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(Kolodziejczyk et al. 2015. Mol Cell. 2015 58(4):610-20)

Value of single cell transcriptomics 
for biology and genetics

Heterogeneous cell populations 
in tissues- analyses of “bulk” 
tissue misses a lot….

van der Wijst et al. eLife 2020;9:e52155. DOI: https://doi.org/10.7554/eLife.52155 



ENCODE project showed enrichment of trait-
associated SNPs is biological context specific.

Disease associated variants often overlap with regulatory 

elements specific for target cell/tissue pathology

We need to test using context-specific information!



Linking to Breeding Goals: 
Finding cell-type specific eQTL in tissues/cell mixes 
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Rationale: Blood sampling is very practical and useful 
phenotype- but needs improvement to use in predictive 
genetics- a mixture of genetic effects on phenotypes

Whole blood RNA patterns have been associated with 
disease phenotypes in pigs in Resilience project:

Source:Shutterstock

www.IQuityLabs.com

Resilience Project natural disease challenge model (NDCM)

Comprehensive mining of the blood cell transcriptome for 
improved phenomics in swine 

> 2,400 samples 
with RNAseq data!

http://www.iquitylabs.com/


Improving blood phenotypes: towards cell type specific  phenotypes
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Hypothesis: tools for accurate deconvolution of porcine whole blood transcriptome 
data into cell-type-specific transcriptome data will substantially improve molecular 
blood phenotypes as direct selection tools or as markers for animal traits

1000’s of whole 
blood Rnaseq 
datasets!

Convert to:

- Cell composition phenotypes

- Cell-type specific RNA expression 
phenotypes 



Cell Type Deconvolution of Cell Mixtures 



Cell Type Deconvolution

• Computational methods developed to infer cell type 

compositions and GEP within heterogenous samples

• Disease mechanism, immune response, transcriptional 

states, cell proportions in disease phenotypes

Deconvolution



Assumption: Total GE in bulk is linear combination of gene 

expression in individual cell types, weighted by cell type proportions.

Deconvolution

Cell Type Deconvolution of Cell Mixtures 

Model: M= S x F

M= N genes x m samples

S= N genes x C cell types

F= C cell types x m samples

For every gene in bulk:

MN1 = F1 x SN1, C1 + F2 x SN1, C2 ….

MN2 = F1 x SN2, C1 + F2 x SN2, C2 ….

Gene expression signature matrix:
• Rows are genes
• Columns are cell types

Output: cell type composition, CTS-GEP



Starting Data:

Using SC RNAseq  for 

relevant samples, create 

“pseudobulk” samples to 

be deconvoluted

Validation of results 
after Deconvolution 



Starting Data:

Collect data from separate 

cell populations and create 

artificial mixtures, run bulk 

RNAseq of individuals and 

mixtures with known 

proportions

Validation of results 
after Deconvolution 

(Or any isolated 
cell population)



Starting Data:

Use bulk RNAseq and 

dissociated cells from 

replicate samples in 

scRNAseq to determine 

cell proportions

Validation of results 
after Deconvolution 



Starting Data:

Run flow cytometry for 

isolated cells from blood, 

or tissue for cell 

composition, run bulk 

RNAseq of original sample

Validation of results 
after Deconvolution 



Starting Data:

Comprehensive testing of methods using tissue atlases: scoring



Many, many methods 
for Deconvolution...

Evaluated using the 
multi-tissue reference 
from Tabula Sapiens 
and CellxGene   



Curated path to choose method for specific situations!

PBMC

Sorted cell populations and 
PMNs (neutrophils)

https://github.com/tinnlab/DeconBenchmark 



Application for deconvolution of whole blood RNAseq data: 
Create Cell-type-specific signatures
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• Pigs challenged with bacteria or virus
• Blood collected during challenge 3 

time points- total of 45 samples

Nature Biotechnology volume 37, pages 773–782 (2019), adapted

Kristen
Byrne

Carrie 
Meeks

Muskan 

Kapoor

Collect transcriptomes 
of PMN (neutrophils)

Collect 9-cell type CBC

Whole blood 
gene expression 
signature matrix

Mehak 
Kapoor

Collect eight-cell type 
Flow cytometry -
based Cell Counts    

(TRUTH) n=45

PBMC

Collect whole  blood 
transcriptomes to 
be deconvoluted 

Create new reference information 
on immune-stimulated pigs

https://www.nature.com/nbt


Study Design: scRNAseq of PBMC from 
Salmonella challenged pigs
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Cells passing QC for each sample

Pig ID 0D 2D 8D Total

842 10,306 10,164 16,274 36,744

852 6,877 4,304 5,151 16,332

853 8,319 4,600 7,089 20,008

854 1,913 5,285 1,927 9,125

864 4,959 11,236 4,671 20,866

Total 32,374 35,589 35,112 103,075

Cells with >300 genes, >400 UMIs and <15% mito 

sequences were retained, duplets removed.

