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Robust scRNA-seq Data Analysis:
An Automated Pipeline from
Dimensionality Reduction to Clustering
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Comprehending the human body necessitates understanding
its 200+ diverse cell types.

HUMAN BODY CELLS




The evolution of cell type identification

Immunotechniques - Molecular Markers

Microscopy - Cell morphology
Immunofluorescence Flow cytometry
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The latest method for classifying cell types involves utilizing the similarity of
transcriptomic profiles assessed through scRNA-seq.
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Principal Component Analysis (PCA) is mostly used for dimensionality reduct

scRNA-seq data.

Noisy and H

igh-Dimensional data

1k ~ 1M cells
expression

~20,000 genes

scGPT

Single-Cell Expression Profile

© B

Brief Communication | Open access | Published: 04 August 2025

Deep-learning-based gene perturbation effect
prediction does not yet outperform simple linear

IA,
—

baselines
C in Ahlmann-Eltze B, wolf Huber & Simon Anders
mxr
Nature Methods 22, 1657-1661 (2025) | Cite this article
Mew Results A Follow

A, unified framework enables accessible deploy t and comp
benchmarking of single-cell foundation models

Benchmarking Transcriptomi i
for Perturbation Analysis : onf PCA still rules them al

Ihab Bendidi Shawn Whitfield Kian Kenyon-Dean
Valence Labs Valence Labs Recursion

Ecole Normale Supéricars Montreal, Canada Toronto, Canada
Paris, France

Hanene Ben Yedder  Vassir El Mesbahi  Emmanuel Noutahi  Alisandra K. Denton

Valence Labs Valesce Labs

Montreal, Canada Montreal, Canada Montrenl, Canady Montreal, Canada
v Geneformer
Transformer
| E— ke
Classifinion (mputation_ Setation Q) —
e EO, 7
00O ELH 5
Principal Component Analysis (PCA) is mostly used for dimensionality reducti
scRNA-seq data.
Noisy and High-Dimensional data
2 e %
Q@ o
° 7 Al xr
= @
t =
X ()

~20,000 genes

Axlmlu variance

i-th individual

\ dim_,

(squared distance) Z; - U scalar projection
of red dots in = .=
this direction (%; - U)o
vector projection

max || X%||> = Var,
[[]=1




Noisy and H

1k ~ 1M cells

Principal Component Analysis (PCA) is mostly used for dimensionality redu

scRNA-seq data.

PR T3

~20,000 genes

igh-Dimensional data

expression

= Var
= )4 .
IZ|_|

02

men

Principal Component Analysis (PCA) is mostly used for dimensionality redu

scRNA-seq data.
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Principal Component Analysis (PCA) is mostly used for dimensionality red

scRNA-seq data.

Scaled data

uoissatdx3

UMAP 2

The choice of the number of PCs has a considerable impact on the outcomes.
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Lack of consensus in selecting number of signals

# of Sigs =13
-~

# of Sigs =50 # of Sigs = 200
X '

type
* b-cells

= cdl4-monccytes
- ecdd-t-helper

* cdS6-nk

© memory-t

[ - *  naive-cytotoxic o~ o
% Y + nalvet o ’ %
= ; = regulatory-t % . =
) @
V ‘ . . . i
UMAF 1 UMAP 1 UMAP 1
Seurat Scanpy
# S3 method for default scanpy . t1.pcaldata, n_comps=None, zero_center=True, svd_solver="arpack’, random_state=0, return_info=False,
RunPCA ( use_highly_variable=None, dtype="float32', copy=False, chunked=False, chunk_size=None)
object,
assay = NULL, n_comps : optional [ int ] (default: none )
rev.pca = FALSE, Mumber of principal components to compute.|Defaults to 50, orf1 - minimum dimension size of
weight.by.var = TRUE, selected representation.
verbose = TRUE,
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User subjectivity in determining the number of PCs can compromise the reli

of outcomes

Seurat

# S3 method for default

RunPCA (

object,
assay = NULP,
npcs = 50,

rev.pca = FALSE,
weight.by.var = TRUE,
verbose = TRUE,
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Reducing subjectivity in determining the number of signals:
Elbow method and Variance explained criterion.

