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Abstract

Mouse tumour models are extensively used as a pre-clinical research tool in the field of oncology, playing an important role
in anticancer drugs discovery. Accordingly, in cancer genomics research, the demand for next-generation sequencing (NGS)
is increasing, and consequently, the need for data analysis pipelines is likewise growing. Most NGS data analysis solutions
to date do not support mouse data or require highly specific configuration for their use. Here, we present a genome analysis
pipeline for mouse tumour NGS data including the whole-genome sequence (WGS) data analysis flow for somatic variant
discovery, and the RNA-seq data flow for differential expression, functional analysis and neoantigen prediction. The pipe-
line is based on standards and best practices and integrates mouse genome references and annotations. In a recent study, the
pipeline was applied to demonstrate the efficacy of low dose 6-thioguanine (6TG) treatment on low-mutation melanoma in
a pre-clinical mouse model. Here, we further this study and describe in detail the pipeline and the results obtained in terms
of tumour mutational burden (TMB) and number of predicted neoantigens, and correlate these with 6TG effects on tumour
volume. Our pipeline was expanded to include a neoantigen analysis, resulting in neopeptide prediction and MHC class I
antigen presentation evaluation. We observed that the number of predicted neoepitopes were more accurate indicators of
tumour immune control than TMB. In conclusion, this study demonstrates the usability of the proposed pipeline, and sug-
gests it could be an essential robust genome analysis platform for future mouse genomic analysis.

Keywords Mouse genome analysis pipeline - Mouse tumour models - 6-Thioguanine (6TG) treatment - Immune-checkpoint
inhibitors (ICI) - Neoantigen analysis - Tumour mutational burden

Introduction

The use of mouse tumour models constitutes the most
widely used pre-clinical research tool in oncology [1], hav-
ing an important role in the discovery and development of
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anticancer drugs [2]. A critical novel approach from cancer
treatment is immunotherapy, where the host immune sys-
tem is boost to destroy cancer cells. Understanding how the
immune system interacts with tumours is therefore crucial
for developing personalised immunotherapies and cancer
treatments. Cancer genomics research has been revolution-
ised by the advances in next-generation sequencing (NGS).
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With costs constantly dropping, the demand for sequencing
of mouse cancers is increasing, as well as the need for robust
analysis pipelines [3]. The development of most analytical
tools and bioinformatics pipelines to analyse sequencing
data, to date, have focussed on humans and hence do not
account for species-specific differences in genome structures
and experimental setups; and have so far not been systemati-
cally validated in the mouse context [3]. The genome analy-
sis toolkit (GATK) is the gold standard in germline variant
discovery. It was originally developed for human genetics,
and only recently its scope has been expanding to include
other organisms and somatic variant calling [4]. The GATK
team is actively working on expanding access to other spe-
cies, but the development and validation of new, robust, and
reliable tools is not an easy process. The functional annotator
tool in GATK, Funcotator, for instance, does not currently
support non-human genomes. Although GATK was origi-
nally designed for human genome research, its best practices
can be adapted to the analysis of non-human organisms. A
critical challenge in developing a robust tumour genome
analysis pipeline is to choose the appropriate analysis meth-
ods for somatic variant discovery and biomarker identifica-
tion, but also the correct file formats, genome references and
annotations. In this study, we propose a genome analysis
pipeline designed specifically for mouse tumours. The pipe-
line encompasses three main components: a data analysis
workflow for somatic variant discovery using whole-genome
sequencing (WGS) data, a workflow for differential expres-
sion analysis using RNA-sequencing (RNA-seq) data, and
a workflow for neoepitope prediction through neoantigen
analysis. Neoepitopes are the MHC (major histocompatibil-
ity complex) presented targets for immune responses against
cancer. The pipeline is based on standards and best practices,
and is configured to integrate mouse references and annota-
tions. All the file formats and genome references used, and
all tools, methods, algorithms and packages included in our
pipeline are current standards on NGS data analysis, and
were quantitatively evaluated in regard to accuracy, preci-
sion, and reliability [5-8].

