
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Fig. 2. Summary of the pan-cancer transcriptomics datasets and isoform analysis. (a) Counts and expression
patterns of cancer-specific isoform events in across 10 TCGA projects grouped by cancer types. (b) Functional
profile of pan-cancer-specific isoforms identified from the comparison of TCGA versus GTEx as normal
reference. (¢) Venn diagram showing the number and overlap of pan-cancer-specific identified using different
cancer and normal tissue databases. Pan-cancer-specific transcripts are required to be expressed in at least 90%
of cancer samples with average TPM > 1 and low expression with average TPM < 1 in normal samples. (d) The
heatmap showing sample counts for each tissue type in each database.
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focusing on breast cancer alone, three cancer-specific isoforms were identified in all three datasets and two
additional isoforms were identified in both TCGA and PCAWG (Supplementary Table S3, S4, S5, and Fig. 3a). All
five isoforms involve genes belonging to immunoglobulin proteins, namely the Immunoglobulin Heavy Joining
3,4, 5 genes (IGH]3, IGHJ4, IGH]5) or Inmunoglobulin Kappa Joining 1 and 4 genes (IGKJ1, IGKJ4). Similarly,
when focusing on lung cancer alone, six cancer-specific isoforms were identified in all three datasets and three
additional isoforms were identified in TCGA and PCAWG (Supplementary Table S3 and Fig. 3b). Again, all
nine isoforms involved genes belonging to either immunoglobulin heavy chain (IGH]J1, IGH]J2, IGH]3, IGHJ4,
IGHJ5) or immunoglobulin kappa chain (IGK]1, IGK]J3, IGKJ4, IGK]J5).

With ONCOBOX ANTE as the reference dataset, completely different results were obtained. When focusing
on breast cancer alone, 16 cancer-specific isoforms were identified in both TCGA and PCAWG, namely
ribosomal proteins (Ribosomal Protein S6 (RPS6), Ribosomal Protein L7a (RPL7A), Ribosomal Protein L14
(RPL14), Mitochondrial Ribosomal Protein L11 (MRPL11), and Proteasome 20 S Subunit Alpha 2 (PSMA2)),
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Fig. 3. Summary of isoform analysis in breast and lung cancer. (a) Venn diagram showing the number and
overlap of pan-cancer-specific identified using different breast cancer and normal tissue databases. (b) Venn
diagram showing the number and overlap of pan-cancer-specific identified using different lung cancer and
normal tissue databases. TCGA-LUSC and TCGA-LUAD were shown separately. In both analyses, cancer-
specific transcripts are required to be expressed in at least 90% of cancer samples with average TPM > 1 and low
expression with average TPM <1 in normal samples.
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mitochondrial protein NADH Ubiquinone Oxidoreductase Subunit A3 (NDUFA3), protein processing and
degradation (Pre-mRNA Processing Factor 31 (PRPF31), and Proteasome 20 S Subunit Beta 5 (PSMB5)), cellular
signaling WD Repeat Domain 54 (WDR54), enzymes and chaperones (Peptidylglycine Alpha-Amidating
Monooxygenase (PAM), NAD(P)H Quinone Dehydrogenase 1 (NQO1), Cystatin C (CST3)), RNA-binding DAZ
Associated Protein 2 (DAZAP2), inflammation AE Binding Protein 1 (AEBP1), cellular migration Actin Gamma
1 (ACTG1), and Heat Shock Protein Family A Member A1 (HSPA1A). When focusing on lung cancer alone,
11 cancer-specific isoforms were identified in both TCGA and PCAWG, namely ribosomal proteins (RPS6,
RPL7A, and RPL14), cellular signaling and structure (WDR54), transporter Solute Carrier Family 10 Member
3 (SLC10A3), protein processing and degradation (PSMB5, PSMA2), RNA-binding protein (DAZAP2), S100
Calcium Binding Protein A6 (S100A6), cellular migration (ACTG1), and heat shock stress response (HSPA1A).