Scree plot

100

Percentage explained variance

Mumber of principal components

Reducing subjectivity in determining the number of signals:
Elbow method and Variance explained criterion.
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These methods still rely partly on user subjectivity!
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Random matrix theory (RMT) provides an objective threshold

Random matrix
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Random matrix theory (RMT) provides a objective threshold

&

scRNA-seq data Random matrix Low-rank signal
n - - -
A 2 e I
"% | {Add)
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Gone 4 4
1 1
1 Log fmmmmmmmmes ! .
Normalization i
1
1
1

RMT-based nojse filtering
Tracy-Widomimreshold

-'*-uLg

R 17
h Luis Aparicio et al. 2020, Patterns; Kim et al. 2024. Nat. Commun.

Cell to cell
Scaled data o siilarity matrix

# of signals = 33

Sparse gene array o el S

High variability among samples and the sparseness of data lead to
false signals following log normalization.
Log-norm. _ %’ i "o
: i
e
Cell Eiaervalue
enes
= Noise
Log-norm. _ g %
- |Be 8 H g
Sparse geno array o Cell Eigen\rab:la
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Most widely used data preprocessing method : log normalization.

scRNA-seq data Counts Matrix Size factor removal
gene
Jene — T ol3l2|713s 0 |0.15| 0.1 [0.35| 0.4 ,
: i : 5 ofs|ofo]2 m 0 [os| oo o2 n
@ mmp [o|3|0lojo + | 3 mmp |o|10|o0]o
= ’g::. alolels]|o 15 027| 0 |04033| 0 1)
8 o @ o|7|8|ofo 0 |047/053| 0 | 0 1
Gene scaling (Z-score scaling) ; )
1 5] oel oil128l 15 Log transformation (In(1 + xL))
3.5 -05/0.84| -1.1| -0.8| 0.84 0 [1.06/0.82(1.69| 1.8
3.8 -05(1.05 -1.1| -0.8| -0.8 0 |241| 0 | 0 [1.26
10 2 |17 1] 12| -08 0 (281 0| 0|0
33 . 29| -0.8] 0.8 « 147 0 [18[165] 0
o o 0 |193[204| 0 | 0
1 1 Mean | 0.29] 1.6/0.93 1 0.61
SD | 0.59 0.96 0.86 1 0.77
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Random matrix with
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Cell Eigenvalue

20
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L2-norm effectively corrects the signal distortion.

Log
Normalization

Cell to cell RMT-based noise filtering )
el almilarity matrx # of signals = 33
M : ¥ I :
5
2 ) —i———3 —
L2
l Normalization

Cell to cell

similarity matrix # of signals = 6

However this result is still unsatisfactory

e 21
S Kim et al. 2024. Nat. Commun.

Low-quality signal filtering using a signal robustness test enhances

the quality of outcomes.
L2
l Normalization
. ’ RMT-based noise filtering E
Scaled data ) ?.-Im . 6 signals

H
Cell1
Cell 2
CeII 3
scRNA-seq data 1 celln Celln

Lowly correlated Highly correlated
sparse genes dense genes
- v i
Signal 6 Signal 5 Signal 4 |[Signal 3 Signal2  Signal 1
- A4 1T 1 | 5
Spatse noise matrix

Fragile signals Robust signals e —
Sih> 0.5

o
i e
UMAP 2

S— 22
S Kim et al. 2024. Nat. Commun.
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single-cell Low-dimension Embedding using effective Nose Subtraction (SCLE

h
-~ sclLENS N
N " Log-norm. i) Log-norm. + L2-norm. ™) Signall filtering Types
Real scRNA-seq data - S=84 - 42 . 13 |- CD19+B cells
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T i Kim et al. 2024. Nat. Commun.

scLENS
scRNA-seq ingl 1l Low-di inn Emboaddi

usmg effective Noise Subtraction

-

| (Log-norm. + L2-norm.) |

|
Dmnlllwnllm | <

Current
methods
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24
Kim et al. 2024. Nat. Commun.
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SCLENS outperforms others on the data
with the high level of sparsity and skewness of data distribution

Sparsity CV (TGC)

B N } | H ™
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—s— Randormby 04
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Kim et al. 2024. Nat. Commun.

