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Abstract— The advances in next-generation sequencing technologies have accelerated the detection of somatic 
mutations in cancer cells. Only around 2 out of 8 are driver mutations and the remaining ones are passenger mutations. 
Some of these passenger mutations are known to be causing anomalous peptides that in some cases can be recognized 
as antigens by our immune system. These peptides, typically short, that can trigger the immune response are called 
neoantigens, and their discovery and targeting has allowed the development and improvement of cancer immunotherapies. 
Although there are multiple computational pipelines for neoantigen prediction, a universal bioinformatics pipeline for 
predicting neoantigens is lacking. Furthermore, to our knowledge, there is no gold standard computational pipeline 
connecting all the steps between having the somatic mutations in cancer until providing a list of predicted neoantigens. 
Here, we built an integrative computational tool that aims to identify and predict tumour-specific neoantigens in cancer 
cells. Our goal was to offer the possibility of integrating mutation calling, gene expression, and neoantigen prediction into 
a single computational tool. Starting from the FASTQs, coming from the sequencing facilities, and obtaining the 
neoantigens, we condensed different programs for each step to generate a complete workflow that is accessible to run for 
any cancer researcher. Optimisation and standardisation of neoantigen prediction pipelines have direct implications for the 
clinical efficacy of current cancer immunotherapies. Cancer researchers could integrate this computational tool in the 
decision making process for determining the most appropriate immunotherapy for every patient. For the purpose of testing 
our pipeline, we ran it for two patients, and we obtained a final list of neoantigens for one of the patients. These are 
candidate neoantigens that could be used in the development of personalised immunotherapeutic strategies against 
cancer. 

 

1 INTRODUCTION
Cancer is a large heterogeneous group of 

diseases arising from the rapid accumulation of 
somatic mutations in the genomes of individual 
cells [1–3]. This involves uncontrolled cell 
growth, often coupled with the ability to 
eventually invade, or spread to other parts of the 
body [4]. According to estimates from the World 
Health Organization (WHO) in 2020, cancer is a 
leading cause of death worldwide. As reported 
by GLOBOCAN 2020, there were 19.3 million 
new cases of cancer and almost 10 million deaths 
from cancer in 2020 [5].   

Cancer immunotherapy has become a 
powerful clinical strategy for treating cancer [6]. 
The common goal of immunotherapies is to 
invigorate the immune system to destroy cancer 
cells [7,8]. There are different 
immunotherapeutic approaches to treat cancer: 
immune checkpoint inhibitors, they are 

immunotherapy drugs that block checkpoint 
proteins from binding with their associated 
proteins, preventing the occurrence of the 
checkpoint events; adoptive cellular therapies, 
based on the infusion of tumour-fighting 
immune cells into the body; personalised cancer 
vaccines, which can be developed to have 
therapeutic activity [9]. 

Personalised cancer vaccines target specific 
peptides synthesised by our cells’ machinery 
called neoantigens. Neoantigens are tumour-
specific antigens derived from non-synonymous 
somatic mutations, bound to the class-I or class-
II human leukocyte antigen (HLA) and capable 
of eliciting antitumour T-cell responses [10-12] 
(Fig. 1). Because neoantigens are not present in 
normal tissues, they can be distinguished as non-
self-proteins by the host immune system limiting 
possible therapeutic toxicities when 
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administered as targets for immunotherapies 
[13-14]. Therefore, neoantigens can be 
considered ideal targets of antitumoural 
immune responses [15]. Currently, personalised 
neoantigen-based vaccines are being 
investigated alone or in combination with other 
therapies [16] and have the potential to bring 
precision medicine for cancer patients in the near 
future.  
 

 
 
Figure 1: Neoantigen synthesis. Neoantigens are proteins 
produced from the abnormal translation of the RNA of 
cancer cells. These peptides are recognised as foreign 
antigens by the MHC proteins and are presented by MHC 
class I proteins outside the membrane. T-cells can recognise 
these proteins and initiate immune response. 
 

The discovery and widespread usage of next-
generation sequencing (NGS) technologies 
promoted immensely the rise of the high 
throughput sequencing processes of DNA and 
RNA from tumour samples, enabling a rapid 
detection of somatic mutations in cancer cells. 
Some of these mutations are known to have the 
potential to generate neoantigens [15], finding 
them would ease the detection of neoantigens. 
These new experimental techniques to identify 
mutations have substantially improved the 
efficiency of the process that before was done 
using other more laborious and less accurate 
experimental techniques such as mass 
spectrometry (MS) [10].  

