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DIGHEAMMNE TET FAVYXNFE W Y AT XF HeCiYsS HMUHSFZ Wt
AMZID QLRI 7|E ARE OFEZIRIR RE EAOIH ST GRS ROo|xE REch oo
2t Ho MEHEE onstl IEsts 240 S £F WNME F24sD 2o 0|F HAS2| 2
siMi A ZEe =FYLES 0| OHY TR AUCL JE AT Y MES FFF olFE
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It o] FES F ATt el HMsD Uk S35, 240 fYA o] SR HSHES O
Sh= 242 % M(cancer immunity)S OlSstE O SO, 0| S CHAME 29~
(single cell omics)2h 7+ 29~ (spatial omics) #4 7|50| W27 WHstD Uct.

B AololME o ¢ ROpollM MEL HAME Ho| HSHEE EMT M AT ARIE
weEa Zi siMo] FHE Fol 2SR oL Zols 2 ME HojHol Sl MMEd
Gl%, SY 8E UYGMIO S43, 02|10 YHELAS 4TH2S ChE 7 WES ZTEdch
e AT ES exome-seq U RNA-seq S 2 2| bulk sequencing data®il A E| scRNA-seq
SOl HHUME 29X (single cell omics) HIOIEI2} spatial iptomics 52| 3t 22X (spatial
omics) GIO|E|E ZEHoR CHED gIch HFHORE Y EXHOM LIEILIE cellular ecosystem
S SFYD, 0| ¥ AP Az BEY 5+ s BY JES YI%e WS SEZ ot

o= kg2l Was Zgvick.

® Cancer immunity ¥8 24 9 2|18

® Exome-seq GIO|E{S ESF HLA typingdl HLA-peptide binding predictions S%
AaEd o,

® RNA-seq HIOIHE 2|92 § digital cytometry TES ¢ Dol 24,
Single cell 3 spatial omics HIOIE{E 2|9t22 ¢t ME Al UE(cell status trajectory
dynamics) W MIE 7t HEEZ(cell-cell interaction) F42 EP ME MefH(cellular
ecasystem) 4.
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Cancer immunity T8 24 U 7| 3. Cancer-Immunity Cycle
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Cancer immunity T2 24 % 2| H.
Neoantigen and immune checkpoint inhibitor (ICl) therapy

; L o H2 S Al =
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0= e 2= = T cell killing of tumor cell grations;
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Intermediate Immunogenomic
Data types analyses analyses
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Bulk
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T -
ll TCR and BCR I
Single-cell [ CyIon }

rofilin

Multiplex IF| . | Paired TCR I
Multiplexed CyelF

)

MIBI

sadAjousydounwiwig

| = Neoantigens = Cell types and phenotypes :] TCR and BCR

Fig. 2| Overview of technologies and analyses for interrogating cancer immunity.
Technologies for bulk sequencing allow the prediction of candidate neoantigens
and deconvolution of cell fractions or computation of abundance scores using
marker-gene-based approaches. Technologies for single-cell profiling allow the
characterization of cell types and states from mass cytometry by time of flight (CyTOF)
orsingle-cell RNA sequencing (scRNA-seq) data, but also the reconstruction of B cell
receptors (BCRs) and T cell receptors (TCRs) of the same cells. Recent multiplexed
imaging techniques can interrogate several cellular markers, enabling the phenotyping
of distinct cell types and the reconstruction of the spatial architecture of the tumour
microenvironment. CyclF, cyclic immunofluorescence; IF, immunofluorescence; IMC,
Rev Genet. 20, 724-746 (2019) imaging mass cytometry; MIBI, multiplexed ion beam imaging; RNA-seq, RNA
. sequencing; WES, whole-exome sequencing; WGS, whole-genome sequencing.

Cellular composition Single-cell phenotypes Cells in spatial context
+ i +

Tumour immune contexture

Putative neoantigens

Data types and computational analyses

>16,000 class | HLA alleles = Class | HLA typing

WES plus Prediction of neoantigen—
~10" possible 8~11mers = HlAbinding
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Cancer immunity T2 24 U 7| AR-E 2Tt analysis tool
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HLA typing2} HLA-peptide binding predictiong® & Bt ¢ & { 0| F: HLA

OptiType Procedure: Usage
1. Input: FASTQ raw data (single-end, paired-end both available) Optional step zercc you might want to filter your sequencing data for HLA resds. Should you have to re-run OptiType

A_AiAi o £ multiple times on the same sample (different settings, etc) it could save you time If instead of giving OptiType the
2. Output: 4-digit HLA genotype for input sample + confidence seore o s matiote s o sl sather i the elevans resd onty. or the coderof
? o

megabrytes.
———ee e
—_— - ==

You can use any read mapper to do this step, although we suggest you use RazerS3. s only drawback is that due 1o
way RazerS3 was designed, it loads all reads into memory, which could be a problem on older, low-memary
‘computing nodes.

