g Somatic variant detection using long read RNA sequencing reveals HLA-restricted targets for immunotherapy FSl

Biodesign
@ Felipe Batalini', Skylar Henry'2, Yining Zhang?, Rachel Foster3, Jessica Gayton', Anna Hostal4, Eric Wilson®, Abhishek Singharoy?, Michael Gustafson', Barbara Pockaj', Jin Park?, Karen S. Anderson?.23 Institute

"Mayo Clinic Comprehensive Cancer Center, Phoenix-AZ, °School of Life Sciences, Arizona State University, >Phoenix Children’s Hospital, “Creighton School of Medicine, Phoenix, °lcahn School of Medicine at Mount Sinai, ﬁ,',iif,z',':its;ate

New York, ®Virginia G. Piper Center for Personalized Diagnostics, Arizona State University
ABSTRACT NEOTARGET PIPELINE BC17: PREDICTED HLA-MATCHED NEOEPITOPES CONCLUSIONS

INTRODUCTION Accurate detection and prioritization of tumor-specific somatic variants Tumor sotRNA | Temp.:e selection ]| Figure 2. NeoTarget pipeline. Protein AIFM2 CCNG1 MCM4 COL3A1 ATG4B - The NeoTarget pipeline effectively and
|§ fou_ndatlonal to th_e de\{eloprr.\ent_ of personallged immunotherapies. Tradlthnal e T . A) Computational pipeline used to Variant 0. Met135Thr 0. Ser206Pro 0. Leu369Met 0. His1320G1n 0. Leu354Gln rapidly | iden_tifies. | peoantigens | for
pipelines for neoepitope identification rely heavily on short-read next-generation { evaluate the quality of long read personalized identification of neoantigens
sequencing (NGS) and DNA-based variant calling, followed by RNA expression filtering C'p @D sequencing. Long-read sequences Peptide AYEDTVRQV VLALPIIAL RFDLIFLML VLDVQLAFL LVEQQPSHL that may be used for personalized,
. . . . . . . . . . . cDNA-PCR . . .
and HLA-binding predlctlon. ngever, this approach is limited by time-intensive Seq | | eDNA Seq were mapr_)ed t_o. the reference Figure 5. Examples of HLA-matched neoepitope predictions. SNV-derived neoepitope predictions neoantigen-based immunotherapies.
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METHODS To overcome these limitations, we developed a streamlined sequencing to- < SNV ) < Fusion ) CSNV > < I Inception  modeling  overview A 100 100

product framework that leverages long-read RNA sequencing for direct detection of F MHC-I structural templates are o1 o Neoantigens derived from fusions have
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full-length transcript characterization from both fresh and frozen breast tumor samples. backmbmode,;“".t =" | aligning template structure. Then, 0 breast cancer samples.

Our bioinformatic pipeline, NeoTarget, integrates alignment, variant calling, and ? an ensemble of binding pockets is 60 0-
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system, we used a set of 9 human breast cancer tumors benchmarked with short read NANOPORE-SEQ CALLS MORE FUSIONS
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CONCLUSION Here, we describe the design and performance of the NeoTarget pipeline
and show proof-of-concept feasibility of applying this fast and cost-effective workflow for
HLA-restricted epitope discovery in breast tumors using long-read RNA sequencing.
Overall, these methods can be applied to rapidly identify and prioritize neoantigens for
personalized neoantigen-based immune therapies.
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