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Abstract

Glioblastoma multiforme is a type IV glioma and is one of the most fatal cancers affecting the Brain and the Spinal cord.
Even with medications, patients only survive for about 15 months. Therefore, personalised immunotherapy has become
an avid area of research. Neoantigen based vaccines are gaining further recognition because herein the immune system
specifically identifies cancer cells and not the healthy ones. Neoantigens are peptides that form within cancer cells when
they undergo somatic mutations. These neoantigens then bind to an HLA molecule causing them to be picked up by a T
cell which then triggers an immune response.

In this article I showcase a bioinformatic pipeline to identify peptides that can be further analysed for personalised
immunotherapy in glioblastoma patients. A publicly available RNA sequencing data from NCBI SRA database was used
for this project. The pipeline includes quality control, read alignment, variant calling, annotation, HLA typing and
binding prediction. The neoantigen binding predictions were carried out using HLA-A*02:01.

Out of all the peptides analysed, VSDPGQLEHV showed the strongest binding to HLA-A*02:01 and a percentile rank of
2.4. Overall, this article gives a workflow that can be followed to identify neoantigens and therefore showcases the
importance of computational analysis in personalised immunotherapeutics.
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1. Introduction

Glioblastoma multiforme is one of the most aggressive and common tumours found in adults. The glioma tumour
belongs to the cold tumour group meaning it has a low immune cell count. Even after years of study in chemotherapy,
there is not much progress in survival rates. [1] There are several reasons for this. The glioblastoma tumour shows a lot
of variation within the tumour mass. The tumour is also known to adapt quickly once the treatment begins. One more
reason is that the tumour grows in an infiltrative manner, that is, it spreads into the brain tissue such that it becomes
almost impossible to surgically remove the tumour. The blood brain barrier also prevents certain drugs from reaching
the tumour site. [3][4] Therefore, active research is going on in personalised approaches that target tumour specific
antigens.

Neoantigens are peptides that are specific to the tumour caused by somatic mutations within the cancer cells.
Neoantigens unlike tumour associated antigens are completely foreign to the body and therefore are perfect for eliciting
an anti-tumour immune response. These mutant peptides are processed inside the cell and then displayed on the surface
alongside MHC I molecules. The CD8+ cytotoxic T cells then recognise them as non self and kill them. The clinical
relevance of neoantigens can be backed by several evidences across different types of cancers. In melanoma and non-
small cell lung cancer, higher neoantigen count is associated with better response to immune checkpoint blockade
therapy. Personalised neoantigen vaccines have performed well in the early trials of melanoma and glioblastoma
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showecasing that these vaccines are able to elicit a neoantigen specific T cell response. [5] Glioblastoma is especially
hard to treat because all of the mutated peptides displayed on the outside of the cancer cells have a unique immune
profile. These peptides are formed due to driver mutations in genes such as EGFR, PTEN, TP53. [6] Besides driver
mutations there are passenger mutations which are larger, much more variable and differ drastically from person to
person and sometimes also between different regions within the same tumour. Therefore, personalised neoantigen
immunotherapy along with a multi-region targeting strategy is used to tackle glioblastoma. [7][8]

The computational workflow for identifying neoantigens begins with next generation sequencing data which can be
Whole exome sequencing (WES) data or RNA sequencing data. They are used to detect somatic mutations which are
then annotated for their functional effects. The mutations that cause a change in the amino acid sequence, that is, cause
missense mutations are selected to build peptides. Then tools like IEDB are used to rank the peptides which show
highest binding affinity with patient specific HLA alleles. RNA seq is used as it has a major advantage of offering both
the mutation as well as the gene expression data at the same time. This helps prioritise peptides that are both mutated
and transcribed within the tumour. This is important because peptides can only be displayed on the cell surface if the
gene is being expressed. [9][10][11]

For this project, a publicly available anonymised Glioblastoma RNA-seq data was used to check if biologically usable
neoantigen candidates could be predicted.

1.1. Objectives

The objectives of this project were as follows:

To collect raw data from RNA seq data from the NCBI SRA database.

To perform quality control and adapter trimming of the sequencing reads using Falco and Trim Galore.
To align the processed reads to the human reference genome (GRCh37) using HISAT2.

To perform variant calling using GATK Mutect2.

To identify variants using SnpEff.

To perform HLA allele using OptiType.

To generate peptides from missense variants and predict binding affinity towards MHC I using IEDB.

