ation methods for
T uno-oncology
GregorSturm
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Type and abundance of immune cells in the tumor
microenvironment affect outcome.

CDs8*
T cells T cell
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Fridman, W. H., et al. (2017). Nature Reviews Clinical Oncology.

doi:10.1038/nrclinonc.2017.101

. Negative prognosis
Q Mostly negative prognosis
Q No effect on prognosis

O Mostly positive prognosis

‘ Positive prognosis

@® 0-100 patients

. 100-1000 patients

‘ 1000-10000 patients




Computational methods can estimate cell type
abundance from bulk RNA-seq data.

a0

©  50%

—> Deconvolution —>

20%

Bulk RNA-seq data

Cell type fractions

Finotello et al. (2019). Genome Medicine, doi:10.1186/s13073-019-0638-6
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But ... which method should | use?




‘Deconvolution’, as opposed to ‘marker gene-based’
methods allow to compute cell fractions.

Marker genes: list of enriched Deconvolution: ‘inverse’ matrix
genes for each cell type multiplication with reference-profiles
a b Mi);;ure Sign;ture Cell fr’a:ctions
[ J
= M, o s, | . | s F,
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¢ M, Sz Sz3 Sac F,
® High Low
ES ° ES M, | = JEEEEST .. Fso X
®
o Fe
®
. My Sl S| .. | S
Between-sample comparison %,,;% o
only! ﬁ *

M =S,F, + S,F,+ ... +SF for j=1,..,N

Finotello et al. (2018). Cancer Immunology, Immunotherapy. doi:10.1007/s00262-018-2150-z



EPIC and quanTlseq are the only methods to Compute

cell fractions.
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FACS is a “gold standard” for comparing
computational cell-type quantification methods.

" — ! cell-type fraction
— A

\ : ‘/‘/
[+ ‘ * ¥
5\ K

FACS + bulk RNA-seq true

predicted

Image credit: https://www.abcam.com/protocols/fluorescence-activated-cell-sorting-of-live-cells
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FACS is a “gold standard” for comparing
computational cell-type quantification methods.

! cell-type fraction
e 3 A ,
:""»{\2 ) ¢ »
;e 0) P
SANEEE NI R
: 3| 4
' O
b\ .
FACS + bulk RNA-seq true

Only 15 samples available!

Image credit: https://www.abcam.com/protocols/fluorescence-activated-cell-sorting-of-live-cells
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Simulating bulk RNA-seq samples from single-cell
data allows us to systematically assess the methods.

@* correlation
' Fe¥  # '
T - Simulated
- ¥ A
T bulk P
' RNA-seq |8 ,*
o ‘0
' o
/
true
11k single cells

Schelker et al. (2017).
Nature Communications,
doi:10.1038/s41467-017-02289-3


https://doi.org/10.1038/s41467-017-02289-3

Simulating bulk RNA-seq samples from single-cell
data allows us to systematically assess the methods.

) background predictions
A 4 correlation & detection limit
sy 7| Simulated
- g ¥ A A
e bulk ..’ I
o RNA-seq |8 L ® o | o
- | S| % Sleed®
| s O 6t — -
43 S /‘ Q |
: = > . >
true true
11k single cells
Schelker et al. (2017).
Nature Communications, 10

doi:10.1038/s41467-017-02289-3
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Simulating bulk RNA-seq samples from single-cell
data allows us to systematically assess the methods.

A ) background predictions _
. % : 3 correlation & detection limit spillover
w0 | Simulated N N A
fr : ’ )]
. -'.F_':.»'" : s ’ i =
3| Ve Sleedt —- 3
[ o /‘ a | Q j
o > —
true true cell-type

11k single cells

Schelker et al. (2017).
Nature Communications,
doi:10.1038/s41467-017-02289-3 1
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Simulating bulk RNA-seq samples to assess...

Correlation true vs. predicted
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Simulating bulk RNA-seq samples to assess...

Background predictions
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Simulating bulk RNA-seq samples to assess...

Minimal detection fraction

Background predictions

S

Dendritic
cells

Macrophages

Melanoma
cells

No CD4+ T
cells!

A
§®)
Q-
O +
o O
P

0% 5% 10%
true CD4+ T

52 S8 54 S5

CD4+T
cells

A |
- |
D |— <
o 4 l o
R T X R
o O I
—

0% 5% 10%
true CD4+ T

14



Simulating bulk RNA-seq samples to assess...

Spillover
S1 S2 S3 s4

. Macrophages
| ] cD4+ T cells
B cDs+ T cells
. Dendritic cells
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Simulating bulk RNA-seq samples to assess...