The aforementioned improvement in the data 
obtention process is a big step forward towards 
decreasing the time and resources spent in 
identifying neoantigens, but this improvement 
needs to be followed by an improvement in the 
computational methods. Data processing and 
analysis is as important as the data generation 
step, and both have to evolve together. Up until 
now, researchers have been running one by one 
the different programs needed for each step 
sequentially, in order to reach the final list with 
the best neoantigen candidates. As this process is 
not trivial, those researchers that are not able to 
control and concatenate the execution of all the 

steps need to collaborate with other groups that 
can help them. Automating this process by 
creating a pipeline that can be used by any 
researcher in this area, in which they only need 
to input the experimental data, and they receive 
the final list of neoantigen candidates, would 
represent a major step forward towards 
increasing the efficiency and speeding up the 
process. This improvement would have a direct 
impact on the delivery of precision medicine 
treatments to patients suffering from cancer. It 
would reduce the gap between cancer diagnosis 
and tumour-specific treatment. 

With this goal in mind, in recent years, 
multiple bioinformatics tools and computational 
pipelines have been developed for neoantigen 
identification and prediction purposes. Most of 
them are usually based on MHC class I and less 
commonly class II molecules, responsible for 
antigen processing and presentation [12]. 
Predicting neoantigens involves multiple steps 
including somatic mutation identification, HLA 
typing, peptide processing, and peptide-MHC 
binding prediction. This workflow has been used 
for many preclinical and clinical trials, but 
currently there is no consensus approach [17] on 
the most accurate and standard protocols. 
Among the different pipelines available [10,18–
21], one of the most advanced is pVAC-seq [18]. 
It is a cancer immunotherapy pipeline for the 
identification of personalised Variant Antigens 
by Cancer Sequencing that integrates tumour 
mutation and expression data, involving DNA 
and RNA-seq. It has been used in studies with 
different cancer immunotherapies: immune 
checkpoint inhibitors, adoptive cellular 
therapies and personalised cancer vaccines. 

To the best of our knowledge, a consensus 
integrative tool for mutation calling, gene 
expression and neoantigen prediction has not 
been published yet. 

2 OBJECTIVES 
The aim of this research is to create an 

integrative computational pipeline for 
neoantigen prediction. Offering the possibility to 
integrate mutation calling, gene expression, 
HLA typing and neoantigen prediction in a 
single computational tool by condensing 
multiple pipelines to provide a final list of 
significant neoantigens starting from the raw 
genome sequencing data files. 

3 MATERIAL AND METHODS 
In this section, we describe the data set 

employed and the bioinformatics tools that are 
used through the pipeline development using 
NGS data as input. The main steps of the 
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pipeline include: the identification of somatic 
mutations using whole exome sequencing 
(WES), quantification of RNA expression using 
RNA-seq, HLA typing, clonality (intra-tumour 
heterogeneity) and finally, as the main goal of the 
current study, the prediction of tumour-specific 
neoantigens. 

3.1 Dataset 
The data used for the development of the 

present work was obtained from a previously 
published paper, De Mattos-Arruda, Leticia et al. 
“The Genomic and Immune Landscapes of 
Lethal Metastatic Breast Cancer.” Cell reports 
vol. 27,9 (2019): 2690-2708.e10. [22]. The 
experimental data was obtained by performing 
autopsies in 10 patients with metastatic breast 
cancer. All patients had become resistant to 
multiple lines of therapy, and for this reason, and 
after patient or family´s informed consent and 
formal approval, the researchers sampled their 
metastatic deposits. In this study, we have 
selected those tumour samples that have both 
DNA and RNA data derived from WES and 
RNAseq experiments, respectively, to be able to 
predict neoantigens in silico. 

