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Finding Expressed Somatic Mutations
Can Lead to Neoantigen Prediction

RNA-Sequencing (RNA-Seq) is a sequencing
technique to profile the expression levels of genes Iin
a sample. Whole Exome Sequencing (WES) is a
seqguencing technique that targets only the
protein-coding regions of a sample. By detecting
genetic variants using both WES and RNA-Seq
data, we can identify expressed somatic mutations,
which can give rise to new cancer-induced antigens
(neoantigens). Because neoantigens are unique to
cancer cells, they can be used to target cancerous
cells with immunotherapy. Predicting neoantigens
using sequencing data can thus lead to
personalized cancer immunotherapeutics.
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Figure 1:a) Whole Exome Sequencing workflow: Genomic DNA is fragmented, linked,
and then tagged. The exomic regions were targeted for enrichment. b) RNA sequencing
workflow: isolating the RNA, purifying the RNA and preparing cDNA, and sequencing.

Description of Pipeline

Our pipeline starts with raw sequencing data
(RNA-Seq and WES data). It identifies expressed
somatic variants using this data and generates
neoantigen predictions. Open source
bioinformatics tools were benchmarked for each
step. GATK was selected for preprocessing and
variant calling. NeoPredPipe was selected for
neoantigen prediction.

Snakemake Workflow Management

Snakemake is a lightweight workflow management
system available through conda that greatly simplifies
the process of putting individual samples through the
long and complex pipeline involved in calling variants,
quantifying RNA expression, and then using that
information to predict neoantigens. After creating rules
to produce outputs, snakemake intelligently dispatches
slurm jobs that can vary on time, cpu usage, and
number of nodes based on the complexity of the task,
as well as the individual step, and then judge whether
the job finished successfully, regardless of the slurm
output code. It also features conda, singularity, &
environmental module integrations.

Pipeline Steps

1. Read Preprocessing Steps (denoted by DnaPreprocess):

2. Variant Calling Steps (denoted by DnaVariant). Reads are

. RNA-Seq quantification steps (denoted by

. Neoantigen steps: The neoantigen prediction tool uses the

of neoantigen prediction.

Figure 3. Snakemake rule graph for neoantigen prediction. (The color of the box is not significant). Prefixes
DnaPreprocess, DnaVariant, & RnaSeq, indicate the general phase of the workflow. Those without a prefix are part
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Sequencing reads undergo preprocessing such as mapping, l
marking of duplicates, and base quality recalibration.
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FilterMutectCalls to filter out many of the false positives
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somatic mutations generated by the DnaVariant pipeline, the
RNA expression levels generated by RnaSeq, and the HLA
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Comparing Variant Callers
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Tools

— Deepvarian

GATK

— Pisces
— VarScan

Tool Comparison

Before settling on GATK, we benchmarked 4
variant callers. They were GATK, DeepVariant,
Varscan2, and Pisces in order of final accuracy.
After preprocessing according to the industry
standard GATK preprocessing pipeline, they were
called according to their respective manuals. We
measured accuracy by comparing detected
variants to known variants derived from the
DepMap and CCLE databases provided by the
Broad Institute. (Figure 4)

Combining Workflows in Order to Find
Expressed Mutations in Patient Data

In order to find expressed mutations, both whole
exome data and RNA-seq data are needed, but they
require completely different analysis pipelines that
sometimes would be done together, and other times
would be completely separate. Snakemake allows for
the information of how to execute each pipeline to be
stored in different git repositories that rely on each
other for their dependencies. This is also indicated by

detecting less than 10% of the known mutations.

Figure 4: Comparison of Variant Callers by sample. Comparison of the number of mutations that overlapped with the accuracy database by sample, distributed by readcount. a)
The raw number of overlapping mutations. Note that GATK and DeepVariant are almost identical, but GATK performs slightly better. b) Percent of overlapping mutations detected by
each variant caller by sample, distributed by readgroup. GATK's slightly better accuracy is easier to see here. Note that Pisces performed far worse than any other variant caller,

Neoantigen Prediction

Neoantigen prediction is a challenging task for
several reasons, primarily because it relies on
so many different factors. In addition to the
mutation information produced by GATK, it
requires knowledge of the variable HLA region
of DNA to know which proteins the immune
system will accept. We considered two tools
to predict neoantigens: pVACseq and
NeoPredPipe. pVACseq relies on a
pre-existing database of predicted

T-Cell Receptor =

T Cell
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neoantigens and then measures them based

the tumor cell binds because neoantigen was customized to fit the mutation.

Figure 5: Diagram of a neoantigen allow a T cell to recognize a mutated surface protein on a
cancer cell. The T Cell is able to recognize the HLA type because it has the correct HLA type and

on the HLA type and mutation.

the prefixes in Figure 3.

Limitations
e Lack of known neoantigens for the cell lines

makes benchmarking challenging.

e No evaluation of RNAseq variant calling tools

and detected variants has been done yet, only
evaluation of WES data.
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