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Single-cell RNA-seq Analysis — Complete Cheat Sheet

From raw reads to biological insight

QC & PREPROCESSING Which cells and counts can we trust?

PRIMARY PROCESSING How do reads become counts?

ggll?ﬁ?m) Cellbarcode [N Transcript sequence . — a. QC Filtering Context-dependent QC thresholds
31 - eparate guide libraries - -
Guide library Cell barcode : Guide-identifying sequence depend on preparation. Low-count cells Low-count genes Mitochondrial fraction Doublets
(CRISPR screen) Ftl;er out cells with Remove genes detected Remove cells with high Remove cell doublets
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e CELL LANDSCAPE What cell types and states are present? BIOLOGICAL INFERENCE What changes, and what does it mean?
1 HVG selection 2 Dimension reduction (PCA) 3  Batch integration (Harmony) 1 Gene program analysis 2 Differential expression
Select informative genes Summarize expression patterns Adjust batch differences Which genes vary together? o Which genes change expression?
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Schematic illustrations - Pseudotime is relative progression - Communication is inferred from expression



Single-cell RNA-seq Analysis

From raw reads to biological insight

1 Primary Processing —» 2 QC & Preprocessing —» 3 Cell Landscape —» 4 Biological Inference

How do reads become counts?

Celll Cell2 Cell3
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Genel
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~ Gene3
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Alignment & quantification
Barcodes & UMIs

Which cells and counts
can we trust?

f \
Cell QC - Doublets - Ambient RNA
| Normalization - Feature selection

What cell types and states
are present?

PCA - Neighbors - Clustering - UMAP
Integration - Annotation

What changes, and
what does it mean?
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Expression & abundance
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Count matrix

Clean expression matrix

Cell types & states

Biological insight



1 Primary Processing

How do reads become counts?

Celll Cell2 Cell3
e
_ Genel
Gene2
—
» Gene3
—

Alignment & quantification
Barcodes & UMis

FASTQ to count matrices

GEX library L [
Cell barcode UMI Transcript sequence

Guide library [ [
Cell barcode UMI Guide-identifying sequence

1 E‘B'Gf; barcodes 5 assignreads 3 Collapse UMIs 4 Build matrices
Per cell + gene Cell x Gene

= = = UMIA SEEES Gene A GeneB GeneC
) _> S _> UMIA IS }}‘ _} Cell1 n
— e UMIA S— Py o | 3 | 1
1molecule (g3 --n

Cell Ranger - STARsolo
alevin-fry

Count matrix

Guide library
Separate-library example Cell X Guide
Guide FASTQs Match guides Per cell + guide
= UMIA N
_ =) * : 7 _4. * UMA D ‘ » Cell 2 “
) . ol UMIA SEEEES - .
e 1 molecule

Link by cell barcode ~ ey Guide assignment



> 2 QC & Preprocessing —

a. QC Filtering

Which cells and counts
can we trust?

Cell QC - Doublets - Ambient RNA
Normalization - Feature selection

Seurat - Scanpy
SoupX - scDblFinder

Clean expression matrix

Low-count cells Low-count genes Mitochondrial fraction Doublets
thr(leshold Gene 1 X X
! Gene 2 b 4
! ,
X 1 Gene 3
% * i Gene 4 @
%% x xx ! Gene5 | \
xXxx | Gene 6 ) . y
: > . > Low mito % High mito % Single cell Mixed-cell
Total UMIs 0 Total UMIs per gene droplet droplet
b.N lizati
. Normalization
Log-normalization SCTransform
x . — /1 .
count 4 P
Total count Hig + Uiz /6,
Expected count from sequencing depth
+ selected covariates
30K 1044 ¢
= - n
= x 2 5 I residual
3 20K+ & g 44 3 :
2 — 3 — g B 1%’ e
~mll (HA - 2
10K S > [ d
o = Q0
o (@) ~7%
0- 0- 0- :
Cell1 Cell2 Celll1 Cell2 Genel Gene2 Gene3
Original counts Equal totals Expected sunt

Transformed expression

Each dot = one cell (fixed gene)



> 2 QC & Preprocessing —

Observed count

Which cells and counts
can we trust?

