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Type and abundance of immune cells in the tumor 
microenvironment affect outcome.
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Fridman, W. H., et al. (2017). Nature Reviews Clinical Oncology.
doi:10.1038/nrclinonc.2017.101



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

Deconvolution

Finotello et al. (2019). Genome Medicine, doi:10.1186/s13073-019-0638-6

https://doi.org/10.1186/s13073-019-0638-6


But … which method should I use?
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‘Deconvolution’, as opposed to ‘marker gene-based’ 
methods allow to compute cell fractions. 
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Marker genes: list of enriched 
genes for each cell type

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

Deconvolution: ‘inverse’ matrix 
multiplication with reference-profiles

Between-sample comparison 
only! 



        Marker gene-based

tool score between 
sample

between 
cell-type

MCP-counter
arbitrary 
units ✓ ✗

xCell
arbitrary 
units ✓ ✗

EPIC and quanTIseq are the only methods to compute 
cell fractions.
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         Deconvolution-based

tool score between 
sample

between 
cell-type

CIBERSORT immune cell 
fractions ✗ ✓

CIBERSORT 
abs. 

arbitrary 
units ✓ ✓

EPIC cell fractions ✓ ✓

quanTIseq cell fractions ✓ ✓

TIMER arbitrary 
units ✓ ✗



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

https://www.abcam.com/protocols/fluorescence-activated-cell-sorting-of-live-cells


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

Only 15 samples available!

https://www.abcam.com/protocols/fluorescence-activated-cell-sorting-of-live-cells


Simulating bulk RNA-seq samples from single-cell 
data allows us to systematically assess the methods. 
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Schelker et al. (2017). 
Nature Communications, 
doi:10.1038/s41467-017-02289-3

Simulated 
bulk 
RNA-seq

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

15

Spillover

Dendritic cells

CD8+ T cells

Macrophages

CD4+ T cells

S1  S2  S3  S4  



Simulating bulk RNA-seq samples to assess…
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We recommend EPIC and quanTIseq 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
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quanTIseq: Macrophage/Monocyte

background 
predictions

minimal detection 
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Removing genes with low cell-type specificity can 
reduce background predictions
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Removing genes with low cell-type specificity can 
reduce background predictions
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Removing genes with low cell-type specificity can 
reduce background predictions
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Remove 5 
non-specific 
genes

genes removed



Which method should I use?
● EPIC, quanTIseq (absolute scores, solid performance)

● MCP-counter (good for between-sample comparisons)

● xCell (no ‘background predictions’)

More observations
● We need signatures that address dendritic cell subtypes

● Background predictions can be addressed by identifying non-specific genes

Outlook
● More scRNA-seq data now available (200k+ cells)

● Cancer-type specific signatures? 
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Availability
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github.com/grst/immunedeconv

Reproducible Pipeline
Reproduce entire benchmark

Immunedeconv R package
Unified interface to methods

github.com/grst/immune_

   deconvolution_benchmark

● This talk   ⟶ grst.github.io/talks
● The paper ⟶ Sturm et al. in the proceedings
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Supplementary Slides
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Certain cell-types are susceptible to spillover
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Certain cell-types are susceptible to spillover

41

NK

B

CD8 T



Spillover occurs between NK and CD8+ T cells
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Spillover occurs between CD4+ and CD8+ T cells
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Spillover occurs between DCs and B cells
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What causes spillover between DC and B cells? 
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Simulated sample 
(single cell)

Pure sample
(FACS)

CD4+ T ⟷ CD8+ T ✓ ✓

NK ⟷ CD8+ T ✓ ✓

DC ⟷ B ✓ ✗
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