It is interesting to note that regardless of the choice of reference normal tissue dataset, many cancer-specific
isoforms were found in common between breast cancer and lung cancer. The enrichment of immunoglobulin
(IG) transcripts in TCGA and PCAWG breast and lung cancer samples may be attributed to infiltrating antibody-
producing plasma B cells in the tumor microenvironment, as bulk RNA sequencing data captures both tumor and
immune cell signals. However, previous studies suggest that cancer cells themselves may express IG-like proteins,
which have been implicated in tumor growth and immune evasion. In addition, the enrichment of ribosomal
protein genes (RPS6, RPL7A, RPL14) and proteasome-related genes (PSMB5, PSMA?2) in cancer samples when
ONCOBOX-ANTE was used as the reference may be functionally relevant. Dysregulation of ribosomal proteins
has been linked to altered protein synthesis rates, contributing to tumor progression and cellular proliferation.
Similarly, proteasome components like PSMA2 and PSMB5 have been implicated in cancer cell survival and
therapeutic resistance. These findings suggest that isoform-level changes in fundamental cellular machinery
could play a role in cancer progression and warrant further exploration. However, the interpretation must be
made carefully because such enrichment can also arise from the degradation or missed detection of certain
transcripts in the normal tissue datasets.

Functional relevance of pan-cancer isoforms

To validate our findings, we annotated the functions of selected genes that consistently underwent isoform
switching in multiple cancer types and explored their involvement in cancer progression. We first concentrated
on Leucine Rich Repeat Transmembrane Neuronal 4 (LRRTM4), which displayed isoform switching in PCAWG
samples when compared to both the GTEx and the ONCOBOX-ANTE databases. A study by Zhang and
colleagues discovered a long non-coding RNA (IncRNA) (Inc-LRRTM4, LRRTM-207) located downstream of
LRRTM4 locus that can promote proliferation, metastasis, and epithelial-mesenchymal transformation (EMT)
in colorectal cancer by binding to and activating LRRTM4 promoter>?. Furthermore, a knockdown of Inc-
LRRTM4 inhibits both the gene and protein expressions of LRRTM4. Interestingly, the identified pan-cancer
isoform of LRRTM4, LRRTM-206, overlaps the Inc-LRRTM4 locus and its RNA sequence is 70.3% identical
to Inc-LRRTM4 (Fig. 4a,b). The two RNAs also possess many matched triplex-forming oligonucleotides (TFO)
sequences which suggest that the cancer-specific LRRTM4 isoform can also bind and activate LRRTM4 promoter
(Fig. 4c). Hence the LRRTM4-206 isoform (Fig. 4d,e) may play a similar regulatory role in modulating LRRTM4
gene expression in the cancer cohorts via similar mechanisms.

Among 32 pan-cancer isoforms identified in both TCGA and ONCOBOX Cancer datasets with GTEx as the
reference (Supplementary Table S1 and Fig. 2c), there were two additional genes of interest, the heterogeneous
nuclear ribonucleoprotein C1/C2 (HNRNPC) and the selenium binding protein 1 (SELENBP1). In normal
tissues, HNRNPC regulates RNA metabolism by binding to pre-mRNA molecules and regulating splice site
selection. HNRNPC serves as a biomarker for atherosclerosis and cervical cancer®**. Elevated HNRNPC
expression also correlates with poor overall survival and disease-free survival in several cancer types®, while
the suppression of HNRNPC has been reported to inhibit hepatocellular carcinoma proliferation, migration
and invasion®®. In our analysis, HNRNPC-210 was the only highly expressed isoform in normal tissues, whereas
HNRNPC-203 and HNRNPC-224 were exclusively expressed in broad cancer types (Fig. 5a,b). However, as the
HNRNPC-203 isoform is missing from GTEx pre-processed data (Fig. 5¢), we denoted only HNRNPC-224 as
the pan-cancer specific isoform. This isoform skips one exon near the N-terminus and gains one exon near the
C-terminus of the protein, compared to the HNRNPC-210 isoform in normal tissues (Fig. 5b,d).