SCTransform

g Xig — ﬁig
* Vi, + 2 10
:ulg+.uzg g

Expected count from sequencing depth
+ selected covariates

residual

1
1
I
1
1
1
1
1

Expected count
Each dot = one cell (fixed gene)

Seurat::SCTransform
To eliminate some confounder

Gene count

Residuals: removing sample baseline differences

Pool all cells 2 Account for sample 3 Compare residuals

® Ctrl ® Pert ® Ctrl ®© Pert ® Ctrl ® Pert
. 1 Sample mean
L X oo
lj. % e i
o by Ri, - s , )
Lot = - N e ?
Vi 3 N e
= N (&) S8 ."'3_5 h o ::t P
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oot > c expected : e 0 e s
"‘."l‘l"a‘ s oa'ets © Tde", | |Rrgae,
4!0}* “.“\h v 8 g .{0 A Sob y_f:; e i,-.
o o f. L" 4 .75* A = ;"3?0 ';'.‘.”.
’.o_“ ‘. Yeee .}:'( b }&‘. 'q.‘..
S E R W% ® (@) by i
b
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L o, 7
30 S )
o & s
P
g
1 T 1 1 1 1 T Ll
S1 S2 S3 S4 S1 S2 S3 S4

Er =i~ /lsample(i) Subtract each sample’s fitted mean

For scRNA-seq: NB model and Pearson residuals

Xig ~ NB(ﬂig, eg), log/iig = ﬁOg = log N; + Yg,sample(i)

Fig = (xig _ﬁig)/ ﬁig +ﬂ%g/9g

Observed — expected, scaled by expected variability

Nj: total UMIs
7v: sample effect
6: NB dispersion

Conceptual sample-adjusted model; sample adjustment must be explicitly specified. Schematic data.



> 2 QC & Preprocessing —

Which cells and counts
can we trust?

Cell QC - Doublets - Ambient RNA
Normalization - Feature selection

Seurat - Scanpy
SoupX - scDblFinder

Clean expression matrix

DESeq2::vst
* To stabilize the variance in between the genes

Variance stabilization with DESeq2

Raw counts

1 Normalize count scale

Samplel Sample2

Normalized counts

»Ll_,

Samplel Sample2

dig = S;

Adjust sample-wide count differences

s;: size factor

2 Mean & variance

Gene Mean Variance
Gene A L st
Gene ;7 7,[:3 i Sg N
GeneC | He ) 82

Summarize each gene across samples

i

Variance

3

=
4 Apply the VST

Transformed value h(g)

h(q) =

1 du
0 vVv(u)

Fit the variance function

v(p)

Mean expression

NB mean-variance relationship

5 Reduce mean-variance dependence
AFTER

BEFORE

Variance
@

Ceo°t

Mean

Normalized count g

Apply the same function to all genes
DESeq?2 also rescales the output

Variance

Mean

Variance depends less on mean expression
Each dot = one gene

Conceptual overview ¢ Schematic illustrations



DESeq2::vst
> 2 QC & Preprocessing — * To stabilize the variance in between the genes

DESeq2 VST: from variance to transformation

Which cells and counts 1 Estimate the variance function 2 Apply the delta method

can we trust? v(n) = Au + Bu® Var[h(X)] ~ [1'(w)]* v(w)

1

= = W) = ——
A=1+4a;, B=ay (4,B>0) (u)l\/m
. ; ® fe = Var[h(X)] =~ 1

: rast y. 3

g Woos SR

Mean expression (at mean p)
NB mean-variance relationship Choose a slope that compensates for variance
Cell QC - Doublets - Ambient RNA
Normalization - Feature selection 3 Integrate the slope 4 Rescale to thelog, scale
1 du VB A )
: : ‘ I(qg)— fo VT hoeseq2(q) = 1 h(q) +log, <4B
eurat - Scanpy L2 Bq A e A+2Bq +2v/Bq(A + Bg)
SoupX - scDblFinder = Sy PRSP 4B
= I , ] ///’___,_——— DESeq2 VST
° ° = ’f”/ ——= logzq
Clean expression matrix . = ' :
ormalized count g q
Same nonlinear mapping for all genes Approaches log, g at high counts

h: count-transforming function v: mean — variance function q: raw count



3 Cell Landscape —

What cell types and states
are present?