Spillover
S1 S2 S3 s4

. Macrophages
7] D4+ T cells cell-type
. CD8+ T cells
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We recommend EPIC and quanTlseq for general purpose deconvolution.
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Beware of dendritic cell subtypes!
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Background predictions are widespread among deconvolution-based approaches.
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xCell is robust against background predictions (stat. enrichment test)
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Removing genes with low cell-type specificity can
reduce background predictions

' b Mixture Signature Cell fractions
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Removing genes with low cell-type specificity can
reduce background predictions

. b Mixture Signature Cell fractions
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Removing genes with low cell-type specificity can
reduce background predictions

. b Mixture Signature Cell fractions
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Removing genes with low cell-type specificity can
reduce background predictions

QTS
0.20 4 p=0.0096
b Mixture Signatu Cell fractions
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Which method should | use”?

e EPIC, quanTlseq (absolute scores, solid performance) MCP.ECI:,'EMQ
r
e MCP-counter (good for between-sample comparisons) "MER-‘ abs-
- CIBER3RSORT
e XxCell (no ‘background predictions’) CIBE
XCell

More observations
e \WVe need signatures that address dendritic cell subtypes
e Background predictions can be addressed by identifying non-specific genes

Outlook

e More scRNA-seq data now available (200k+ cells)
e (Cancer-type specific signatures?

25



Avallablility

e T[histalk —> grst.github.io/talks

e Thepaper — Sturm et al. in the proceedings

Immunedeconv R package
Unified interface to methods

deconvolute(expr_mat, "epic")

@ build 'passing license {BSE

github.com/grst/immunedeconv

Reproducible Pipeline
Reproduce entire benchmark

snakemake --use-conda

github.com/grst/immune

deconvolution benchmark
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average estimate

performance measure — background prediction fraction — minimal detection fraction Zero
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Mac/Mono score
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Cell type Recommended Overall Abs. No background
methods perf. score  predictions
B EPIC ++ ++ +
MCP-counter ++ - -
T CD4+ EPIC ++ ++ -
xCell ++ - ++
T CD4+ n.r. quanTlseq + ++ +
xCell + - ++
T reg. quanTIseq ++ ++ -
xCell ++ - ++
T CD8+ quanTIseq ++ ++ -
EPIC ++ + -
MCP-counter ++ - -
xCell + - et
NK EPIC ++ ++ +
MCP-counter ++ - -
Mac/Mono  xCell - ++
EPIC + ++ +
MCP-counter ++ - -
CAF EPIC ++ ++ +
MCP-counter ++ - -
Endo EPIC ++ ++ +
xCell ++ - ++
DC None of the methods can be recommended to estimate

overall DC content. MCP-counter and quanTIseq can

be used to profile myeloid DCs.
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dataset/method subtype

Schelker’

Hoek?®
MCP-counter®

CIBERSORT"
quanTlseq®

EPIC*
TIMER™

xCell™

plasmacytoid DC

myeloid DC
myeloid DC

monocyte-derived
DC

myeloid DC

reference

Identified in the single cell data using CD123 and CD303
marker genes' which are pDC marker genes according to °.
primary human myeloid DC according to annotation on
GSE64655

signature explicitly annotated as myeloid DC

“Monocytes isolated as above were cultured in RPMI with
10% heat-inactivated FBS, 1 x Pen/Strep, 2 mM
L-glutamine, 10 mM HEPES, 1 mMsodium pyruvate, then
differentiated into dendritic cells by 17 ng/ml IL4, and

67 ng/ml GMCSF for 5 days at 5 x 106 cells/ml."
(GSE22886)"

signatures derived from Hoek® data

(no DC signature provided)

monocyte-derived
DC

myeloid DC

training data is a mix of various monocyte-derived DCs from
HPCA (See table S8 of ')

uses a combination of various, mostly myeloid, DC samples
(personal communication with authors)



Certain cell-types are susceptible to spillover

cell type
HsB B Mac/Mono
BcAF BINK

M cancer I T CD4+
. DC T CD8+
I Endo
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cell type
B Macrophage M1
B Cancer associated fibroblast Jll Macrophage M2
B Dendritic cell B Macrophage/Monocyte T cell CD8+
I Endothelial cell B Monocyte I T cell regulatory (Tregs)

B NKcell
B T cellCD4+



Certain cell-types are susceptible to spillover

le CD8T

CIBERSORT EPIC quanTlseq xCell

cell type
HB B Mac/Mono

CIBERSORT MCPcounter TIMER .g::cer.¥}éD4+

abs. B DC T CD8+
Endo
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Spillover occurs between NK and CD8+ T cells

NK
/ cD8 T / /
| { \) \
EPIC

CIBERSORT quanTlseq xCell

K| 7

‘ \ \ BB Ce”ltypli/? /M
CIBERSORT MCPcounter TIMER moar B

" Cancer [ T CD4+
abs. B DC T CD8+
Endo
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Spillover occurs between CD4+ and CD8+ T cells

CDAT
CD8T
CIBERSORT EPIC quanTiseq xCell
- celwpe
< B I Mac/Mono
CIBERSORT MCPcounter TIMER morr MINK

abs. B DC T CD8+
Endo

43



Spillover occurs between DCs and B cells

CIBERSORT EPIC quanTlseq xCell
( l ( / ’ / [ /
DC\ [ | \ ~

cell type
[ 3] B Mac/Mono

CIBERSORT I\ECPcounter TIMER = Gancer = T Cots
abS- ‘ | e T CD8+
" / ( , Endo
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What causes spillover between DC and B cells?

Simulated sample Pure sample

(single cell) (FACS)
CDA4+T—CD8+T v v
NK - CD8+ T v v

DC — B 4 X
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cell-type fraction
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