For SELENBPI, the highly expressed isoforms in normal tissues were annotated as retained introns
(Supplementary Fig. S1, SELENBP1-214 and SELENBP1-218). On the other hand, isoforms SELENBP1-201
and SELENBP1-212, which were exclusively expressed in broad cancer types, include a protein-coding isoform
(SELENBP1-201). However, as the SELENBP1-201 isoform is missing from GTEx pre-processed data, we
denoted only SELENBP1-212 as the pan-cancer specific isoform. Overexpression of SELENBP1 is generally
associated with suppression of cell proliferation, migration, and invasion of tumors. In a colorectal cancer study,
suppression of SELENBPI is correlated to increased tumor size and unfavorable patient prognosis®. Although
the mechanism is not fully understood, it is believed that SELENBP1 inhibits EMT through the expression of
E-cadherin and inhibition of N-cadherin. Furthermore, SELENBP1 expression is anti-correlated with those of

S100A protein family which have close ties to EMT and tumor metastasis®’-*.

Exploring the actionable potential of pan-cancer isoform-derived neoantigens
To explore whether these pan-cancer-specific transcripts may give rise to actionable neoantigens, nine
representative transcripts, namely ENST00000281428 (FLI1), ENST00000331035 (IL3RA), ENST00000396617
(MKL1), ENST00000463664.

(SELENBP1), ENST00000488161 (CYREN), ENST00000518824 (VEGFA), ENST00000522370 (TBCA),
ENST00000556513 (HNRNPC), and ENST00000620660 (RYK) were analyzed in more depths. These
representative transcripts were selected based on their frequent recurrence across cancer datasets and functional
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Fig. 4. In-depth characterization of isoform-switching in LRRTM4 as a known functional IncRNA. (a)
Annotated isoform structure profiles for LRRTM4 gene. LRRTM4-206 is pan-cancer-specific. (b) Nucleotide
sequence alignment between LRRTM4-206 isoform and IncLRRTM4, a known functional IncRNA. (c)
Sequence identities and similarity scores between the promoter-binding triplex-forming oligonucleotide (TFO)
domains of LRRTM4-206 and IncLRRTM4. (d) Expression profiles of LRRTM4 isoforms across cancer types
in TCGA and GTEx datasets. (e) Side-by-side comparison of expression profile of LRRTM4 isoforms between
TCGA and GTEx datasets. Candidate isoform-switching and cancer-specific isoforms are highlighted.

relevance in the context of cancer. Overall, from 96 non-redundant open reading frames (ORFs) on these
transcripts, NetMHCPan® identified 268 unique 9-mer peptides that are not present in the reference human
proteome and can bind strongly (% rank eluted ligand < 0.5) to some HLA alleles (Supplementary Table S6). An
additional 383 weak binders (% rank eluted ligand between 0.5 and 2.0) were also found. The total number of
potential peptide-HLA interactions is 1,114 (one 9-mer may be able to bind to multiple HLA alleles). It should
be noted that while our approach of excluding all 9-mers found in the reference human proteome database
helps highlight neoantigens with novel amino acid sequences, the reference proteome also contains annotated
cancer-specific isoforms which will cause some valid neoantigens to be inadvertently removed. This issue may
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Fig. 5. In-depth characterization of isoform-switching in HNRNPC. (a) Expression profiles of HNRNPC
isoforms across cancer types in TCGA and GTEx datasets. (b) Annotated isoform structure profiles for
HNRNPC gene. HNRNPC-224 is pan-cancer-specific. (¢) Side-by-side comparison of expression profile of
HNRNPC isoforms between TCGA and GTEx datasets. Candidate isoform-switching and cancer-specific
isoforms are highlighted. Asterisk indicates isoform HNRNPC-204 which is not reported by GTEx. (d) The
Nightingale Plot, generated via InterPro, to compare protein sequence, structure, and function between
HNRNPC-224 and the canonical isoforms of HNRNPC. Sequence variation indicates the differences in
amino acid sequence and insertion/deletion. AlphaFold confidence shows the quality of predicted 3D protein
structure for the HNRNPC-224 isoform. Positions of annotated functional domains are shown with different
colors to indicate whether the regions that differ between the two isoforms contain an important function.

be mitigated by cross-referencing with human proteomics data of normal tissues and by incorporating a more
nuanced selection of reference protein isoforms.