PCA - Neighbors - Clustering - UMAP
Integration - Annotation

Seurat - Scanpy
Harmony - scVI - CellTypist

Cell types & states

Cell landscape: six core methods

[ ] o ® ® L
HVG Selection Dimension Reduction Batch Integration
Select informative genes Summarize expression patterns Adjust batch differences
4 - . Principal components © Batch 1 () Batch2
® Gene expression matrix sfcells
- % Before correction After correction
0} ® “n ot t. t ‘
2 o ., it | Kot i Gl o8 {oi%s,  oSi3e
g - i ., cﬂofv ::; ° ;7. 8 il p OQ{&?Q @.?5 (G;?,g,,, 0;,6;0 o 3@'}:‘ @
8| o O ASZERTHEL | B O N R0 *) S . :
g LI5S ‘i‘zrﬁ-‘i s N MI . So - oS T30
= &?a o o $3ps
R ® 0, R @ ° R
log(mean) g Cells PC1 PC1 PC1
o [ ] (] o
Clustering 2D Visualization Celltype Annotation
Group similar cells Visualize cell relationships Assign cell types using a reference
A
Cluster1 Cluster2 :? Queryexpression  Labeled reference  Cell-type label
@) @) O Tcell Bcell Myeloid
O o Q @) OOO Q O P Genel I B T cell
o O O Lleiden @ o6 @) O o) = Gene 2 i |
O @) O = Gene 3
Q O O @) o0 O = Gene 4 ->
O Q O O 0O O Gene5
O O O O oo
S0 ’ Query cell

Cluster3

UMAP1




> 3 Cell Landscape —

What cell types and states
are present?

@ .0. 2 :.f.. .....:..:0
£ 2
35 0

HVG Selection

Select informative genes

A

log(variance)

v

log(mean)

HVG selection with Seurat vst

1 Mean & variance

2 LOESS fit

Gene

Mean Variance

Gene A

Ha

log(variance)

4 Clip extreme values

Standardized value z;,

log(mean)

3 Standardize counts
e Xig A— Xg
Vog
Raw counts Standardized counts

Lllll F Fh['-‘-i‘li'

Cells (for one gene)
Z;; = min(z;,, vN)

N = number of cells.

5

VN Gene A
—) GeneB
Gene C

Calculate variance
after clipping

Clipped standardized value Eig

6 Select top genes

Gene A
Gene D
Gene B
Gene E
Gene C
Gene F
Gene G

FindVariableFeatures(..., selection.method = "vst")

=

v

Standardized variance



> 3 Cell Landscape —

What cell types and states
are present?

Genes

Dimension Reduction

Summarize expression patterns

G : tri Principal components
ene expression matrix aticells
A

b L oo 6
R I

1“ Eﬂ -
@

B
4
PC2

v

Cells PC1

PCA

- Compress information from tens of thousands of genes into a vector of around 50

numbers.
®
PCA: from 3D expression to 2D
1 Three-dimensional expression 2  Find the principal plane 3  Project onto two PCs
“Gene C A Gene C
APC2
® : g PC2 ®
be
S:ﬁ.’g ﬂ ' -
2 : : 1 PC1
FU
\Gene B \Gene B
Gene A Gene A

Keep PC1 and PC2

3 genes — 2 principal components

Illustration; real data contain thousands of genes

Each dot = one cell



3 Cell Landscape —

What cell types and states
are present?

... L) s
°... e ..“5"'0
':':.'s"-“ o .‘0.'3
SRR I

PC2

Batch Integration

Adjust batch differences
© Batch1 () Batch2

Before correction After correction
A
=
®e ™ 03,0 @
@3 9®a %4';:&2 eov:e‘g,'g".
YT T ® ede® N T O
o gfo So50 © b3 4
®e0 ¢ LY L LY ®.0
© o @
-y O
© o 0,90
2 @ ¢
@ ®
®ood 21108
eze 0q0e_o°
@ 9‘¢ ®© ®

v
v

PC1 PC1

1 Before correction

Type A Type B

A A -

xr’>'