SCLENS outperforms other 11 packages.

BSIL WECS_leiden MWECS_hclust

scLENS
Monocle3
scTransform
ACTIONet
Seurat
Scanpy
scVI
Randomly
ParallelPCA
scDHA

SHAR Why did scLENS outperform others, which also
ZINB-Wa automatically select signals?

Score I

26
Kim et al. 2024. Nat. Commun.
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SCLENS is more effective than other methods in identifying the optimal num
signals (principal components).

J scLENS
Deep seq data (D) Downsampled (Y) 0.5 # Elbow
e H Var9s
- 0.4 4 7 Maximum

Counts

v

Preprocessing

* 0.1

PCA 0 50 100
(3PCs ~ 100PCs) nPC
.

\ /!\//. ) s Random matrix theory  Signal robustness test
.\2:\_. Noise | Signal
— —

< kNN-overlap >
=
o

S
Perturbation

overlap

Ahlimann-Eltze et al., 2023, Nat. Methods; Kim et al. 2024. Nat. Commun

ScLENS is more effective than other methods in identifying the optimal num
signals (principal components).

% scLENS
Deep seq data (D) Downsampled (Y) 0.5- % Elbow
it E a A # Var9s
c o gg4.
5 o 0.4 7 Maximum
S ¢
o @ 03
+ =
=
. 2
Preprocessing v 02
* 0.1
50 100

(@]

T ® scLENS
" Elbow method
= Var9s

PCA 0 i
(3PCs ~ 100PCs) nP
.

overlap

ag’.
/ o
Al
Normalized kNN-overlap score

0.2 0.4
Downsampled ratio

Ahlmann-Eltze et al., 2023, Nat. Methods; Kim et al. 2024. Nat. Commun|
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SCLENS outperforms the most widely used 11 packages in capturing the aorig

local structure from downsampled data

Deep seq data (D)

Downsampled (Y)

\

a(D)

T 7
LR

k-NN
overlap

Counts

Ahlimann-Eltze et al., 2023, Nat. Methods; Kim et al. 2024. Nat. Commun

scLENS
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0.5

29

The relative performance of scLENS varies depending on the type of

scLENS
Monccle3
scTransform
ACTIONet
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Scanpy
scvl
Randomly
ParallelPCA
scDHA
SHARP
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0 0.2 0.4 06 0.8
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0 01 02 03 04
< kNN-overlap >

0.5

scLENS Conventional
- 19 ¢ 50
e ™ - -
- .‘-
’-{ -
. V]
SIL: 0.75 SIL: 0.51
scLENS Conventional
. S=189 M 50
-
q -
- )
[ ] ’ B . \

No difference!

SIL: 0.94

SIL: 0.91

30
Kim et al. 2024. Nat. Commun.
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scRNA-seq data contains both binary and non-binary information

Non-binary info.
im. T-cell
s 07 O + Sim !\!ol.eg\,i .0
W % Sim.T—muris o)
2 o9 06 No. 3
l' ] 00 @a O
TITE S .0 9B
! E 'I © "o ©
— 0.3 o
@]
4 024, :
EILE:E.O.U 0 0.5
ASIL
ASIL=SIL-SILp

31

scLENS, ASIL =0.77

Conventional log normalization binarizes data
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32
Kim et al. 2024. Nat. Commun.
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The choice of the number of PCs has a considerable impact on the outcomes.