Step 1: Data acquisition,
NCBI SRA

Step 2: Quality check, Falco

Step 3: Read tnmming,
Trim Galore

Step 4: Read alignment,
. . il
Pipeline HISAT2
Sunmmary -
Step 5: Variant calling

GATK Mutectl

Step 6: Variant annotation,

SnpE

Step 7: HLA typing.
OpuType

Step 3: Neoantigen
prediction, IEDB

Figure 1 An overview of the computational workflow for neoantigen prediction
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2. Methodology

2.1. Data acquisition

The data was acquired by downloading the RNA seq data of glioblastoma patients from NCBI SRA. This is a public
database that presents high throughput sequencing data submitted by researchers from around the world. The raw
FASTQ files were obtained using the SRA Toolkit (fastq-dump). The dataset had paired end RNA seq reads sequenced
on an [llumina platform therefore it gave two FASTQ files (forward and reverse reads) which matched the requirements
of the downstream bioinformatic tools. Since the data used was publicly available and anonymised beforehand, no
ethical clearance was required for this project.

2.2. Quality control

The quality assessment of the FASTQ files was done using Falco. This is a tool that is widely used for assessing the quality
of high throughput data. [12] The following criteria were checked: Per base sequence quality scores with Q30 used as
threshold of acceptable quality. Q30 is the error probability of approximately 1 in 1000 bases. [13] Per sequence GC
content was assessed against the theoretical GC distribution for the human transcriptome. Sequence duplication
analysis was done to check the presence of duplicated reads. Adapter contamination and overrepresentation of
sequences was checked.

2.3. Read trimming

Adapter sequences and low-quality bases were removed using Trim Galore. This is a tool that combines Cutadapt
algorithm with FastQC quality reporting. [14] Trimming was performed keeping the default settings of base quality
threshold Q20, minimum read length of 20 base pairs and automatic adapter detection.

2.4. Read alignment

The trimmed reads were aligned to the human reference genome (GRCh37) using HISAT2. This tool is a graph-based
data structure specifically designed for alignment of sequences showing alternatively spliced transcripts. [15] HISAT2
uses a hierarchical index scheme that is based on the FM index which helps in rapid and more accurate alignment. Paired
end mode was used for alignment and the SAM files received were converted to sorted and indexed BAM form using
SAMtools. BAM format is used by GATK because of its smaller size and as it can be. [16]

2.5. Variant calling

Somatic variant calling was done using GATK Mutect2. Mutect?2 is used to detect somatic nucleotide variants (SNVs) and
small indels (insertion/deletions) from tumour sequencing data. [17] Mutect2 was run in tumour only form because the
matching normal RNA seq dataset was not present.

2.6. Variant annotation

Annotation of the VCF files was done using SnpEff. This tool is mainly used for annotating variants based on their
genomic location and then it predicts coding effects such as frameshifts or start/stop codon losses/gains. [18] Each
variant was annotated as missense variant, synonymous variant, frameshift variant along with a predicted classification
of high, moderate, low or modifier.

2.7. HLA typing

HLA typing was attempted using OptiType and Seq2HLA however both tools failed to give results. The errors were due
to technical issues. Additionally, WES data is more accurate for HLA typing than RNA seq data. [19] Therefore, the allele
HLA-A*02:01 which is said to be the most common class I allele and widely used in immunological research was taken
for the further IEDB analysis. [20]

2.8. Neoantigen prediction

The mutant peptides were built manually from the missense annotated variants. The amino acids surrounding the
mutation were noted and a single amino acid substitution as caused by the mutant allele was introduced to form the 10
amino acid long mutant peptide. To check the binding affinity of these mutant peptides to the MHC-I, IEDB tool was
used. The binding affinity was given in the form of a percentile rank. The lower the percentile rank, better is the binding
affinity. [21]
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3. Results and discussion

Quality assessment on the raw reads showed good quality as all the data points were above the Q30 threshold. The
dataset had 20426433 sequencing reads of 51-64 sequence length. Per sequence GC content was analysed which was
found to be 40% and even though a warning was given the GC pattern was similar to the expected pattern therefore no
GC contamination was seen. Sequence duplication analysis showed a total duplicated percentage of 50.8668 % and a
warning was given but this is commonly observed in RNA seq experiments because highly expressed transcripts
generate multiple identical sequencing reads. [22] Although adapter contamination was seen, after the use of Trim
Galore the adapter sequences were removed along with low quality bases. No overrepresented sequences were seen.
The sequences were then ready for alignment.

HISAT?2 was used to align the sequences to GRCh37(hg19). The results were viewed in Integrative Genomics Viewer to
check the mapping quality. Most reads aligned well with the reference genome showing a total alignment rate of 87.17%.