Soft clustering

Harmony: iterative batch correction

) Batch2

3 Ridge correction

Type A Type B

4 After iterations

Type A Type B

: _)A/

PC1

Repeat until convergence

Soft clustering

5 Oxp
fggllz Pl — ci || +Uzrzklogrzk+7720kb1°g<Eb

i,k

J

Distance

Batch diversity

a ':' t\;&*
™)
PC1
Across selected PCs !
Weighted ridge regression
Before correction After correction
A A
—
(_) )
8 —tle a 0.9
—i 8. o] 3 o ©
8 o2oLe ——) % - P - Intercept
oc] i = e ‘e
;—resndual <) °
(&)
1 T 1 1
Batchl Batch2 Batchl Batch2

PC1 = intercept + batch effect + residual
Corrected PC1 = intercept + residual



> 3 Cell Landscape —

What cell types and states
are present?

2D Visualization

Visualize cell relationships

'y

UMAP2

v

UMAP1

t-SNE & UMAP
Similarity

High-dimensional data

A

@)
QUQQ
Q oo

t Update positiohs

—

Compare
C

J




> 3 Cell Landscape —

What cell types and states t-SN E VS U MAP

are present?

LX) t'SNE UMAP

s .0.%! @ oole * :. o fl Gaussian-based neighbor affinities Locally scaled kNN graph
S0 . ® ’.ao:. ..:..:’0. ° High-dimensional similarity = Symmetrized and normalized Fuzzy connection strengths
[ o © . o
o'.i?". 328:0.‘ 0;.’ : .
W 00 et f2 Student-t kernel Distance-based kernel
St e 2\-1 1
. . 2D similarity qij X (1 + ||yl = y]|| ) dij = R S——
2D Visualization | | e
Visualize cell relationships C KL divergence Fuzzy-set cross-entropy
\ g Pij
b s Objective Y pijlog =~ =Y, |pijloggij + (1 — pij) log(1 — gi5)]
i‘.:”". Fee © i#] qij i<j
N ,
O_ . . . . . . .. . .
< Philosophy Match a dlstrlb-utlon of ne.lghb'or §|m|lar|t|es. Match a we|ght.ed nelghborh(?od graph.
3 Strongly penalize separating similar pointts. Balance attraction and repulsion.
Both optimize 2D coordinates to reproduce high-dimensional neighborhood relationships.

v

UMAP1



> 3 Cell Landscape —

What cell types and states
are present?

e, °e .
’.. o”o :‘%"0
...0.::"3:... ..3.::
.. SHn edne
e .o. 00 o%ce :.0 ®
s TR M

Celltype Annotation

Assign cell types using a reference

Queryexpression  Labeled reference  Cell-type label
Tcell Bcell Myeloid
Genel | B T cell
Gene 2 L |
Gene 3
Gene 4 =)
Gene 5

Query cell

Genes

Select marker genes

Reference-only marker selection

Cell type A Cell type B Union gene list
: = A-B markers
2 1 A-high A-C markers
-i-r'm = A
= 4 ‘_
= i

| B-high G-H markers

|
IC ]

Reference samples Reference samples

m = 500(2/3)"e:X

K = 8: ~148 genes per direction
Union across all type pairs

4 Select candidate types

Cell type

I OTMmMOONO® >

Query 1 — initial type scores

0.82-0.05=0.77

0.82
0.80
0.78
0.76
0.40
0.30
I T T T T 1
0 0.2 04 0.6 0.8 0.9
Score Sj.

2 Compute correlations

Spearman correlation across marker genes

Reference samples
A B C D E F G H

NN B8 8 BB WEE oW 5 6 08
o (I FIEEODAE 0§
D iowya My IL " mireg
g | R § R
c 1l i

Spearman correlation (p)

-0.5 0 0.5 1.0

5 Fine-tune & assign

Re-score against reference samples for candidate types

Markers distinguishing A /B / C Re-scored type scores

{{
R B c (for Query 1)
—
2 T : A 0.86
5 o8 &
% = -3 - % B 0.75
- Elul_ S 9 ¢ 0.62
= . o
-
- E—E 0 03 06 09
H:- J Score Sk
+ ¢
\
Assign A
= Repeat if needed -~ Highest final score

SingleR: from reference profiles to cell labels

3 Score each cell type
Query 1
Sk = Qo3 (correlations for type k)

Reference sample
@ 80th percentile (Qos)