The final list of patients and samples consists 
of 9 patients and 60 samples including tumour 
samples and one normal sample per each patient 
(Supp. Table 1). Due to time and resource 
limitations we have run the pipeline for 2 of 
these patients, patient 288 and patient 323 (Fig. 2). 
3.2 DNA whole-exome data processing 
3.3.1 Data generation 

WES libraries for Illumina sequencing were 
prepared using Nextera Rapid Capture Exome 
kit (cat. FC-140-1003, Illumina) according to the 
manufacturer’s specifications. Postcapture 
library amplifications and quality assessments 
were also performed according to the 
manufacturer’s specifications. Sequencing on 
the HiSeq2500 was performed using v4 
chemistry and 50 cycles single-end for s-WGS 
and 75 cycles paired-en for WES. Last step of the 
experimentally related pipeline was to 
demultiplex the reads using the default options 
of Illumina’s bcl2fastq2 v.2.17 software, finally 
obtaining the FASTQs files that serve as input for 
the computational pipeline, to identify the 
specific coding sequence mutations. 
  

Figure 2: Neoantigen prediction workflow. The workflow is divided into two main parts: sampling workflow and 
computational workflow. Four tumour samples from patient 288 and two tumour samples from patient 323 are 
depicted across different organs. The computational pipeline was applied to the data obtained. WES data was obtained 
from normal and tumour samples, and RNAseq data was obtained from tumour samples. All sequencing data were 
used as input for the computational pipelines. After applying further filtering strategies, a list of selected neoantigens 
was generated. 
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3.3.2 FASTQs curation, alignment and 
mutation calling 

In order to identify the repertoire of cancer 
mutations by Next Generation Sequencing with 
clinical relevance, we aim to create a 
computational pipeline that condenses multiple 
tools used to identify and predict tumour-
specific neoantigens in cancer cells (Fig. 3). 

The DNA sequences of paired-end reads for 
tumour and normal tissue are stored in FASTQ 
files and are first processed by fastp [23]. This is a 
fast data pre-processing tool that performs 
quality control, trimming of adapters, filtering 
by quality, and read pruning. It also supports 
multi-threading, which stands for the use of 
more than one processor, in order to parallelly 
compute specific non-dependant routines of the 
code.  

Following the filtering, we proceed with the 
alignment of whole-exome sequences using 
Burrow Wheeler Aligner [24], which is a 
software for mapping reads against a reference 
genome CRGh38 in this case. This tool consists 
of three algorithms: BWA-SW, BWA-backtrack 
and BWA-MEM. To align the FASTQs, BWA-
MEM algorithm is selected because for high-
quality queries it is the fastest and more accurate 
one. 

For the process of sorting the alignments and 
subsequent steps, we indexed the files so that the 
BWA-MEM algorithm can access all the aligned 
reads more efficiently. As standard protocol, 
sorting, indexing and duplicate removal are 
done using Samtools. This software is a set of 
utilities which allow us to operate with 
alignments, although in this work, we ran it 
mostly on binary alignment map (BAM) format 
files. BAM files make up for a compressed file 
format, which is advantageous in terms of 
memory saving space, key point for the file 
storage system of this pipeline. 

BaseRecalibrator and ApplyBQSR, both from 
the GATK framework [25], are used. The first one 
performs a recalibration table based on various 
covariates, and then the second one uses it to 
recalibrate the base qualities of the input reads.  

After that, the next step in the pipeline is to 
call somatic mutations by comparing the normal 
versus the tumoural alignments using Mutect2 
[26]. This tool is a combination of MuTect, 
HaplotypeCaller and part of the GATK 
framework. Mutect2 calls somatic single 
nucleotide variants (SNVs), insertion and 
deletion (indels) alterations along local assembly 
of haplotypes. It uses a Bayesian somatic 
genotyping model. 

3.3.3 HLA Typing 
Neoantigens could be presented by the major 

histocompatibility complex MHC on the cell 

surface, also known as Human Leukocyte 
Antigen (HLA) which is a highly polymorphic 
locus in human’s genome composed of several 
genes involved in immune regulation [16,27,28]. 
HLA typing is the characterisation of these genes 
and it is useful to target recurrent mutations and 
hotspot sites implicated in cancer pathogenesis. 
NGS is used to perform HLA typing as it offers 
better precision at a lower proportional cost than 
other traditional techniques such as polymerase 
chain reaction (PCR) [29]. 

From FASTQs cleaned by fastp, we can also 
run HLA-typing. OptiType is a software that 
performs HLA genotyping in silico from NGS 
data, as short-read DNA or RNA sequencing 
data. Its algorithm, based on integer linear 
programming, is capable of producing accurate 
4-digit HLA genotyping predictions by selecting 
all major and minor HLA Class I alleles 
simultaneously [30] and it has been shown to be 
one of the most accurate tools for doing this [31]. 
HLA class I type will be determined using the 
WES data from the normal sample as input. 