Somatic variants were identified using GATK Mutect2. The VCF file showed the presence of single nucleotide variants
(SNVs) and indels (insertion/deletions) in the sample. SnpEff was used to annotate the variants. Out of 142,095 variants,
SnpEff identified 3209 high impact variants, 33528 moderate impact variants and 13,006 low impact variants.
Functional classification showed 33,785 missense variants, 1,824 nonsense variants and 12,552 silent variants. For this
project only the variants that were classified as missense mutations with moderate impact were chosen. This is because
missense mutations do not derange the reading frame while altering the amino acid sequence. These mutations cause
tumour specific peptides to differ from wild type sequences by a single amino acid. Therefore, the variants annotated
as missense with a moderate functional impact were used to form mutated peptides for further analysis.

As OptiType and Seq2HLA failed to give results, HLA-A*02:01 was used since it is the most common HLA class I
allele.[20] MHC I binding predictions were checked against this allele. Lastly the mutant peptides that were constructed
manually were analysed using [EDB tool. The variant VSDPGQLEHV showed the lowest percentile rank of 2.4 and is
therefore the one showing the strongest binding to the MHC I allele. This result makes it a good neoantigen candidate
for further investigation.

The study revealed that getting a candidate neoantigen from RNA seq data using a bioinformatics pipeline is feasible.
The variant VSDPGQLEHV showed a percentile rank of 2.4. This is significant because when a sequence is submitted to
IEDB, it is broken down into multiple peptides and the binding affinity for each is determined. Since the binding affinity
is compared to a large set of random peptides, lower rank means that there are very few other peptides that bind better
than the peptide under study. [21] Therefore, a percentile rank of 2.4 indicates that VSDPGQLEHV peptide binds
stronger than 97.6% of all random peptides. So even though a rank of <=1% is considered a strong binder, a rank of 2.4
proves to be a promising candidate for more research.

The study is consistent with the previous studies that show neoantigen based vaccines to be promising targets in several
cancer types including melanoma and non-small cell lung cancer, in which a greater number of mutations in the tumour
provide many neoantigens. Studies have shown that personalised neoantigens elicit tumour specific responses which
in turn helps in immunotherapy. In glioblastoma, although there is lower immunogenicity and high immunosuppressive
microenvironment, neoantigens are proving to be a good therapeutic potential. [1] All these studies have emphasized
on a computational workflow to predict neoantigens as therapeutic targets. Accordingly, this current project has
identified the peptide VSDPGQLEHYV as a potential candidate neoantigen with sufficient binding abilities. Therefore, this
suggests that a bioinformatics-based approach can be used to discover new immunotherapeutic targets for
glioblastoma.
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Figure 2 10 Peptides ranked by IEDB.

Limitations

Although this project used RNA seq data and was successful in giving a potential neoantigen, a whole exome sequencing
data is more favoured for variant calling since it gives more coverage. [19] RNA seq data was used here as it gives the
mutational and gene expression data simultaneously. This ensures peptide presentation on the cell surface which is
especially useful in glioblastoma where the tumour is varying in different parts within the same tumour. However, RNA
seq presents problems too. Allele specific expression, RNA editing and varying expression levels is what makes RNA seq
tricky. So, while it worked well in this project, more investigation and validation is needed for future projects. [23]

Another limitation of this study is the absence of a patient specific HLA allele. Due to technical limitations, OptiType and
Seq2HLA both failed to give functional results. Therefore, a more general and extensively distributed HLA-A*02:01 allele
was used for downstream analysis. So even though VSDPGQLEHV peptide showed a strong binding to HLA-A*02:01,
this study cannot certainly confirm that it is a strong binder for the actual patient. Therefore, it is a promising candidate
but without the patient specific HLA typing, its biological significance is unresolved.

Lastly, this study is not experimentally validated for neoantigen prediction. The binding of peptide to the HLA allele was
predicted only by computational methods and no in vivo or in vitro experiments were done to confirm the neoantigen
as a therapeutic target. Therefore, more rigorous biological experimentation will be required to verify the capabilities
of the neoantigen.

4, Conclusion

This project showcased a bioinformatics workflow to predict neoantigens from a glioblastoma RNA seq data. From raw
sequencing reads and working through a set of protocols that included quality assessment, read trimming, alignment,
variant calling, annotation and binding prediction, a small set of resulting peptides were obtained that displayed binding
affinity towards HLA-A*02:01.

Out of these, VSDPGQLEHYV depicted a percentile rank of 2.4 therefore showcasing a satisfactorily strong binding with
HLA-A*02:01. Future lab-based experimentation on this peptide can give promising results. This project hence supports
the current ongoing research in neoantigens as a new contributor to advanced immunotherapeutics. It is directly
aligned with how personalised immunotherapies are developed and as technology and computational tools improve,
these kinds of bioinformatic pipelines will become more significant in understanding and eventually treating cancers
like glioblastoma.
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