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Our motivation: the central question of

developmental biology

zygote 10%3 cells with 1000s of
(1 cell type) different cell types

blastocyst

2-cell 4-cel - early late
I first fate decision second fate decision
cell type diversity (= complexity) is created by PW. Anderson, “More is

a series of symmetry breaking events different”, Science, 1972



Molecular profiling (aka omics)
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GENOMICS (DNA) TRANSCRIPTOMICS (RNA) PROTEOMICS (PROTEINS)
genetic tests RNA sequencing protein arrays

gene panel sequencing RNA microarrays
whole exome sequencing




Bulk RNA-sequencing aka “fruit smoothie”

complex tissue



The single-cell smoothie
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weight of a strawberry =1 billlion x weight of a single cell



Single-cell RNA-seq

a Eight-channel microfluidics chip
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Zheng et al., Nature Comm., 2017



Generic preprocessing

PRE-PROCESSING

Raw data processing

Count
matrices

Genes



Further, sample-dependent preprocessing

Quality control

Normalization

ol

Count depth

Data correction (e.g. batch)

Count depth

Size factors

Feature selection

o Highly
variable
genes

e Other
genes

Visualization

Luecken et al., Mol. Sys. Biol., 2019



DOWNSTREAM ANALYSIS

Marker identification

Cluster annotation

Tuft cells
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Single-cell RNA-seq examples

Complete C. Elegans worm
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Cao et al., Science, 2017
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Baron et al., Cell Systems, 2016



Single-cell RNA-seq examples

Tabula Sapiens
organ_tissue

Bladder Muscle

e Blood Pancreas
Bone_Marrow e Prostate
Eye e Salivary_Gland
Fat Skin

e Heart Small_Intestine

e Kidney e Spleen

e Large_Intestine Thymus

e Liver Tongue

e Lung e Trachea

e Lymph_Node e Uterus

e Mammary e Vasculature

bioRxiv 2021.07.19.452956; doi: https://doi.org/10.1101/2021.07.19.452956



Single-cell transcriptomics of the human fetal kidney
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All clustering algorithms have tunable parameters

hierarchical clustering

1=}
.
=)

PC2
i
..,m\.‘:
Pc2
T T
.:.’4'}. ”
Pl

k-means clustering

Louvain / Leiden community detection

Kiselev et al, Nat. Rev. Genetics, 2019



Phiclust: a clusterability measure for single-cell

transcriptomics reveals phenotypic subpopulations

Mircea et al. Genome Biology (2022) 23:18

https:/doi.org/10.1186/513059-021-02590-x Ge nome B|O|Ogy
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Phiclust: a clusterability measure for single-

cell transcriptomics reveals phenotypic
subpopulations
Maria Mircea', Mazéne Hochane’, Xueying Fan®, Susana M. Chuva de Sousa Lopes’, Diego Garlaschelli* and Maria Mircea Diego Garlaschelli
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measurement = signal perturbed by noise

measurement signal noise
(gene expression,  (expression profiles | (random matrix,
observed) unobserved) unobserved)
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measurement = noise perturbed by signal

measurement noise signal
(gene expression, (random matrix,  (expression profiles,
observed) unobserved) unobserved)
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Random matrix theory predicts the singular value distribution

measurement noise signal
(gene expression, (random matrix,  (expression profiles,
observed) unobserved) unobserved) Marchenko-Pastur theorem
- A e _| 5 predicts singular value
1 distribution of covariance matrix
[ * for iid random processes with
- = e R variance 62
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T: number of cells
N: number of genes



Distance of significant singular values from bulk distribution

reflects signal-to-noise ratio

1.00
0.751
2
2 .50 . . .
g high signal-to-noise
0.251 0.36 0.77 0.9 0.94
* * * *
0.001
0 1 2 3 4
Singular Values
1.00+
0.751
%\ e L]
g 050, low signal-to-noise
e 0.05 0.61 074
0.25 / 7
* *
0.001
0 1 2 3 4

Singular Values



A useful measure can be defined based on the significant

singular values

measurement noise signal
(gene expression, (random matrix,  (expression profiles,
observed) unobserved) unobserved)
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The distance between sighal and measurement can be

calculated from the singular values

signal
measured eigenvector

The eigenvalues and eigenvectors of finite, low rank
perturbations of large random matrices *
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Clusterability measure = cos?(angle)



Distance between signal and measurement can be

calculated from the singular values

a measurement noise signi
(gene expression, (random matrix, (expression
observed) unobserved) unobser