3.3.4 Copy number alterations 
Sequenza [32] is the next tool that is used for 

computing the copy number estimation from 
Tumour Genome Sequencing Data. This tool 
uses paired-normal tumour reads to estimate 
tumour cellularity and ploidy, analyse mutation 
profiles and calculate copy number (allele-
specific copy number) profiles including 
quantification and visualisation. 

3.3.5 Clonality 
PyClone-VI [33] is used to study tumour 

heterogeneity inferring clonal population 
structure. It estimates which mutations are 
clonal or subclonal depending on its estimation 
of appearance. It outputs a file with six columns, 
indicating the mutation identifier, sample 
identifier, the most probable cluster or clone the 
mutation was assigned to, the cellular 
prevalence meaning the proportion of malignant 
cells with the mutation in the sample, the 
standard error of cellular prevalence and, finally, 
the posterior probability the mutation is 
assigned to the cluster (used as a confidence 
score to remove mutations with low probability 
of belonging to a cluster). 

3.3 RNA-seq data processing 
In parallel, to align RNA sequences from 

RNAseq FASTQ files to hg38 human reference, 
we apply STAR [34]. This software uses suffix 
arrays, seed clustering and then ends with a 
stitching procedure that ends up connecting the 
splitted reads, allowing the mapping to the most 
appropriate regions of the genome. It can be 
useful for mapping full-length RNA sequences, 
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but also for detecting non-canonical splice sites 
or chimeric sequences. 

Using the aligned RNA BAM files as input 
for quanTIseq [35], a computational pipeline for 
the quantification of the Tumour Immune 
contexture from human RNA-seq data, we 
obtained the gene expression in transcripts per 
million (TPM) for each tumour sample. 

3.4 Predict tumour-specific neoantigens in 
tumour 
After identifying the mutations by NGS 

(WES mutation calling), determining RNA-seq 
gene expression and HLA-typing (OptiType), we 
will predict tumour-specific peptides and filter 
them down to a selection of significant 
immunogenic final neoantigens. With the files 
generated with Sequenza we will provide allele-
specific copy number variations as well as 
tumour purity, integrating all this data we will 
be able to infer the tumour clonal structure of 
cancer through PyClone-VI [33], an extremely 
efficient computationally Bayesian statistical 
method.  

Then, to process neoantigens predicted from 
single- or multi-region vcf files, we used 
Neoantigen Prediction Pipeline (NeoPredPipe) 
[36]. This tool combines several algorithms such 
as ANNOVAR [37] to assess the novelty of the 
proteins and avoiding random self recognition 
by the immune system, the binding HLA-CTL 
prediction comes from NetMHCpan [38] which 
predicts putuative neoantigens and their 
corresponding recognition potentials for tumour 
samples. It provides information on predicted 
neoantigen burdens, as well as providing high-
level insights into tumour heterogeneity given 
by somatic mutation calls all this based on the 
patient HLA haplotypes.  

LearnReadOrientationModel from GATK 
framework is used to filter the candidates 
neoantigens, and FilterMutectCalls, to estimate 
the maximum likelihood needed to filter the 
mutations, this second tool is also from GATK. 
Additionally, we create a contamination table 
using CalculateContamination and provide it to 
FilterMutectCalls to filter also on contamination 
fractions. At the end, Funcotator (Functional 
Annotator) GATK tool is used to add annotations 
to the already called variants based, in this case, 
using reference GRCh38 for annotating,  
comparing how the protein is translated versus 
the wild type, adding HUGO Gene 
Nomenclature Committee symbols [39], it also 
uses the  Catalogue Of Somatic Mutations In 
Cancer (COSMIC) [39,40] database, which 
contain all the somatic mutations found and it is 
useful to see if the mutations found in the study 
are associated to other diseases. 

 

The final list of neoantigens will be 
completed after filtering by gene expression, 
using a cut off based on 5 TPM obtained from the 
RNAseq data, quantified by the quanTIseq 
algorithm [35]. 

3.5 Code availability 
As part of the expected results, all compiled 

standalone software and code including a 
readme file will be provided through an open 
source repository for public access. We provide 
the installation guide with the information on 
the operating system, programming language, 
software dependencies and non-standard 
hardware or resources to run the program. 