The thiopurine drugs are purine antimetabolites widely
used in the treatment of haematological cancers, autoim-
mune disorders, and organ transplant recipients. The thio-
purine thioguanine, also known as 6-thioguanine (6TG), is
used to treat acute myeloid leukaemia, acute lymphocytic
leukaemia, and chronic myeloid leukaemia [9]. Thiopurines
are converted into thioguanine nucleotides that are incorpo-
rated into DNA in competition with normal guanine induc-
ing mutations through single nucleotide mismatching [10].
We recently applied the pipeline to show that the treatment
with low dosage of 6TG of low-mutation melanoma in a
pre-clinical mouse model is highly effective in reactivating
T cells to attack cancer and mildly increases the tumour
mutational burden (TMB) [11]. Moreover, the combination
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of 6TG with the immune-checkpoint inhibitors (ICI), which
block the interaction between the inhibitory receptors on T
cells and their ligands, enhances the response to ICI therapy
[11]. Here, we describe the pipeline applied in the study and
further the results by analysing the potential for MHC class
I antigen presentation of the identified tumour mutational
space, and investigate of how this space correlates to tumour
control.

Materials and methods

All laboratory in vitro and in vivo experiments and assays
performed in the context of this project are described in
Nazerai et al. [11]. The materials and methods described
include mice, mice monitoring-endpoints, cell preparation
and proliferation, DNA content analysis, DNA-TG levels’
mass spectrometry, syngeneic melanoma model, histologi-
cal analysis, in vivo T cell depletion, flow cytometry, and
antibodies among other techniques. The following sections
describe materials and methods for tumour sequencing and
genome analysis and interpretation.

All pipelines were implemented on Computerome, the
Danish National Computer for Life Sciences (https:/www.
computerome.dk/). This supercomputer has a High-Perfor-
mance Computing (HPC) solution that provides a secure
and powerful computer cluster where data can be analysed
and stored.

DNA extraction, whole-genome sequencing and
RNA-sequencing

Tumour fractions were preserved in RNAlater Stabiliza-
tion Solution (Thermo Fisher Scientific), according to
the instructions. DNA extracted from Control-Yumm and
6TG-Yumm tumours as well as control YUMM cell lines
using Qiagen’s DNeasy Blood and Tissue Kit were used for
Whole-Genome Sequencing. After sample quality control
and library preparation, sequencing was performed using the
[lumina Novaseq 6000 platform.

Genome analysis pipeline—WGS data flow

FastQC v0.11.9 was used to perform quality control checks
on fastq files containing raw sequence data from tumour
samples. The fastq files were aligned to the C57BL/6 J
GRCm38 (mm10) mouse reference genome using the BWA-
MEM algorithm from the Burrows—Wheeler Aligner tool
v.0.7.17 [12]. Picard-tools v.2.26.106 and GATK v.4.2.5.0
[13] were used for BAM pre-processing. Somatic single
nucleotide variants and indels were identified using the
GATK’s Mutect2 [14] configured to run in somatic (tumour
control) mode. The BAM file obtained from the alignment of
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non-treated Yumm cells WGS data was used as control. The
identified somatic variants were annotated with ANNOVAR
v.20190ct24 [15], using the mouse mm10 reference genes
from UCSC as reference. Finally, the R package Maftools
v.2.8.05 [16] was used to create a Mutation Annotation For-
mat (MAF) file per sample and calculate the TMB, along
with other statistics and graph plotting. The association
between TMB and tumour volume was calculated by using
the Pearson correlation coefficient, and p value obtained
using exact permutation testing.

Genome analysis pipeline—RNA-seq data flow

The RNA-seq fastq files were mapped using the STAR
aligner v2.7.9a. [17]. The mouse genome build GRCm38.68
and the UCSC mm10 RefGene annotations were used as
references. Samtools v1.14 [18] was used to index BAM
files. Reads per gene were quantified using the STAR
quantMode. Further filtering, normalisation and identifica-
tion of differentially expressed genes were done with the
R package DESeq?2 v.1.32.0 [19]. Functional analysis was
performed with GSEA v4.2.3 [20] and the gene set collec-
tions in the mouse Molecular Signature database (MSigDB)
v2022.1.Mm, which includes 15,918 gene sets divided into
6 major collections, and several sub-collections. Gene set
enrichments were tested running GSEA configured with dif-
ferent permutation type parameters (phenotypes and gene
sets). Older gene sets from the database for pathway analysis
in mouse Gene Set Knowledgebase (GSKB) from July 2013
(http://ge-lab.org/#/data) were also tested.