=
o
)

’.‘—.-—.—_._

Specration
correlation (p)
o o
o w
L 1

]
et
wn

1

|
-
o

T T T T T T

T
A B 4 D E F G H
Reference cell type

6 Prune uncertain labels

Distribution of A for cells with the same initial label L

5 Retain label
NA/ Unassigned | >
s R
1
> ]
£ 1
a 1
s 1
[
Q i
| I A T 1 [N IR ALLUMR L L
Delta (A)

A; = Si.assigned - mediank (Sik)
Prune if A; < median(A;) —3 MAD(A,)

Also prune if final best — next < 0

Classic defaults - MAD uses the 1.4826 scaling factor



Biological inference: five core analyses
> 4 Biological Inference Gene Program Analysis Differential Expression
Which genes vary together? Which genes change expression?
Program activity ‘ 3 . Up
What changes, and »“m mn = :
what does it mean? Frogem ! mai L /\N a l
| - ) l
4 : . § Program2 ;ﬁ:PE » AW é 10 |
— ® : : .. [ ) 8 g " mg i
2 s' e ot mhai: L 25 4 o
IRy - o Cells Cells - o - , Jeel’e —
| I -2 -1 0 1 2
log2 fold change# log; fold change
S T e Differential Abundance = Trajectory Analysis Cell-Cell Communication
. _ Which cell populations change? How do cell states progress7 Which signaling interactions are predicted?
Trajectory - Programs - Interactions .0
4 @ Ctrl © Pert
061 o
DESeq2 - Milo - Slingshot 5 . o
cNMF - CellChat § 041
S o o o
° o ° ° § R [ : r / |
Biological insight H preudotine |
4o ; : @ D Sender cell :
Type A Type B Type C Early Late Receiver cell




» 4 Biological Inference

What changes, and
what does it mean?

-log10(p)
(#’"-’:_ o
:. 05.. ® .

| | >
log2 fold change

[ ]

Gene Program Analysis
Which genes vary together?

Convergence of coronary
artery disease genes onto
endothelial cell programs

Schnitzler, G.R., Kang, H., Fang, S. et al.
Nature 626, 799-807 (2024).
https://doi.org/10.1038/s41586-024-07022-x

FA & cNMF

- https://thewonlab.slack.com/archives/CCQTR2UNM/p1726769274196319



» 4 Biological Inference

Erd T muscat detects subpopulation-specific state
what does it mean? transitions from multi-sample multi-condition
b single-cell transcriptomics data
% :‘.:.’é é:'::' Helena L. Crowell, Charlotte Soneson, Pigrre—Luc Germain, Daniela _Calini, Ludovic Collin, Catarina Raposo,
LID .g'ﬁ.umg. 0. Dheeraj Malhotra & Mark D. Robinson

> Nature Communication (2020)
log2 fold change

Department of Molecular Life Sciences, University of Zurich, Zurich, Switzerland

Differential Expression
Which genes change expression?

4 Down Up
15 4 °

6 models for DE analysis
i - https://thewonlab.slack.com/archives/CCQTR2UNM/p1774023602138449

10

-log;, adjusted P

'{::' ZiPert ; https://thewonlab.slack.com/archives/CCQTR2UNM/p1782500083480739




» Biological Inference
4 Differential Expression Analysis (DE)

What changes, and

what does it mean? Gene expression ~ Condition + Covariates
e
g , X !:..'°' e.g., Identifying genes differentially expressed following perturbation.
‘E.D ....: :Qé...
g ¥

log2 fold change g
Differential Abundance| | Differential Abundance Analysis (DA)
f Lol S Cell count ~ Condition + Covariates

0.6 1
©

0.4 4
[

0.0

Cell proportion
e

o & e.g., Identifying cell types differentially abundant following exposure.

]

Typ'e A Ty[;e B Typ;e o




» 4 Biological Inference

What changes, and
what does it mean?