The scripts are available at the following 
Github: 
https://github.com/lauraserrar/NeoantigenPr
ediction_Pipeline 

3.6 Implementation 
The current pipeline is written using BASH 

scripts that concatenate the outputs and inputs 
of the different steps. In addition to this, most of 
the tools are run using Python3 or R and some 
other programs run in JAVA.  

As every pipeline, its implementation is a 
key element that influences the range of 
applicability that it can have. The first principle 
would be simplicity, as its final users will not be 
computational biologists but cancer physicians. 
It should require as few instructions as possible. 
This is not a major issue as the only data required 
is the directory that contains all the FASTQ files 
of the patients’ samples, as well as the name of 
those samples and its files. Simplicity usually 
implies sacrificing versatility among other 
attributes, but in this case, as the required output 
is clear, we only need to make sure that a list of 
the most probable neoantigens is generated. 

The other goal in terms of implementation 
was to make it as efficient as possible in time, but 
also in memory usage. There were several 
workarounds to achieve this goal. For instance, 
we make sure that all the files that are generated 
throughout the process are removed after they 
have been used for the downstream programs 
that require them as input; and we also use a 
computational pipeline manager, such as 
Nextflow [41] that helps in organizing how the 
different programs are run in the cluster and 
which ones can run in parallel, and how the 
whole process can be optimised. 
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Figure 3: Pipeline workflow of neoantigen prediction. WES and RNA-seq data are processed by fastp. WES fastqs 
are used for Optitype, HLA genotyping prediction MHC class 1 and Burrow’s Wheeler Aligner which aligns the reads. 
Samtools index, sort and remove duplicates for running Sequenza and GATK. Sequenza estimates the copy number 
alterations used then in PyClone-VI. GATK tools used in this pipeline are BaseRecalibrator, ApplyBQSR, Mutect2, 
LearnReadOrientationModel, FilterMutectCalls and Functotator. Then, VEP tools are used for HUGP symbols and Bedtools 
to calculate the coverage. PyClone-VI uses the final list from Funcotator and segments.txt file from Sequenza to run. 
Neopredpipe produces a list of candidate neoantigens. The final list of neoantigens is achieved after filtrating candidate 
neoantigens using cell_fractions.txt and sample_gene_tmp.txt from RNA quanTIseq. 
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4 RESULTS 
In this section, we will be focusing on the 

individual outputs that were obtained from each 
step of the pipeline, each of them has been 
properly curated in order to ensure their 
correctness. 

4.1 FASTQs curation, alignment and mutation 
calling 
By running fastp on the raw sequencing data 

that is given as input to our pipeline, we can 
preprocess the reads to ensure that the 
experimental data was obtained properly and 
there are no biases. This program provides a 
report in the form of an html file (see link to 
repository html 
http://opengene.org/fastp/fastp.html) 
summarising different features of each group of 
paired-end reads before and after the filtering 
process. Among these features there are the 
number of adapter sequences, the insert size, 
sequence composition and quality per position. 
With a quick look at all these plots you can make 
sure that the data has enough quality to be used 
for the following steps. 

For the steps that deal with sorting, and 
curating the alignment files there are no plots to 
generate, the only element that should be looked 
at is the number of aligned reads after having 
removed duplicates. This will guarantee that 
there are enough reads to follow with the 
downstream analysis. In fact, the following step 
is to call mutations, which again has no specific 
figure to observe the results, but the output and 
error files should be checked to ensure that 
everything went well. 

4.2 HLA Typing 
Here we used Optitype to define the HLA 

type of the individuals’ samples. The FASTQ 
files obtained as output from running fastp, apart 
from being used for the aligning and mutation 
calling processes are also the input of this step. 
Here, after running Optitype, we obtain a TSV file 
with the predicted optimal HLA genotypes. 

HLA allele definition consists of the gene 
name indicating the locus (A, B or C), and it is 
followed by two digits specifying the allele 
groups of that patient by its serological activity, 
and finally there are two more digits indicating 
the protein sequence [42]. 