Genome analysis pipeline—Neoantigen analysis
flow

Tumour somatic mutation profiles (VCF file) and tumour
gene expression data from every tumour sample were

Yumm1.1 cells
Braf V600t/+ pten /- Cdkn2a 7

Syngeneic Melanoma Model
C57BL/6 mice

0.01 ug/ml 6TG

processed with MuPeXI v1.1.3 [21, 22] to obtain all unique
mutated peptides (neopeptides) and, by calling NetMH-
Cpan v4.0 [23], identify which are the neopeptides most
likely to serve as neoepitopes. MuPeXI was configured with
GRCm38 (mm10) mouse reference genome, and NetMHC-
pan MHC mouse alleles were configured with H-2-Kb and
H-2-Db. The list of predicted neoepitopes was obtained by
filtering the potential neopeptides with best binding affinity
score (MHCrank < 5) and existing gene expression (expres-
sion level > 0). The association between the number of
predicted neoepitopes and tumour volume was calculated
by using the Pearson correlation coefficient, and p value
obtained using exact permutation testing.

Results

Design and development of the genome analysis
pipeline

In our previous study, 6TG was used to induce ran-
dom mutations with the aim of increasing the number
of neoantigens presented by tumour cells and improv-
ing the activation of the adaptive immune system [11].
Here, Yumm cells [24] were cultured in the presence or
not of 6TG for a week. Hereafter, the pre-treated Yumm
cells were injected subcutaneously into the right flank
of immunocompetent C57BL/6N mice. We set out dif-
ferent in vivo experiments to monitor the progression
of tumours [11]. To evaluate the mutational load in the
murine tumours upon 6TG treatment, we performed WGS
and RNA-seq of Control-Yumm derived tumours (control)
and 6TG-Yumm derived tumours (6TG treated) bearing
mice (Fig. 1). We used the GRCm38/mm10 mouse refer-
ence genome as C57BL/6 was the strain used to generate
the mouse tumour model [11]. To compare and analyse
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Fig. 1 Schematic representation of the experimental design. Syngeneic melanoma tumours from control and treated samples were sequenced to
study the 6TG effects by means of the mouse tumour genome analysis pipeline
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the genetic profile and TMB of both groups, we devel-
oped the presented pipeline, and set out to monitor the
in vivo progression of both groups of tumours.

Our pipeline was implemented on Computerome
(https://www.computerome.dk/), the Danish National
Computer for Life Science, and can be easily re-imple-
mented on any Linux workstation. The pipeline includes
i) WGS data analysis flow for mouse tumour somatic vari-
ant discovery (Fig. 2), ii) RNA-seq data analysis flow for
gene expression analysis, and iii) neoantigen analysis
flow for neopeptide prediction and MHC antigen presen-
tation evaluation (Fig. 3). Although most of the methods
included in our pipeline do not allow for parallel execu-
tion, the high-performance computing capabilities of
Computerome let us run multiple workflows in parallel;
hence making the analysis of multiple samples far more
time efficient.

Tumour WGS
* fastq

WGS data analysis in 6TG-treated Yumm melanoma
model

To study the TMB, which is defined as the number of
somatic non-synonymous mutations per megabase (mut/Mb)
of coding regions of a tumour genome, in the mouse tumours
upon 6TG treatment, we extracted DNA from tumours at the
endpoint time and performed WGS. We applied the mouse
tumour WGS somatic variant discovery workflow to analyse
raw fastq data files from 6TG-Yumm and Control-Yumm
tumours samples. The WGS workflow takes ~7 days to con-
clude, being the alignment and the variant calling the more
time-consuming tasks. After pre-processing the sample fastq
files, somatic variants were identified with GATK Mutect2
set to tumour-normal mode using the non-treated control
Yumm cells as normal. Then, we used the maftools R pack-
age to obtain statistics on variants and TMB. The resulting
information is shown in Table 1.
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Fig.2 Mouse tumour WGS somatic variant discovery pipeline. Data
pre-processing involves DNA reads alignment to reference (BWA),
duplicates removal (Picard) and recalibration to know polymorphic
sites (GATK). Somatic variant discovery involves somatic variant
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identification (GATK), filtering (GATK) and annotation (ANNO-
VAR). Final statistics and visualisation are performed with Maftools,
visual inspection of findings is performed with IGV
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Fig.3 Mouse tumour RNA-seq data analysis and neoantigen predic-
tion pipeline. RNA-seq data processing involves RNA reads align-
ment to reference and quantification (STAR). Differentially expressed