Maka sure to filter your files comectly depanding on whather you have DNA (exome, WGS) or RNA-Seq data, The
reference fasta files are data/hls_reference dna.fasta and data/hla_reference rna.fasts respectively. Below is an
example for DNA sequencing data:

3razersd -5 95 -m 3 -dr @ -o fished_31.bam /path/to/OptiType/dnta/hla_reference_dns. farts semple 3. faity (@

e
HLA alitlo sequences

rsamtosls basdfy Flshed_1.bas » sasple_1_flshed.fastq

srm Fished_1.bas

1 you have paired-end data, repeat this with the second ends” fastq fle as well Note: it's important that you filter the
two ends individuslly. Don't use the read mappers paired-end capabilities.

‘After the optianal fitering, OptiType can be called as follows:

Ipython /path/to/OptiTypePipaline.py -1 sasple_fished_1.fastq [sasple_fished_2.fastq) @
{=-Fna | =-dna} [--beza BETA] [--snuserate N]
[=c conFIa) [--verbose] --outdir /path/tofout_dir/

This will produce a time-stamped directory inside the specified output directory containing a CSV file with the

predicted optimal (and if enumerated, sub-optimal) HLA genatype. and a pdf file containing a coverage plot of the
predicted alleles for disgnostic purpases.
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HLA typing2} HLA-peptide binding prediction® & 8t &1 M2 0| F: HLA

|[RE-P001-T |HLA-AD2:06 HLA-A30:04 HLA-B14:01 HLA-BS1:01 HLA-C08:02 HLA-C14:02 e | E.. |

| RE-PO02-T HLA-A11:01 HLA-A33:03 HLA-B15:01 HLA-B44:03 HLA-CO4:01 HLA-CO7:06
RE-PO03-T HLA-A24:02 HLA-A24:02 HLA-B13:01 HLA-B40:03 HLA-C01:02 HLA-C03:04

S]] " £
HLA-A*02:101:01: gg,N Aol oo

{heapr & UutH O 2 HLA KfO|
T E—— [ S ehis g
[ Field 2. specific HUA protein
oo 1 —
coding region
0508 Marwh 0440
A24 Al A23 A25
Father B3s B7 B44 B8 Mother Human Leukocyte Antigen
DR14 DR13 DRT DRA4 s &
‘ et - »

B35 Ba4 B35 B18 B7

DR14 DR7 DR14 DR4 DR13

c
P
A24 A23  A24 A25 A A25
B18 —
DR7 DR13 DR4 e
ad b b d

antibodigs

SgE g 3 3§

HLA R oy




HLA typing2} HLA-peptide binding
mutation calling

predictions St WS 0| 5.

0] = = (Mutation Calling)Mutect2 2 GATKS| Mutect2 =718 A S0 ZL 1 4 HE 74| K| M| = 0] (somatic
mutatlon) £ AldgL|
=AHO| T A 5 F A (annotation): EE & =l VCF It 2 & Ensembl VEP BE= ANNOVARR} 22 =& AHESH =4
HO|TF CHE A =20l M ot Fgkg D[X[=X| 2felgtL|Ct
CI T A 0% 0|2 Ol3) A4S 0| THHEO| 10| i Al A HS GIZEHL| Tt Current prediction of MHC class |
binding neoantigens (NetMHC)
bash O 25 wy
gtk Mutect? \
~R refersnce.fa \
-1 tumor.bas \ 38 085462 (20100
Sl MHC sequence (34 polymorphic residues)  Peptide sequence (9 mers)
et ACAMYRNNM_. AEMKTDAA
~--panel-of-normals pon.vecf.gz \
-0 somatic.vef.gz
)
Ll @ AE N4

wfieg -

transvar ganmo <-vef input.vef -=r

fasts referance.fs --out output.fasts

2 F7ttm

1
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HLA typing2} HLA-peptide binding prediction® &2 MM TR Ol F:
Neoantigen load and immunotherapy response

&1 P < 0,00 '
b Metancma
sMc
Z 1 g
Psoom p= 0001 prooia pu 000 E a
gt E R
= c
i o4 ‘ iy 5 g
‘—\_‘l— = 201 E
| | 8
G 00 1000 1600 o G 200 400 600 WO 0 1200 ﬂ ® 100 1 200
Disease kree time Y
W Low nboantionn (<= 70) [l High recantigen - 70}
[
Target Reference f f f f
Cohortname Tumor type Gohortsize ... & & r &
MG Lung cancer 122 PO-1/PD-L1 This work
Hellmann _ Lung cancer 75 PO-1 & CTLA4 Ref 25
Rizvi Lung cancer 34 PO Ref 24
VanAllen  Melanoma 110 CrA-4 Ref 21
Snyder Melanoma 64 CnLA4 Ref 22
foh Melanoma . PO-1 & CTLA4 Ret 10
Riaz Melanoma 68 PO Ref 12

Nature Comm. 11, 957 (2020)
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HLA typing2} HLA-peptide binding prediction® S A&l 0l 5:
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Cibersortx pipeline
Step 1 Signature matrix
IF each colsmn of “single cell reference matrix’ is a phenotype label, proceed to step 2

<From clbersortx websiter
The reference sample file is an input file required for custom signature genes file generation by CIBER