<>

|
I
|
|
‘ ....
®

o
log2 fold change

~log10(p)

Differential Abundance
Which cell populations change?
Ar @ Ctrl © Pert
061 o .
S - :
§_ 0.4 1 s
2l Ol > [*
“ ]
0.0 r ‘; T
Type A Type B Type C

Differential Abundance: what do we compare?
scCODA

Cell-type composition per sample

100 -
e
.0
5 &
(]
s s
o =
I
O
0 I 1 1 1
Ctrl 1 Ctrl 2 Exp 1 Exp 2
Neuron Astrocyte Microglia
scCODA
Target Annotated cell types
Input Cell counts by sample x cell type

Replicate unit

Biological sample

Milo

Overlapping kNN neighborhoods

s Count cells from | aHINa, - N3
S0 NL each sample u
N2 L AR [ 3 »

UMAP1

Sample 1 Sample 2

Each dot = one cell

Milo
Overlapping kNN neighborhoods
Cell counts by sample x neighborhood

Biological sample



+ 4 Biological Inference

What changes, and
what does it mean?

4>

} }

1 I..

I 1
a 11 e
= ® 41 | o 0
S| %% s ®

o0 | e %0 -Qﬁo

Ke) eC¢e oede o

| |

log2 fold change g
Trajectory Analysis

How do cell states progress?

Pseudotime

¢ )
Early Late

Slingshot: from cell clusters to pseudotime

1 Cell types 2 Connect clusters 3 Fit smooth curves 4 Order cells
Neuron B B
L/\. :Q"z‘;
& ey
» »c‘
Immature vl ' ’
neurons > Sl g A
2, (BT o
: 43 Oligodendrocytes
032,
s
(, .'.’/Root %2
o X4 EB9,
RO 5 2 E"’fg\
o Progenitors Midroglia o o N
s = < —— Lineage 1 < )
= = 5 « Lineage 2 5 Pseudotime
UMAP1 UMAP1 UMAP1 umarr (T - 1B
Early Late
Realistic brain cell clusters s : : o :
(multiple cell types) MST within the selected lineage Simultaneous principal curves Distance along each curve

Schematic brain UMAP « Trajectory fitted within a selected neuronal lineage



» 4 Biological Inference

4,

~log10(p)

What changes, and
what does it mean?

| |
| I

1 |

| | Y
® o1 | o_®
° 0l ;.’%
1

°
[]

—
log2 fold change

Cell-Cell Communication

Which signaling interactions are predicted?

Sender cell

Receiver cell

1 Known interactions

Astrocyte

Ligand—receptor database

Ligand
L1
L2

L3

CellChat: inferring cell-cell communication

Neuron

Receptor

R1
R2
R3

2 Summarize expression

Ligand in sender

Receptor in receiver

L1in Astrocytes R1in Neurons

5 0." 5 o.o.
a ® 9 a L
oY EEay
5 o Ly § | ===Rs
-c LX) Y -c ° L]
Q e * Q ° .oo..
@© ® o0 @ &
A 50 3 e e
: ]
Astrocytes Neurons
Trimean = 925 T2Q50 + Q75

4

3 Compute a score

Core score; n=1

LAXRB

Complexes + cofactors
modify the score

Predicted signaling from mRNA expression—not direct evidence of communication

4 Shuffle & compare

Original labels
A) Ay EA B B B

= o (=]
= ] = =

* Shuffle labels only
Shuffled labels

B A B A B A

o e P 'o\‘\o C
Observed
2
2
[
o
Score
= #{Sshufﬂe > Sobserved}
B

B =100 by default



Single-cell RNA-seq Analysis — Complete Cheat Sheet

From raw reads to biological insight

PRIMARY PROCESSING How do reads become counts? Q QC & PREPROCESSING Which cells and counts can we trust?
GEX library Cellbarcode [N Transcript sequence a. QC Filtering