The WGS sequencing data analysis statistics revealed
that the somatic variants median in Control-Yumm tumours
was 14,049 compared to a median value of 19,926 found in
6TG-Yumm tumours, representing an increase of 41% in the
number of variants. Although the number of variants was
higher in 6TG-Yumm tumours, other statistics on mutation
types and mutation allele frequencies showed no significant
changes (data not shown). Accordingly, the median number
of affected genes was increased by 25% in the 6TG-Yumm
tumours. The monitoring of the in vivo progression of
tumours and the TMB obtained showed that tumours with
higher TMB had improved tumour control evaluated by the
tumour volumes [11]. Investigating the relation between

genes were identified with DESeq2, and gene sets functional analysis
were performed with GSEA. Finally, the neoantigen analysis includes
neopeptide prediction and MHC binding analysis (MuPeXI)

TMB and tumour volume, an overall negative correlation
was apparent (Fig. 4). However, a clear outlier sample was
identified (Control-Yumm 6) with highly abnormal tumour
volume. Investigating the raw data for this sample revealed
that this tumour volume resulted from the measurement of
two tumours that developed adjacent to each other, thus
suggesting that the volume was overestimated. Excluding
this sample from the analysis, the correlation between TMB
and the tumour volume was increased from —0.30 to —0.62
(p value <0.005). The median TMB of Control-Yumm
tumours was 3.34 mut/Mb; whereas, the median TMB of
6TG-Yumm tumours was 4.21 mut/Mb, representing a 26%
increase. These results are consistent with earlier clinical
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research linking increased TMB to higher neoantigen levels
and improved tumour control [25].

RNA-seq data analysis in 6TG-treated Yumm
melanoma model

We processed Control-Yumm and 6TG-Yumm tumours
RNA-seq data with the STAR aligner and then used the
DESeq2 R package for gene expression analysis. Genes
with no or very little expression (total read counts < 50)
were filtered out, and read counts were normalised. The
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Fig.5 DESeq2 sample distance heatmap and PCA plot. On the left,
the distance matrix and the automatic clustering results show gene
expression profiles from different groups (Control and 6TG) are not

4 6 8
TMB (mut/Mb)

10

DESeq? fitted statistical model found no genes differen-
tially expressed (adjusted p value <0.05) for 6TG-Yumm
vs Control-Yumm condition. To further acknowledge the
changes in gene expression, we calculated the sample
distance matrix and PCA plots of all samples (Fig. 5).
The clustering and the PCA plot showed similar results
with Control-Yumm and 6TG-Yumm samples intermixed,
as samples of different phenotypes display very similar
expression profiles. These results suggest that the 6TG
effect may cause no significant changes in gene expression
of treated samples.

®  group
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° ® 6TG

-20 -0 0 10 20 30

PC1: 58% variance

clustered. On the right, the PCA plot show group gene expression
profiles are not clustered
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After processing all samples, we generated a gene expres-
sion matrix to perform functional analysis. Genes with low-
counts were filtered prior to performing the gene set enrich-
ment analysis (GSEA). The final expression dataset includes
15,998 genes. Enrichment analysis was performed on the
mouse gene set collections from the Molecular Signatures
Database (MSigDB v2022.1.Mm), and gene set database for
pathway analysis in mouse from the Gene Set Knowledge-
base (GSKB). These curated collections include positional,
ontology, regulatory target genes, pathways and other gene
sets. The GSEA analysis with permutation type parameter
set on phenotype showed no statistically enriched gene sets
(FDR < 25%) when comparing 6TG-Yumm expression to
Control-Yumm expression, though a small number of gene
sets were significantly enriched at nominal p value < 1%
(data not shown). Although no statistically significant gene
sets were found between the two phenotypes, as expected
from the DESeq?2 results, we ran a different second GSEA
analysis with the parameter permutation type set to gene set,
and not to phenotypes. In this way, by comparing among
gene sets and not phenotypes, we were able to identify sev-
eral important modulated pathways in 6TG-Yumm samples
with FDR <25% and nominal p value < 1%. The inflamma-
tory response, immune receptor activity, myeloid leukocyte
activation, cytokine activity and chemokine activity gene
sets were among the most differentiated [11]. Cytokines and
chemokines play critical roles in modulating the recruitment
of T cells and the overall cellular composition of the tumour
microenvironment [26].