Next, PepQuery?? was used to check whether pan-cancer-specific isoforms are translated into proteins in
cancer, and not normal, tissue proteomes, and hence likely to produce cancer-specific neoantigens. As most
bottom-up proteomics analyses used trypsin to digest proteins, all possible tryptic peptide precursors of these
candidate 9-mers (with up to 2 missed cleavages) were searched against 20 cancer and 2 normal tissue proteomics
datasets (Supplementary Table S7). It should be noted that the normal tissue datasets considered contain 29 and
32 distinct tissue types, with 201 and 50 biological samples, respectively, and should adequately serve as negative
controls. Overall, tryptic peptide precursors for 155 candidate 9-mers were detected in some cancer proteomes
but not in normal tissues. These tryptic peptides were observed in 5-6 cancer datasets on average (median=>5,
25-th percentile =3, 75-th percentile = 7). Markedly, nine of these candidate 9-mers may be expressed in as many
as 10-14 out of 20 cancer datasets investigated.

HLA-binding dynamics as a neoantigen screening tool

To further investigate the potential of putative pan-cancer neoantigens as immunotherapy targets, molecular
docking to the HLA protein followed by a 200-nanosecond dynamics simulation were performed for five putative
9-mer neoantigens predicted to bind strongly to HLA-A*02:01. Although molecular dynamics simulations
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are computationally costly, they offer valuable mechanistic insights, such as specific bonding interactions and
the overall structural stability of molecules, which enhance confidence in predicted binding affinities. These
simulations can also identify key amino acid residues in candidate neoantigens that contribute to binding and
propose the surface of the HLA-antigen complex that will be accessible to the T cell receptor. These include
NLIPLFLYL and YIFGFVRNL from ENST00000556513 (HNRNPC), MLTPSLPSI and SLFWALTSL from
ENST00000463664 (SELENBP1), and FLFRGKFHA from ENST00000620660 (RYK). The PANDORA pipeline*?
was used to generate the initial docked structure and GROMACS with Amber force field was used to simulate
the dynamics (see Materials and Methods). The root mean square deviation, radius of gyration, and solvent
accessible surface area were monitored throughout the 200-ns period to ensure that the antigen-HLA complex
has stabilized (Supplementary Fig. S2). Then, hydrogen bonding and binding free energy were calculated from
the last 20 ns of the simulation to capture the characteristics of the antigen-HLA complex. Moreover, the HLA
binding properties of the selected 9-mers were also compared to those of matched normal peptides with similar
amino acid sequences as controls (Supplementary Table S8).