 

 
 

Each line of the output file contains one 
solution with the predicted HLA alleles of that 
sample in a 4-digit nomenclature, the number of 
reads that are covered by this solution and the 
objective function value [Table 2].  Patient 323 
contain 3,089 reads and shows HLA-A*26:01 to 
HLA-A*02:01, HLA-B*15:01 to HLA-B*35:02 and 
HLA-C*04:01 which are the same for both alleles 
(that is, homozygous). Patient 288 contain 3596 
reads and shows HLA-A*02:01 for both alleles, 
HLA-B*35:0 to HLA-B*44:02 and HLA-C*05:0 to 
C*04:01. (Table 1) 
  

Patient A1 A2 B1 B2 C1 C2 Reads Objective 

323 A*26:01 A*02:01 B*15:01 B*35:02 C*04:01 C*04:01 3089.0 2949.994999999987 

288 A*02:01 A*02:01 B*35:06 B*44:02 C*05:09 C*04:01 3596.0 3531.261999999992 

Table 1. Predicted HLA alleles for Patient 323 and 288.  

Figure 4: HLA coverage plots. Left plot represents the HLA coverage from patient 323 whereas right plot represents 
the HLA coverage from patient 288. Shows the coverage per allele. Colour denotes if reads are paired or unpaired, if 
they contain mismatches and if these matches are unique or ambiguous. If the allele is homozygous, in this case C, 
the coverage is plotted once. 
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To make a good inference about the HLA of a 
given patient, the main first requirement is to 
have a good sequencing coverage of the whole 
region. Optitype provides coverage plots that 
allow us to check whether this is the case, or 
deeper sequencing was required. In figure 4, we 
can see an example of the output of this step for 
patient 323. For this patient we can see that most 
of the sequence is covered by a considerable read 
depth of around 10 reads, and the proportion of 
unpaired or mismatched reads is minimal. In 
patient 288 we also observe that the most of the 
sequence is covered by a read depth of around 10 
reads. 

4.3 Copy Number alterations 
Sequenza was used to estimate the copy 

number. This tool outputs various files in pdf or 
in text. For running our pipeline, we just need 
Test_segments.txt output file which contains a 
table listing the detected segments with 
estimated copy number state at each segment. 

The allele specific copy number plot is the 
most relevant plot generated by Sequenza (Supp. 
Fig. 1) for our pipeline. Most of the cases in 
diploid species possess two alleles. However, 
sometimes, there are more than one copy of a 
particular segment in a genome with copy 
number alterations. 

4.4 Predict tumour-specific neoantigens 
For each non-synonymous coding mutation 

from a tumour, we predicted its impact on the 
patient’s HLA class I binding using NeoPredPipe. 
This tool provides two tables of significant 
neoantigens and their predicted binding 
affinities, one for single nucleotides and one for 
indel variants. We merged both tables and 
filtered the genes that have silent mutations. We 
also used a list of known mutations to remove 
those neoantigen candidates from the list, as we 
are only interested in novel mutations. The 
number of candidate neoantigens remaining 
after the pre-filtering process for each sample of 
patient 288, can be found in Table 2. 
 

Sample Number of candidate neoantigens 

288-005 379 

288-006 390 

288-008 259 

288-016 385 
 
Table 2: Total number of candidate neoantigens per 
sample after the pre-filtering process. 

4.5 RNA-seq data processing 
QuanTIseq quantifies tumour immune 

contexture using RNA data. This tool generates 
three files but just two of them are needed to 
filter the list of candidates neoantigens from 
NeoPredPipe tool. The files used were the Cell 
fractions estimation file, which contains the 
estimated amount of each type of cell, and the 
gene expression in TPM which indicates the 
amount of expression per gene. 

With this data, we applied more filters to 
reduce the list of neoantigens. We did it for each 
sample of the patient 288. For gene expression in 
TPM we used a threshold of 5. When applying 
this first filter, there are: 348 possible neoantigens 
for sample 005, 354 for sample 006, 164 for 
sample 008 and 354 for sample of 016. In these 
lists of neoantigens, there can be more than one 
mutation per gene that appears as a neoantigen 
candidate, so when we filter by gene name, 
joining all the mutations that fall in the same 
gene, these big number of genes, gets reduced to 
a smaller sets as it can be seen in table 3. The final 
lists with the gene names for each sample can be 
found in the supplementary material (Sup. table 
2). The final list of neoantigens for patient 288 
has 107 candidates (Supp. Table 3). 
 