Fig.6 Tumour volume as a 1000
function of the number of
predicted neoepitopes in each
sample. Tumour volumes were
collected at day 28 post injec-
tion. The identified outlier is

highlighted in red
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Neoantigens analysis in 6TG-treated Yumm
melanoma model

The neoantigen analysis flow includes neopeptide discov-
ery and MHC antigen presentation evaluation, which are
important components in most vaccine and cancer research
pipelines. The tumour neopeptide discovery and posterior
neoepitope filtering were performed with MuPeXI. The
number of tumour potential neopeptides and predicted
neoepitopes are shown in Table 1 along with the tumour
volumes collected at day 28 post injection.

3.4. The in vivo experiments presented in Nazerai et al.
showed an enhanced immune response as well as a lower
volume of the 6TG treated tumours [11]. Excluding the
outlier sample Control-Yumm 6, the median volume of the
Control-Yumm tumours is 535 mm? while the median vol-
ume of the 6TG-Yumm tumours is 264 mm?, representing
a decrease in size of 51% (Table 1). The Control-Yumm
tumours median of neoepitopes was predicted in 439 pep-
tides while the median of 6TG-Yumm tumours was pre-
dicted in 624 peptides, representing an increase of 42% in
the total number of predicted neoepitopes (Table 1). Fur-
ther, the overall correlation between the tumour volume and
number of predicted neoepitopes was found to be —0.65 (p
value < 0.005) (Fig. 6), a slight increase compared to the cor-
relation found using the TMB. Considering this and that the
median TMB of Control-Yumm tumours was 3.34 and the
median TMB of 6TG-Yumm tumours was 4.21, which repre-
sent an increase of 26%, we can postulate that the amount of
predicted neoepitopes is a more accurate estimator of tumour
immune control compared to TMB.

All together our results indicate that 6TG indirectly
increases the levels of neoantigens presented by tumour
cells which results in an improved tumour control. Our

600 800 1000 1200 1400 1600

Predicted neoepitopes (MHCrank < 5 and expression > 0)
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strategy of performing in vitro and in vivo experiments
combined with the development of a genome analysis
pipeline for mouse tumours allowed for carrying out a
detailed characterisation of the 6TG effects on tumour
cells, and let us implement a robust genome analysis plat-
form for future mouse genomic analysis.

Discussion

In this study, we present a genome analysis pipeline for
mouse tumours developed following the best practices. The
WGS data analysis flow for somatic variant discovery, the
RNA-seq data flow for differential expression analysis, and
the neoantigen analysis are all based on standards, and can
be easily replicated in other Linux workstations. The turna-
round times of WGS data analysis pipelines are usually long
and runtimes are measured in days of processing. This is due
to the massive amounts of data that needs to be processed
added to the fact that most analysis algorithms cannot be
used in parallel or with distributed computing yet.

With the use of the presented state-of-the-art mouse
genome analysis pipeline and the in vitro and in vivo
experiments we were able to demonstrate that treatment of
Yumm cells with 6TG can markedly enhance the immune
response in our pre-clinical melanoma model and promote
the efficacy of ICI therapy [11]. The WGS/RNA-seq data
analysis and in vivo experimental results showed that the
applied dose the 6TG is sufficient to increase the TMB, the
levels of neoepitopes, and improve the immune response.
The RNA-seq data analysis found no statistically signifi-
cant differentially expressed genes between 6TG treated and
control phenotypes, but the functional analysis comparing
the different gene sets identified some important immuno-
genic pathways modulated by 6TG treatment. Our findings
are promising and provide proof of concept for the clinical
use of low doses of 6TG in addition to the use of mercap-
topurine and ICI therapies for malignancies with low TMB
that are unresponsive to conventional therapies. In light of
our results, we are currently conducting a phase I/II clinical
research to investigate the potential of thiopurine treatment
in increasing the proportion of otherwise treatment-resistant
cancer patients who may derive therapeutic benefits from
ICI therapy (clinicaltrials.gov: NCT05276284).

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00262-023-03610-4.

Acknowledgements The authors acknowledge the staff of the Animal
Facility at the Danish Cancer Society, the Histocore Facility at Copen-
hagen University, the Centre for Genomic Medicine at Copenhagen
University Hospital, Ibel Carri for help with the neoantigen analysis,
and Laila Fischer for help with secretarial work.