Among the selected putative neoantigens, NLIPLFLYL, MLTPSLPSI, and SLFWALTSL exhibited lower free
energies and more frequent hydrogen bonding with the HLA protein compared to the matched normal peptides
(Figs. 6 and 7, and Supplementary Fig. S3, respectively). For example, when comparing NLIPLFLYL to the
matched normal peptide, WAIPLFLFL, there were considerably more hydrogen bonds between NLIPLFLYL
and residues Y7, E63, Y84, Y99, T143, Y159, T163, and Y171 on the HLA protein (Fig. 6 and Supplementary Fig.
S2G-H). This resulted in a much lower free energy for the neoantigen-HLA complex (AE = —83.47 kJ/mol versus
—51.95 kJ/mol). Similarly, there were more hydrogen bonds between MLTPSLPSI and residues E63, K66, D77,
Y84, Y99, T143, and K146 of the HLA protein compared to when the matched normal peptide MNTPLPSI was
considered (Fig. 7). This resulted in much lower free energy for the neoantigen-HLA complex (AE = —102.97 kJ/
mol versus —56.88 kJ/mol). Results for the two putative neoantigens that exhibit weaker binding affinity with
HLA were provided in Supplementary Figs. S4 and S5. For these putative neoantigens, there were more hydrogen
bonds formed between HLA protein and the matched normal peptides as well as structural distortions in the
HLA alpha helices when accommodating putative neoantigens.
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Fig. 6. Molecular dynamics comparison between the binding of putative neoantigen NLIPLFLYL and matched
normal peptide WAIPLFLFL to HLA-A*02:01. (a) A final structure for putative neoantigen NLIPLFLYL
derived from ENST00000556513 transcript. (b) A final structure for the matched normal peptide WAIPLFLFL.
The side chains of the residues involved in hydrogen bonds (indicated by dashed lines) were highlighted. (c)
Heatmap showing the percentage of hydrogen bond formation during the last 20 ns of the dynamics for the
putative neoantigen NLIPLFLYL. (d) Heatmap for the matched normal peptide WAIPLFLFL.
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Fig. 7. Molecular dynamics comparison between the binding of putative neoantigen MLTPSLPSI and
matched normal peptide MNTPTLPSI to HLA-A*02:01. (a) A final structure for putative neoantigen
MLTPSLPSI derived from ENST00000463664 transcript. (b) A final structure for the matched normal peptide
MNTPTLPSI. The side chains of the residues involved in hydrogen bonds (indicated by dashed lines) were
highlighted. (c) Heatmap showing the percentage of hydrogen bond formation during the last 20 ns of the
dynamics for the putative neoantigen MLTPSLPSI. (d) Heatmap for the matched normal peptide MNTPTLPSI.

Discussion

We conducted a comprehensive analysis of transcript isoform expression across 41 cancer cohorts from the
TCGA, PCAWG, and ONCOBOX Cancer databases, alongside normal tissue panels from GTEx and ONCOBOX
ANTE, and identified pan-cancer-specific transcript isoforms as well as those specific to breast and lung
cancers. Several of these transcripts derive from genes with known functional roles in cancer progression, such
as LRRTM4, HNRNPC, and SELENBPI1. Although neoantigen selection is primarily based on immunogenic
properties, the functional relevance of cancer-associated isoforms may contribute to their persistence in tumors.
Isoforms with roles in oncogenesis or immune evasion may be more stable targets for immunotherapy, as they
are less likely to be lost due to immune pressure. However, functional relevance alone does not determine tumor
specificity, which remains a key criterion in candidate selection. Encouragingly, the cancer-specific segments of
these transcripts, which harbor a number of promising 9-mer neoantigens predicted to bind strongly to the HLA
proteins, were confirmed by PepQuery to be translated into proteins in multiple cancer tissues and thus could
be captured by the antigen presentation pathway. PepQuery analysis also indicates that the protein precursors of
these 9-mers were not detected in normal proteomes. Finally, the ability of predicted 9-mer neoantigens to bind
to HLA proteins were demonstrated via molecular dynamics simulations, with similar peptides from the human
proteomes as reference. Despite the scope of the study being limited to in silico analyses and restricted to 9-mers,
our study provided strong evidence that pan-cancer transcript isoforms can generate actionable neoantigens.
Inclusion of 8- to 11-mer peptides will produce a much broader neoantigen repertoire but will require more
stringent screening criteria to minimize false positive.

It should be noted that the size of the transcriptomics dataset, in addition to the differences in patient
populations, such as genetics background and cancer subtypes, can also influence the number of identified
pan-cancer transcript isoforms. For example, the lower numbers isoforms derived from PCAWG (N=1,359)
compared to TCGA and ONCOBOX Cancer (N =648 and 58, respectively) could very well be because it is more
difficult for a transcript to meet the pan-cancer selection criteria over such large number of samples. On the
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other hand, the use of ONCOBOX-ANTE (N=168) as the normal background would naturally yield higher
numbers of identified pan-cancer isoforms compared to when GTEx (N=17,382) was selected. However, the
use of a small normal tissue database as reference has the danger of producing false positive isoforms that are
in fact expressed in normal tissues that are underrepresented in the database. These false positive isoforms
are difficult to filter out in later stages because proteomics analysis has limited sensitivity and may not detect
the corresponding translated proteins and peptides. Hence, it is advisable to include as many normal tissue
samples as reference during the initial transcriptomics analysis stage. This still presents a challenge because
there are clearly systematic differences in how isoforms are called across transcriptomics datasets (such as GTEx
and ONCOBOX-ANTE) that necessitate a careful standardization of the bioinformatics pipeline. Therefore,
additional biological information, such as the functional relevance of the detected isoforms in the context of
cancer, is valuable in supplementing the screening process.