+ I .
ELSE take the following two files and convert them using ‘convert_reference._file.py” single cell reference matrix class
matrix

python convert_reference file.py MCA_Liver_cell_expresslon. tev WA liver_cell_class.tov @

Step 2 Run Cibersortx to create signature matrix
fr parameters (pro tem)

Single cell input options:

Min, Expression 0.5

[ Download cutput signature matrix

Step 3 Filter Mixure Matrix

Filter out columns with no expressions, using the signature matrix from step 2

python filter_by_signature_genes.py signature_gene_file.txt mixture_file.tsv =]

This creates a new mixture file named [midure_file]_filtered.1sy
Step 4 Run Cibersortx to impute cell fractions

Uplead the Mixture matrix from step 3 1o the Cibersartx website, then run fraction imputation
+r parameters
default

- Memo
For the mouse liver data set, 19133+ samples exceeded the ‘Allowed memory size of 536870012 bytes
Use something like the following command to divide data set

® First 10000 samples @
cat mixture_file_filtered.tsv | cut -f 1-20000 > mixturs_file_filtered 1.tsv

# the rest of the sasples (IF <10000); First column == gene neses (Index)

<ot mixture_file filtered.tsv | cub -f 1,10002- > mixture_file filtered 2.tsv

And to check the number of columns per file

cat file.tsv | awk “{print WF}'| sort -nu | tail -m 1

Digital cytometry T2 & ¢t HHO| M &F 4. CVbersortX‘

GeneSymbol |M1 |Malignant |Oligodendrocyte
A1BG 0 0 0
A1BG-AS1 0 0.24001 0
A1CF 0 0 0
|Gene _|TCGA_02_0047_01 A TCGA_02_0055_01A TCGA_02_2483_01A
A1BG 125.0069 391.8038 271.8522
|A1BG-AS1 105.3013 162.1976 109.7288
|arcF 0 0 0
[ | 1 1 1
Mixture Im1 Malignant Oligodendrocyte
|TCGA_02_0047_01A 0.101649077 0.353447998 0.072751936
|TCGA_02_0055_01A 0.17932788 0.261214401 0.026945961
|TCGA_02_2483_01A 0.094886977 0.600738156 0.016771461
21
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Digital cytometry T & & &8 HYO| N &3 84

hot tumor enriched (HTE) and cold tumor enriched (CTE)
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From the limitations of bulk RNA-seq

> We can only estimate the average expression level for each gene across a population of cells, wit
regard for the heterogeneity in gene expression across individual cells of that sample.

> Therefore, it is insufficient for studying heterogeneous systems, e.g. early development studies or
complex tissues such as the brain.

Bulk RNA sequencing

® 7 —> B

Heterogenous Total RNA/ Bulk expression data ”
tissue ¢DNA

No change of expression of Gene X

Single-cell RNA sequencing

Clustering Gene X Gene X Gene X
A~ 2 & 2
- NS ol ) S|
Heterogenous Single-cell-barcoded Single-cell expression data Co/tveb Celltypec

tissue cDNA

Expression of Gene X is affected in cell type b only

_ 25
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Characterization of cell fate probabilities in single-cell data

> Expression similarity 7|Bt2 2 M|IZ (node) 7t network 7+3

> Differentiation potential (DP): define a cell’s differentiation potential (DP) to be the entropy over the branch probabilitie
providing a quantitative metric for cell plasticity. O] [, start cell2 prior-knowledge 7|22 2 user 7} A&l (from cell

annotation)

> Spliced RNA transcripts2| H| &S E3ll MZ 9| future gene expressionS 0|5 5H= RNA velocity 542 2 O 2{7HX|
feature & S&

@
0 3 6 9 12 15 18 21 600 1000 1
Circadian time (h) Spliced (s)

Low H9" Gircadian genes

Nature Methods. 19, 759-170 (2022)

—
000204060810

echnsz, 451-460 (2019)
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Inferring cell-cell interactions
Fig. 1: Overview of CellChat.
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More localized: spatially contextualizing cells

> Cell location affects intercellular interactions and associated gene expression.

> Molecules mediating CCls form concentration gradients as they diffuse from their producing cells and trigger different
signalling programmes in receiver cells.

> |t is important to account for the spatial context of cells to understand how tissues function.

Spatial constrain
reduces
false positive

< interactions!
§ Communication /
2 score
3
c
k-3 cellnelqhboufmd
=X affects signalling activity
and directionality
29

> After creating a representation of multicellular neighbourhoods, an important goal is to identify recurrent c
communities across spatial domains, samples, or individuals. We refer to recurrent multicellular neighbourhood
characterized by correlated cell states, as ‘spatial ecotypes’ (= “cellular niche”).

> The definitions of transcriptional ecotypes and spatial ecotypes also coincide with ‘multicellular programmes’, which
sets of transcriptional states across various cell types that are co-associated in multiple samples or spatial regions.

b cellstatemap Spatial ecotype map c

Location
—
Cell states @.‘ - .‘*:

30
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Nat Commun. 22, 2595 (2024)
Case study: Single cell deciphering of progression trajectories of the tumeor
ecosystem in head and neck cancer
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Nat Commun. 22, 2595 (2024)
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