Author contributions The authors confirm contribution to the paper
as follows: study conception and design contributed by DD, KS; data
collection contributed by LN, SW, DD; analysis and interpretation of
results contributed by PY, DD, MN; draft manuscript preparation con-
tributed by PY, KS, DD, MN. All authors reviewed the results and
approved the final version of the manuscript.

Funding Open access funding provided by Technical University of
Denmark. This project has received financial support from The Danish
Ministry of Health (Sundhedsstyrelsen Grant no: 05-0400-45), The
Danish Childhood Cancer Foundation (Bgrnecancerfonden 2019-5963,
2019-5934, 2020- 5769). The work is part of the Danish nation-wide
research program Childhood Oncology Network Targeting Research,
Organisation and Life expectancy (CONTROL) and supported by the
Danish Cancer Society (R204-A12424 to DD; R-257-A14720 to KS).
PY is member of the Argentine National Research Council (CONICET)
and is supported by grants from CONICET, ANPCyT and FOCEM-
Mercosur. DD is supported by the Melanoma Research Alliance (MRA
620385) and the LEO Foundation (LF-OC-19-000004). The Melanoma
Research Team is part of the Centre of Excellence for Autophagy,
Recycling and Disease (CARD), funded by Danmarks Grundforskn-
ingsfond (DNRF125).

Data availability The WGS and RNA-seq datasets generated and ana-
lysed during the current study will be available from the corresponding
authors upon request. The datasets are currently deposited on Com-
puterome, the Danish National Computer for Life Sciences, https://
computerome.dtu.dk

Declarations

Conflict of interest The authors declare that they have no conflict of
interest.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Gengenbacher N, Singhal M, Augustin HG (2017) Preclinical
mouse solid tumour models: status quo, challenges and perspec-
tives. Nat Rev Cancer 17(12):751-765

2. Ireson CR, Alavijeh MS, Palmer AM, Fowler ER, Jones HJ (2019)
The role of mouse tumour models in the discovery and develop-
ment of anticancer drugs. BrJ Cancer 121(2):101-108

3. Lange S, Engleitner T, Mueller S, Maresch R, Zwiebel M, Gon-
zalez-Silva L et al (2020) Analysis pipelines for cancer genome
sequencing in mice. Nat Protoc 15(2):266-315

4. Van der Auwera GA, Carneiro M, Hartl C, Poplin R, del Angel
G, Levy-Moonshine A, Jordan T, Shakir K, Roazen D, Thibault J,
Banks E, Garimella K, Altshuler D, Gabriel S, DePristo M (2013)
From FastQ data to high-confidence variant calls: The genome

@ Springer


https://doi.org/10.1007/s00262-023-03610-4
https://computerome.dtu.dk
https://computerome.dtu.dk
http://creativecommons.org/licenses/by/4.0/

22

Page 10 of 10

Cancer Immunology, Immunotherapy (2024) 73:22

10.

11.

12.

13.

14.

15.

analysis toolkit best practices pipeline. Curr Protoc Bioinformatics
43:11.10.1-11.10.33

Chen Z, Yuan Y, Chen X, Chen J, Lin S, Li X, Du H (2020)
Systematic comparison of somatic variant calling performance
among different sequencing depth and mutation frequency. Sci
Rep 10(1):1-9

Alioto TS, Buchhalter I, Derdak S, Hutter B, Eldridge MD, Hovig
E (2015) A comprehensive assessment of somatic mutation detec-
tion in cancer using whole-genome sequencing. Nat Commun
6:10001

Tong L, Wu PY, Phan JH, Hassazadeh HR, Tong W, Wang MD
(2020) Impact of RNA-seq data analysis algorithms on gene
expression estimation and downstream prediction. Sci Rep
10(1):1-20

Corchete LA, Rojas EA, Alonso-Lépez D, De Las Rivas J, Gutiér-
rez NC, Burguillo FJ (2020) Systematic comparison and assess-
ment of RNA-seq procedures for gene expression quantitative
analysis. Sci Rep 10(1):1-15

Advances in Thiopurine Drug Delivery: The Current State-of-the-
Art (2021).