Flow cytometric 
data, Quantseq, 
and scRNAseq 
data collected



Additional data available to project

▪ scRNAseq of PBMC samples of 7 

healthy pigs (10X Genomics)

▪ Total of 28,810 cells.

▪ 36 clusters grouped to 13 major 

porcine cell types.

▪ RNAseq of nine sorted populations 

of blood cells from 2 healthy pigs 

▪ Cell populations covering all 

nucleated cells in blood

Herrera-Uribe and Wiarda, et al. 2021; 

Herrera-Uribe et al. 2023



Application for deconvolution of whole blood RNAseq data: 
Create Cell-type-specific signatures
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• Pigs challenged with bacteria or virus
• Blood collected during challenge 3 

time points- total of 45 samples

Nature Biotechnology volume 37, pages 773–782 (2019), adapted

Kristen
Byrne

Carrie 
Meeks

Muskan 

Kapoor

Collect transcriptomes 
of PMN (neutrophils)

Collect 9-cell type CBC

Whole blood 
gene expression 
signature matrix

Is gene expression 
matrix valid?

Mehak 
Kapoor Collect eight-cell type 

Flow cytometry -
based Cell Counts    

(TRUTH) n=48

PBMC

Collect whole  blood 
transcriptomes to 
be deconvoluted 

Obtain predicted 
proportions of 
test samples

Create new reference information 
on immune-stimulated pigs

total of 15 PBMC samples plus 7 from prior publication

https://www.nature.com/nbt


Feature Selection Tool: AutoGeneS

▪ Automatic feature selection, does not 

rely on pre-defined markers.

▪ Deals with multi-collinearity, a critical 

problem in deconvolution when dealing 

with closely related cell types

▪ Employs multi-objective optimization as 

a solution to select a set of non-

collinear genes.

▪ Aims at minimizing correlation and 

maximizing Euclidean distance



Validation methods we can use

Eight cell type 
Flow cytometry -
based Cell Counts 
of Whole blood 
RNAseq samples  

n=45

Nine sorted cell populations

Thirteen pseudobulk populations 
of scRNAseq-based data



AutogeneS  PBMC only 
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• Used 7 sample published scRNAseq data set 
as reference

• MOO to select features and create gene 
expression signature matrix

• Check which cell types are highly correlated 
(will be difficult to distinguish) and refine cell 
type markers if needed
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cell types



Heatmap of GE signature matrix (400 
features)
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AutogeneS PBMC deconvolution results
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• Use GE Sig matrix from 7 sample data to 

predict proportions of new 15 sample 

scRNAseq data set (Salmonella infection)

• Used pseudobulking of 15 datasets

• Two models (NNLS, NuSVR)

Within sample across cell types

Pearson correlation range 0.67-0.96 across 15 samples 



AutogeneS PBMC deconvolution results

26

Across samples for each cell type

Summary

• Good predictions for most cell types

• This matrix could be used to deconvolute PBMC RNAseq 

datasets for major cell types

• More work needed for low abundance cells

• For whole blood, we need to add a major cell type not 

present in PBMC: PMNs (primarily neutrophils) 



Future Plans- Deconvolution

1. Create new GE signature matrix (GESM) from sc PBMC+PMN to test methods against 

datasets (with TRUTH): 

• 48 Sal and Flu samples with flow cytometry cell type data and Quantseq RNA data

• 42 RFI WB samples with flow cytometry cell type data and RNAseq data

Also test other tools such as CIBERSORTx, etc.

Will also use purified cell populations as additional verification/GESM creation

2. Accurate deconvolution of NDCM dataset: 2400+ Quantseq samples

3. Develop “short-hand” version of deconvolution GE signature with Nanostring genes 

 → practical tool for deconvolution for phenotyping at cell type level to eliminate RNA prep, Quantseq 

and bioinformatics costs
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