Clusterability measure
=
.l
||
a
N
il

@ I MP distribution /

I I P



The measure can be shown to relate to clusterability

measurement
(gene expression,
observed)

»
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The adjusted Rand index (ARI) quantifies clustering quality

Rand index RI
measure to assess the quality of a clustering;
ground truth is required; between 0 and 1

number of pairs of cells correctly put in the same cluster
+ number of pairs of cells correctly put in different clusters

Rl =
number of all possible pairs of cells

— e o s o I_
:o % o i:‘..'oo'ol I'; _:::‘i

® o ® ® o
= 66/78 =0.85 Rl =36/78 =0.46
good clustering bad clustering

Adjusted Rand index ARI
Rand index relative to random clustering



The theoretically achievable ARI (tARl) is limited by the

Bayesian error rate

cell type A cell type B
30
.z cell can is assigned
low noise £ 1 ,
- /\ to A with low error rate
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ARI for simulated data
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ARI for synthetic data
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is a proxy of the achievable ARI
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Application to fetal human kidney data

fetal kidney W16 . ; 0
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Application to fetal human kidney data
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Single-cell Netherlands

Single Cell Network Leiden
S\Eg[,“ce,!' A platform to exchange experiences, to
Network connect researchers with complementary
-eiden expertise, and to strengthen the single cell
community in Leiden

www.singlecell.nl

Smgle CeII Network
Lelden @scNL4

singlecell.nl@gmail.co
m
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Experimental challenges of single-cell RNA-seq



Drop-seq microfluidics

Drop-seq single cell analysis

Cells )
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1000s of DNA-barcoded single-cell transcriptomes
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our home made PDMS device
Macosko et al., Cell, 2015 (1000 libraries / 5 min )

dolomite microfluidics
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Single-cell RNA-seq principle (drop-seq)

1. cell co-encapsulation : /WQQ
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Unique molecular identifiers (UMls)
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Kivioja et al., Nature Meth., 2011



Chronic kidney disease is a prevalent disease worldwide

CHRONIC KIDNEY DISEASE FACTS

VILLA MEDICK
CAUSES OF CHORNIC KIDNEY DISEASE

28% HIGH 1% GLOMERULAR DISEASED
BLOOD PRESSURE 806 MICPE! 1 ANEALIC

10Y% OF THE POPULATION
WORLDWIDE IS AFFECTED BY
CHRONIC KIDNEY DISEASE
AND 111105 DIE EACH YEAR

o 26 MILLION pscrican aours
HAVE CHRONIC KIDNEY DISEASE,

---------- WHICH ADDS UP TO ABOUT
HHEREREREY TIN 10 PEOPLE

é
RISK HIGH BLOOD FAMILY OVER — OVER50
FACTORS DIABETES PHESSUHE hw HISTORY - WEIGHT i SMOKING YEARS OLD



Regenerative medicine approaches for treating kidney disease

Detailed knowledge of in vivo

Factors kidney development required!

to elicit

—
repair | | “wHaney 1 l,—-—|-l ). ] il

Renal | | Non-renal

Little, JASN, 2006



Transcriptomics of individual cell in the kidney (TRICK)

human fetal
kidneys
single-cell validation by
RNA-seq imaging
(10x genomics)
@l ® e o Single cell 8205 cells Per cell:
Human fetal Z; -’“ =3 ....‘ =p RNA-seq ==p 6602 after filtering -Minimum 2k txs
kidney - w16 e 1 Dissociation 10% 21k non-0 genes  -Median 3.8k txs
W g 39M txs



Embryonic kidney development

nephron — functional unit of the kidney

i Renal
Connecting
tubule corpuscle
e—— Proximal
convoluted
Distal @ tubule
convoluted
tubule Ve
@ Parietal epithelium
l (Bowman’s capsule)
&—— Proximal ———
Distal StLai ht \
straight @ H tubule
tubule f{
|
Collecting Y/
duct f
F— |Degcefnding
i imb o
ﬁri%egfd n loop of Henle ) -
loop of Henle Visceral epithelium

(podocytes)

McMahon, Essays on Developmental Biology, 2016
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22 cell types could be distinguished
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Trajectory inference with monocle 2 confirms

developmental flow
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Heterogeneity in the nephrogenic niche
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Gene expression and Monocle 2 suggest temporal order of NPCs
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Data can be explored with an interactive web app

[ Human fetal Kidney Atlas

Controls
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