Karran P, Attard N (2008) Thiopurines in current medical prac-
tice: molecular mechanisms and contributions to therapy-related
cancer. Nat Rev Cancer 8(1):24-36

Nazerai L, Willis SC, Yankilevich P, Di Leo L, Bosisio FM,
Frias A, Bertolotto C, Nersting J, Thastrup M, Buus S, Thomsen
AR, Nielsen M, Rohrberg KS, Schmiegelow K, De Zio D (2022)
Thiopurine 6TG treatment increases tumor immunogenicity and
response to immune checkpoint blockade. Oncolmmunology
12(1):2158610

Li H, Durbin R (2010) Fast and accurate long-read alignment with
Burrows-Wheeler transform. Bioinformatics 26(5):589-595
McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K,
Kernytsky A et al (2010) The genome analysis toolkit: a MapRe-
duce framework for analyzing next-generation DNA sequencing
data. Genome Res 20(9):1297-1303

Cibulskis K, Lawrence MS, Carter SL, Sivachenko A, Jaffe D,
Sougnez C et al (2013) Sensitive detection of somatic point muta-
tions in impure and heterogeneous cancer samples. Nat Biotechnol
31(3):213-219

Wang K, Li M, Hakonarson H (2010) ANNOVAR: functional
annotation of genetic variants from high-throughput sequencing
data. Nucleic Acids Res 38(16):e164

. Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP (2018)

Maftools: efficient and comprehensive analysis of somatic variants
in cancer. Genome Res 28(11):1747-1756

@ Springer

19.

20.

21.

22.

23.

24.

25.

26.

. Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S,

Batut P, Chaisson M, Gingeras TR (2013) STAR: ultrafast uni-
versal RNA-seq aligner. Bioinformatics 29(1):15-21

. Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard

MO, Whitwham A, Keane T, McCarthy SA, Davies RM, Li H
(2021) Twelve years of SAMtools and BCFtools. Gigascience
10(2):giab008

Love MI, Huber W, Anders S (2014) Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome
Biol 15(12):1-21

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL,
Gillette MA, Paulovich A, Pomeroy SL, Golub TR, Lander ES,
Mesirov JP (2005) Gene set enrichment analysis: a knowledge-
based approach for interpreting genome-wide expression profiles.
Proc Natl Acad Sci 102(43):15545-15550

Bjerregaard AM, Nielsen M, Hadrup SR, Szallasi Z, Eklund AC
(2017) MuPeXI: prediction of neo-epitopes from tumor sequenc-
ing data. Cancer Immunol Immunother 66(9):1123-1130
Bjerregaard AM, Pedersen TK, Marquard AM, Hadrup SR (2018)
Prediction of neoepitopes from murine sequencing data. Cancer
Immunol Immunother 68(1):159-161

Jurtz V, Paul S, Andreatta M, Marcatili P, Peters B, Nielsen M
(2017) NetMHCpan-4.0: improved peptide-MHC class i inter-
action predictions integrating eluted ligand and peptide binding
affinity data. J Immunol 199(9):3360-3368

Meeth K, Wang JX, Micevic G, Damsky W, Bosenberg MW
(2016) The YUMM lines: a series of congenic mouse melanoma
cell lines with defined genetic alterations. Pigment Cell Melanoma
Res 29(5):590-597

Wang P, Chen Y, Wang C (2021) Beyond tumor mutation burden:
tumor neoantigen burden as a biomarker for immunotherapy and
other types of therapy. Front Oncol 11:672677

Zhang Y, X-y G, Jiang P (2020) Cytokine and chemokine signals
of T-cell exclusion in tumors. Front Immunol 11:594609. https://
doi.org/10.3389/fimmu.2020.594609

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.3389/fimmu.2020.594609
https://doi.org/10.3389/fimmu.2020.594609

	An analysis pipeline for understanding 6-thioguanine effects on a mouse tumour genome
	Abstract
	Introduction
	Materials and methods
	DNA extraction, whole-genome sequencing and RNA-sequencing
	Genome analysis pipeline—WGS data flow
	Genome analysis pipeline—RNA-seq data flow
	Genome analysis pipeline—Neoantigen analysis flow

	Results
	Design and development of the genome analysis pipeline
	WGS data analysis in 6TG-treated Yumm melanoma model
	RNA-seq data analysis in 6TG-treated Yumm melanoma model
	Neoantigens analysis in 6TG-treated Yumm melanoma model

	Discussion
	Acknowledgements 
	References