Sample TPM_Filtrated Genes with neoantigens 
generating variants 

288-005 348 24 

288-006 354 29 

288-008 164 40 

288-016 354 33 
 
Table 3: Number of neoantigens predicted in each sample 
of patient 288. Second column indicates the total number of 
neoantigens after filtering by TPM > 5 and the third column 
indicates the final number of genes that have generated at 
least one neoantigen candidate. 
 
The complete final neoantigens lists can be 
found at the Supplementary Material as 
Additional Supplementary Tables. 

5 DISCUSSION 
We built a pipeline for discovery of 

neoantigens from WES and RNA data from 
cancer samples. Currently there are several high-
quality tools available to identify somatic 
mutations [43] and some tools for neoantigen 
prediction, but to our knowledge, there is none 
combining both essential tasks to predict 
neoantigens in one go, and thereby aid in the 
development of personalised neoantigen-based 
vaccines. As the main goal of our work was to 
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produce a useful pipeline for the community and 
thus, we offer a novel computational approach in 
which the users could input their data, without 
any preprocessing, and receive their final 
neoantigen list  as a result once all the programs 
have been run. 

The multiple programs and tools that are 
combined here, require a significant amount of 
memory that is not available in an average 
personal computer or laptop, therefore, we 
highly recommend this pipeline to be run on a 
cluster. In addition to these memory 
requirements, a cluster is much more stable and 
efficient, allowing the parallelisation and 
combination of multiple processes at the same 
time. For a friendly and more structured usage of 
this computational pipeline, one can use it as an 
open-source workflow framework such as 
NextFlow [41] that enables scalable and 
reproducible scientific workflows using software 
containers, or other workflow pipeline 
managers. 

The pipeline could be modular in the sense 
that if the input is not the FASTQ files of the 
patient but the aligned reads in BAM files or 
other information from more advanced steps, the 
pipeline should be able to adapt to it and still 
provide the correct output. To perform this, we 
could again use pipeline managers and define 
several entry points to the pipeline, each with its 
corresponding requirements specified. This 
could be very useful in those cases where the 
genome sequencing data was obtained following 
procedures established some years ago, where 
the reads are already mapped into the genome, 
avoiding a remarkable amount of time. 

In addition, and for the purpose of making 
the process more user-friendly, the pipeline 
should be able to provide an estimate of the 
running time once the initial input files have 
been defined. In this way, researchers could 
organise the workload of the scripts that need to 
be run by the pipeline and decide when and how 
it is best to run them. And another point is that 
clinicians interested in using this pipeline would 
be able to receive the results of their patients 
neoantigen profile and program more efficiently 
the line of treatment that they might see fit for 
their patients to undergo. 

A limitation of our study is that we run all the 
samples for all patients, as our pipeline connects 
different tools and the execution time is quite 
high. Depending on the study, if the patient 
cohort is much larger, it would be more 
worthwhile to run each patient individually in 
order to obtain faster results. 

Ideally, to calculate the effectiveness of our 
tool, we should have benchmarked final results 
and runtime using available pipelines such as 
pVAC-seq [18], MuPeXI [21] or OpenVax [19]. 

However, due to the lack of computational 
resources and time we could not test it. 

Most of these available computational 
pipelines ended up providing lists of 
neoantigens, but not all these neoantigens can be 
used in the vaccine. The information provided 
by the computational and experimental 
validation methods, as well as the expertise of 
the clinicians are key for manually reviewing the 
candidates and designing a therapeutic vaccine. 
Up to now, there is no consensus on the features 
to define a neoantigen as immunogenic; 
therefore, this is the reason why all these 
curating steps are required. Researchers are 
obtaining new and more accurate information 
about neoantigens coming from experimental 
and computational sources. All this data will 
contribute to the process of defining which is the 
best procedure to analyse and find the best 
neoantigens as targets for therapeutic cancer 
vaccines. 

6 CONCLUSION 
In this study, we developed an integrative 

computational pipeline to predict immunogenic 
neoantigens for potentially using them in cancer 
immunotherapies. We integrated mutation 
calling, gene expression, HLA typing and 
neoantigen prediction. Our pipeline transits 
from the experimental data to neoantigen 
candidates making the process faster and 
accessible to scientific and clinical communities. 
Notably, it may contribute to the efficient 
development of cancer immunotherapies using 
neoantigen as targets for therapeutic cancer 
vaccines. Personalised immunotherapies have 
the possibility to improve patients' lives while 
guiding the immune system directly against the 
tumour while reducing the toxicity of classical 
treatments. 
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