(transcriptome) Context-dependent QC thresholds

gres Separate guide libraries - .
Guide library Cell barcode Guide-identifying sequence depend on preparation. Low-count cells Low-count genes Mitochondrial fraction Doublets
(CRISPR screen) Fil;er out cells with Remove genes detected Remove cells with high Remove cell doublets
2 A too few detected UMIs in very few cells mitochondrial content (multiplets)
-> X ni rix
Transcriptome (GEX) reads = Cell x Gene mat i i i =2 -
1 Extract barcodes & UMIs 2  Assign reads 3 Collapse UMIs 4  Build matrices g Gene 2 l=7 ? ?( (@ ) / @2
Identical UMIs within Cell x Gene count matrix 5 10® Gene 3 NN @ | (& )
B ——— cell + gene - 1 molecule ek T st = se%co e Ehfestlol:i 3 Gene4 | b | & : \® (;,/«/
E==3 UMI A L2 Gene 5 == S 2 \,_, =
— - - Celll om Gene 6 . e = S ‘
==} - . UMIA . Cell 2 E 3 1 lo"_x"_;?—'»‘_‘ Low mito % High mito % Single cell Mixed-cell
1 UMIA Cells Tor UMt g (kept) (fltered) droplet droplet
Raw reads | Map to genes 1 molecule Ccell 3 “ 1 0 otal UMis per gene (kept) (filtered)
Cell barcode  UMI X Filtered (low count) Kept X Filtered (low count) [ Kept
Guide library reads = Cell x Guide matrix b. N°""al'zat'°'|'_ o ‘ o
7 . s og-normalization ' ransform
1 Extract barcodes & UMIs 2  Assign reads 3 Collapse UMIs 4 Build matrices g : ,\
2 Identical UMIs within Cell X Guide count matrix count { Xig — Hig N8 model »
[ Match to guide sequences cell + guide - 1 molecule Gk Gins log ( 1+ m 04) lig = 671\2/9 depth adjustment
_— - UMiA W - ci1 B 0 : V Hig * Hig /%
[ra—s] UMiA . Cell 2 0 6 10° it g 6 = 10t Residual .
Raw reads | UMIA DS e ceols G 9 £ ) . g ) g L) el
Cellbarcode  UMI 8 — 10 - ;é 10} o
L : _J s 10 10? g 2 § SR
Link by cell barcode ‘ s &2 §
celll  Cel2 Celll  Cell2 Genel Gene2 Gene3 100 #
Original counts Equal totals Log-transformed 1 10? 10*
i i jzati i | Expected count
Output: Count matrices (uneven library sizes) after normalization expression ' (each dot = gne?ce“ ‘?i: od gene)
L Output: QC-passed, normalized expression )

9 CELL LANDSCAPE What cell types and states are present? BIOLOGICAL INFERENCE What changes, and what does it mean?

1 HVG selection 2 Dimension reduction (PCA) 3  Batch integration (Harmony) 1 Gene program analysis 2 Differential expression
Select informative genes Summarize expression patterns Adjust batch differences Which genes vary together? o . Which genes change expression?
Highly variable genes Gene expression matrix Principal components @ Batch1 Batch 2 Gene programs (modules) ogram activity

Down LUp
a of cells i .

< a
) ) Be‘f?r’e coneft.»on After correction g o 15
3 g e ~ RS 4 g g 10
® s an o N 'S = g
s 8 g g 3 g s
8 i im = &8
- - S 0
10" 10! Cells ! -2 -1 0 1 2
log(mean expression) log; fold change
S— ” 3 Differential abundance 4 Trajectory analysis 5  Cell-cell communication
4 Graph c_lu“eri“g s Zp visuahuﬁoq (UMAP) 6 Ce“"ype ammm Which cell populations change? How do cell states progress? Which signaling interactions are predicted?
Group similar cells Visualize cell relationships Assign cell types using a reference P Pt 3 ) i
e Reference (isbelod)  Query (uriabeled)  Assigned label § 067 o " Pseudotime ., Ligand Receptor
% KNN/SNN @) A 5 """ S @ Tl 1 & ' / o OVame.
9 —r ) 2 o, s — =@ 1) g Early Late \ (] -
. Lelden /Louvain . 1o § & = - @ Beell = S \ '\_) / Y D
- o ¥ ?7‘,;. ® = == id 3 2/ °
3 ° ol » v T B Myslokd 9tk O A Bl i eceiver cel
™’ o @ Local relationships Cell types Onts e ypel et UMAP1 Sender cell Receiver cell
SingleR - reference matching scCODA - Milo Slingshot - Monocle 3 CellChat « predicted signaling
I Output: Cell types & states J Output: Biological insight
7

Schematic ills ions « Pseudotime is relative progression - Communication is inferred from expression



Thanks!
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