Most importantly, systematics differences between datasets can also arise due to technical reasons. As noted
earlier, the lack of detected pan-cancer transcript isoforms when comparing ONCOBOX Cancer to ONCOBOX
ANTE is highly unexpected because both datasets should be the most homogenous, given that they were
produced by the same laboratory and were the smallest. As these datasets were re-analyzed by our bioinformatics
pipeline, it may be possible that the isoform assignment was so homogenized that there was no dataset-specific
isoform. This would then imply that the isoform differences between other datasets were due to technical biases
in the bioinformatics analysis. However, we do not believe this to be the case because even though the TCGA
dataset was also re-analyzed through our pipeline, the comparison between TCGA and ONCOBOX ANTE
yielded 139 pan-cancer transcript isoforms, the largest among all comparisons. Another good validation of the
impact of the bioinformatics pipeline standardization would be to also re-analyze PCAWG RNA-seq data to test
whether more pan-cancer candidate isoforms could be detected in common with the results from the TCGA
dataset. Altogether, our results raised an important caution for the re-analysis of transcriptomics data from
multiple sources.

The enrichment of immunoglobulin kappa chain (IGK) and immunoglobulin heavy chain (IGH) gene
families in TCGA and PCAWG breast and lung cancers (Supplementary Table S3, S4, and S5) may simply be
due to the presence of infiltrating antibody-producing plasma B cells in the tumor microenvironment*, since
bulk tissue RNA sequencing data were utilized here. However, the expression of these IGK and IGH transcripts
may also be indicative of the progression of malignancy itself®*¢!. Furthermore, several research revealed the
existence of ‘Ig-like proteins’ at both transcript and protein levels in several epithelial cancer cell lines®?-4.
These Ig-like proteins, now also considered cancer-Ig, appear to play roles in promoting growth, invasion, and
migration in various cancers, including lung cancer. On the other hand, the three immunoglobulin heavy chain
gene’s isoforms (IGH]J1, IGH]2, and IGH]4) were not consistently expressed in ONCOBOX lung cancer samples.
This is not due to a low average gene expression or sequencing depth of the dataset but rather a lack of expression
for these specific isoforms, which may indicate IgH-specific transcript degradation.

The enrichment of ribosomal proteins, cellular signaling and structure, transporter proteins, protein
processing and degradation, RNA-binding proteins, and heat shock proteins in TCGA and PCAWG breast and
lung cancer samples may also be functionally relevant. For example, RPS6, RPL7A, and RPL14 are essential
components of the ribosomes whose dysregulation can contribute to cancer by altering the rates of protein
synthesis and impacting cellular growth and proliferation®>. Changes in the expression levels of ribosomal
protein transcripts are common in various cancer types and have been reported as prognostic predictors. A
knockdown of PSMA2 and PSMB5, which are components of the proteasome, have been implicated in lung
cancer responses®, tumor proliferation, and poor prognosis in hepatocellular carcinoma®”. WDR54, which is
involved in signal transduction, RNA processing, vesicular trafficking, and cellular division, was reportedly
associated with the promotion of tumorigenesis and metastasis in bladder cancer®, by increasing the stability
of mediator MEMO1 and altering its interaction with IRS1. This subsequently impairs the chemosensitivity
of bladder cancer to cisplatin treatment. DAZAP2 was identified as a specifier of the p53 response to DNA
damage®, whose knockdown and deletion strongly potentiates cancer cell chemosensitivity in both cell culture
and mouse xenograft models. However, despite these genes’ clear roles in cancer, the isoform-specificity of their
functions are still undetermined.

