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Value of single cell transcriptomics
for biology and genetics

Single-cell eQTLs (cis, trans, response)
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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

Cell-selective enrichment of trait-associated variants
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We need to test using context-specific information!




Linking to Breeding Goals:
Finding cell-type specific eQTL in tissues/cell mixes

Genotypes (n=388)

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

Rationale: Blood sa mpllng IS Very praCtlcaI and useful Table 3 The number of genes with expression levels in blood of young
phenotype_ but needs improvement to use in predictive healthy pigs that were significantly (g < 0.20) associated with observed

genetics— a mixture of genetic effects on phenotypc“‘ phenotypes, with or without accounting for blood cell composition, the

Trait measured during each phase * Number of genes from expression residuals with or without adjustment for cell composition
Whole blood RNA patterns have been associate Without With WithsWithout ®
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BMC Genomics 22, Article number: 614 (2021) i Cite this article



http://www.iquitylabs.com/

Improving blood phenotypes: towards cell type specific phenotypes

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

___ Cell-specific
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Disease resilience
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Cell Type Deconvolution of Cell Mixtures

Nucleic Acids Research, 2024, 52, 4761-4783
https://doi.org/10.1093/nar/gkae267
Advance access publication date: 15 April 2024

Critical Reviews and Perspectives OXFORD
ANNIVERSARY

Fourteen years of cellular deconvolution: methodology,
applications, technical evaluation and outstanding

challenges
Hung Nguyen ©'-f, Ha Nguyen ©'-f, Duc Tran?, Sorin Draghici ©“3#* and Tin Nguyen ©1-*

Graphical abstract

Methodology Assessment of 53 Deconvolution Methods
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Cell Type Deconvolution

Cells Types

* Computational methods developed to infer cell type Biological samples

O

compositions and GEP within heterogenous samples

Transcriptome profile
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Cells Types

Cell Type Deconvolution of Cell Mixtures
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Assumption: Total GE in bulk is linear combination of gene Biological samples

expression in individual cell types, weighted by cell type proportions.
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Validation of results
after Deconvolution

Starting Data:

Using SC RNAseq for
relevant samples, create
“pseudobulk” samples to

be deconvoluted
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Validation of results |
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Validation of results
after Deconvolution

C
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Validation of results

after Deconvolution D Ground-truth
Blood samples proportions
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Comprehensive testing of methods using tissue atlases: scoring

Starting Data:
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Many, many methods
for Deconvolution...

Evaluated using the
multi-tissue reference
from Tabula Sapiens
and CellxGene
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Curated path to choose method for specific situations!

Accuracy Running Time (minutes) Memory (GB) Usability
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Methodology Assessment of 53 Deconvolution Methods
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Application for deconvolution of whole blood RNAseq data:
Create Cell-type-specific signatures

lh PBMC scRNA-seq

\ or bulk sort Cluster

Carrie Kristen ll Il
Meeks Byrne

oLe B
. . . . ,-3.?" 3 — o
* Pigs challenged with bacteria or virus M
* Blood collected during challenge 3 SlhgicaNs
time points- total of 45 samples /
| “ ‘ Create new reference information — | Collect transcriptomes Whole blood
Mehak Muskan ) ) . of PMN (neutrophils) :
Kapoor Kapoor on immune-stimulated pigs gene expression
signature matrix

Collect whole blood
Collect eight-cell type 7 transcriptomes to
Flow cytometry - be deconvoluted
based Cell Counts
(TRUTH) n=45

Nature Biotechnology volume 37, pages 773—-782 (2019), adapted 17



https://www.nature.com/nbt

Study Design: scRNAseq of PBMC from
Salmonella challenged pigs

Cells passing QC for each sample

Pig ID 0D 2D 8D Total
842 10,306 10,164 16,274 36,744
2Pl T 852 6,877 4,304 5,151 16,332
Flow cytometric 853 8.319 4.600 7.089 20.008
data, Quantseq, 854 1913 5 285 1927 9.125
and scRNAseq
data collected 864 4. 959 11.236 4671 20.866
‘ Total 32374 | 35589 | 35112 | 103,075

Cells with >300 genes, >400 UMIs and <15% mito
sequences were retained, duplets removed.

18




UMAP_2

Additional data available to project

scRNAseq of PBMC samples of 7 = RNAseq of nine sorted populations
healthy pigs (10X Genomics) of blood cells from 2 healthy pigs
Total of 28,810 cells. = Cell populations covering all
36 clusters grouped to 13 major nucleated cells in blood

porcine cell types.
—  CD21-Becells (CD21nB)  —

—{  CD21+Bcells (CD21pB)  |—
‘ PBMC isolation, —-[ CD4+ T cells (CD4T) ]—

cell sorting
—{  CD8*Tcells (CD8T) |
CDB+CD4+ T cells (CDBCDAT) |—

15+ Tcells (SWCBdT) |

by s ( /
r Granulocyte NK cells (NK) }—

% isolation

28,810 cells
113 cell types

Male Pig 6800

[Male Pig 6798,J

— Myeloid cells (Myeloid) —

Neutrophils (Neut) ]—

1950 =10 -SUMAIS 1 5 10 Herrera-Uribe and Wiarda, et al. 2021
B Herrera-Uribe et al. 2023



Application for deconvolution of whole blood RNAseq data:
Create Cell-type-specific signatures

Pigs challenged with bacteria or virus

Blood collected during challenge 3
time points- total of 45 samples

Kristen
Byrne
E

)

Create new reference information
on immune-stimulated pigs

—1

' y o

total of 15 PBMC samples plus 7 from prior publication

gene expression
signature matrix

scRNA-seq -
or bulk sort Cluster 929009000
o ‘@ ;] 1
e W —_— 3
.{7’"{)& W
0‘4
Single cells /
Coppe transcriptomes Whole blood |
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[

Collect whole blood
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based Cell Counts - (
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’ ~ ( O toGeneS
feature selection
/ ‘ Q refe:r:edala
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S gene expression oror B o

matrix valid?

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

cell types

bulk sample
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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

Gene Selection & Deconvolution
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Validation methods we can use

Thirteen pseudobulk populations

of scRNAseq-based data
Nine sorted cell populations

28,810 cells
101 13 cell types
5 P .
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* Used 7 sample published scRNAseq data set

* MOO to select features and create gene
expression signature matrix

* Check which cell types are h
(will be difficult to distinguis

28,810 cells
10713 cell types

45 -0 5 0 5 10
UMAP.

as reference

type markers if needed
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Heatmap of GE signature matrix (400
features)
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AutogeneS PBMC deconvolution results

« Use GE Sig matrix from 7 sample data to

predict proportions of new 15 sample Within sam p|e across cell types
scRNAseq data set (Salmonella infection)

Sample: S14 864 D0 2
Pearson Correlation = 0.76 Sample: S06 852 D8_S

¢ Used pSEUdObU”ﬂng Of 15 datasets 0401 @ Cell Types [ Pearson Correlation = 0.90
—=—=- Perfect Correlation 035 @ CellTypes
« Two models (NNLS, NuSVR)
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AutogeneS PBMC deconvolution results
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ed for low abundance cells

d be used to deconvolute PBMC RNAseq

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

present in PBMC: PMNSs (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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