Conclusion
Under the limitation of an in silico study, our work strengthened the evidence that pan-cancer RNA transcripts
can produce actionable neoantigens in two aspects: by detecting the presence and specificity of neoantigen-
containing peptide precursors in proteomics datasets of cancer and normal tissues, and by simulating their
binding dynamics with HLA protein. Our analysis focused on annotated transcript isoforms to survey the
landscape of neoantigens derived from large-scale alterations such as different exon usages. However, an in-
depth investigation of isoform switching at the splice junction level can reveal additional switching events
involving unannotated isoforms as well as neoantigens resulting from these loci’’. It is highly encouraging that
as many as 24% (155 out of 651) of putative 9-mer neoantigens could be confirmed at protein level specifically
in cancer tissues, and that nine of them were detectable in more than half (10-14 out of 20) of the cancer
proteomes. A small-scale molecular dynamics simulation also supported the predicted high binding affinity
between several putative neoantigens with HLA proteins by revealing the relative increase in hydrogen bonding,
reduced structural variability, and lower binding free energy of the antigen-HLA complex. Compared to machine
learning-based predictions of HLA binding affinity and stability, molecular dynamics simulation offers crucial
explanations to support the predicted binding characteristics.

From a clinical standpoint, since the candidate transcript isoforms are expected to be present in at least 90%
of tumors across all cancer types and some derived neoantigens were detectable in as many as 50-70% of the
cancer proteomics dataset, we anticipated that a significant patient population could benefit from our approach.
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The pool of potential pan-cancer neoantigens would also be significantly expanded once 8- to 11-mers are
included. Importantly, the fact that some candidate transcripts are functionally relevant in the context of cancer
also suggest that they will be persistent, specific, and therefore targetable in cancer cells. Nonetheless, there are
still major downstream steps of experimentally confirming the HLA binding affinity and the immunogenicity of
these candidate neoantigens.

Data availability

All transcriptomic data analyzed in this study were obtained from public databases as described in the Meth-
ods. Specifically, TCGA data were randomly subsampled in BAM alignment file format, including 50 samples
each from TCGA-BRCA, TCGA-COAD, TCGA-DLBC, TCGA-LUAD, TCGA-MESO, TCGA-READ, and TC-
GA-SKCM, and 100 samples each from TCGA-KIRC, TCGA-KIRP, and TCGA-LUSC. Access to TCGA data
was controlled through dbGaP, with details at https://portal.gdc.cancer.gov/. Pre-processed transcript expressio
n data from the PCAWG project was obtained, open-access, via the International Cancer Genome Consortium
(ICGC) Data Portal at https://dcc.icgc.org/. Although this portal was retired in June 2024, the provided URL
instructs researchers to the updated access protocol. Pre-processed transcript expression data (read counts and
TPM) from the Genotype-Tissue Expression (GTEx) project was obtained, open-access, via the GTEx Portal
at https://gtexportal.org/home/downloads/adult-gtex/bulk_tissue_expression. For this project, we utilized the
GTEX 2017-06-05_v8_RSEMv1.3.0 files. Raw RNA-seq sequencing reads from the ONCOBOX Atlas of Normal
Tissue project and ONCOBOX Cancer resources were obtained as FASTQ files from the NCBI BioProjects
PRJNA494560 (normal tissues) and PRINA565016 and PRINA578290 (cancer tissues), respectively. The lists of
identified pan-cancer isoforms and candidate neoantigens are provided as Supplementary Materials. Transcript
expression data in TPM units are provided on FigShare at 10.6084/m9.figshare.28324271 (TCGA), 10.6084/
m9.figshare.28324229 (ONCOBOX ANTE), 10.6084/m9.figshare.28324232 (ONCOBOX Lung Cancer) and
10.6084/m9.figshare.28324235 (ONCOBOX Breast Cancer).
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