G (R

2

L: Scaling factor
Seurat: 10,000
Scanpy: median(TGC)

600 600
400 400
200 200 —p
. T——— T 0l et 01 ; —L
5 10 15 20 ] 5000 10000 15000 20000 (i —— 1
counts CPM log2(1+CPM)
(a) UMI counts (b) counts per million (CPM) (¢) log of CPM

33
Kim et al., Nat. Commun.; F. William Townes et al., Genome Biol , 2019

During log normalization, multiplying a large scaling factor binarizes d

a b c

3 7 =§' 16 05

log-trans X{?w g“ g

X 1 +W@ i %u e

i Aij :. o8

g . 5 ” 02

2 4
L: Scaling factor g i g % 01
Seurat: 10,000 g — - 3 o 0
. A 0 (P ’oo, o0 ’o«, ’m( 7 o 'o«f 'ov(

Scanpy: median(TGC) s“m'm"%,, “y wwm"’»«, %1y swmw“».,,%

Short Report Open access | Published: 21 April 2023 10

Consequences and opportunities arising due to
sparser single-cell RNA-seq datasets

Gerard A. Bouland, Ahmed Mghfc:uzg & Marcel ). T. Reinders &
Genome Biology, 24, Article number: 86 (2023) | Cite this article

34
Kim et al., Nat. Commun.; Bouland et al., Genome Biol , 2023
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Summary

* When using PCA, the selection of meaningful principal components has
traditionally been based on user experience, but this can lead to issues with
the reproducibility and reliability of results.

* Log-normalization can cause signal distortion in sparse data with large
differences between samples.

* The large scaling factor used in log-normalization tends to binarize the data.

* scLENS, through appropriate preprocessing, corrects for signal distortion that
may arise due to data properties and eliminates user bias in PC determination,
thereby providing more accurate and reliable results.

35

After accurate dimensionality reduction, the next crucial step applied in scR
data analysis is clustering analysis.

scRNA-seq data

ScLENS

Random matrix theory  Signal robustness test

Noise | Signal

— | —

ft1tt 1t

Clustering
PC score Graph building

36
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After accurate dimensionality reduction, the next crucial step applied in scR
data analysis is clustering analysis.

scRNA-seq data

~

PC score Graph building
[ ]
eo_0

a 0e%e o
2 %% _%
= ) ® "‘..'

... .

®e

Clustering \

37

Cell

In scRNA-seq data analysis, clustering analysis to group cells is
a crucial step that influences downstream analyses.

scRNA—seq data

PC score Graph building
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& O

Clustering
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Trajectory analysis

Heur

38
Heumos, L. et al. Nat Rev Genet (2023)
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The Basic Tool for Clustering Analysis: K-means Clustering

K
J=303 M= gl

k=1 z;€C}.

K-means clustering example
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K-means clustering fails to capture clusters of arbitrary shape, as it assumes
simple cluster distribution.

K
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K-means clustering example
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The density-based clustering algorithm DBSCAN, developed to solve this issu
has issues related to density sensitivity.

epsilon

Y
%P, o
epsilon = 1.00 %FO% o g,éeo egm%%‘ H

minPoints = 4

41

To circumvent these issues, we can use a Modularity-based clustering metho
utilizes Graphs.
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To avoid this, you can use a graph-based modularity clustering meth

Adjacency matrix (A)
3 A|B|C|D
° [ ] AlO
eoe 1 1 B 0
(S c 0
L] ® ° o 2 D 0
'.. oe L Weighted graph
Random graph
where

* "A;jis the observed edge weight between nodes 7 and j within cluster C'”

+ "P;j is the expected edge weight between the same pair under a chosen random-network (null)

model”

Clustering parameter = -
Q Modularity(y) = Z (Az'j ‘6%) 6(oi,05) ' . . Y
: ® “©0 *°8 L
Under-clustering s

Optimal clustering W, o Minor
Cluster merging

[N - [ 2N -

Modularity

Negative Modularity Single Community
_ M=t

Newman modularity suffers from issues with inappropriate merging and splitt

kik;
QModularity('y) = Z (Aij - 2:7:) 6(9'1?:‘73')

ij 2

o A
+ A, (numerical)
=}, (approximated)

Spitting S

Fusing and splitting |

Fusing cliques

200 300 ' 300

FIG. 3. (Color online) Schematic network with two cliques and a A 2asM
a|_1d0m subgraph, which are the natural communities of the network.

PHYSICAL REVIEW E 84, 066122 (2011) a4

Limits of modularity maximization in community detection
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Newman modularity suffers from issues with inappropriate merging and splitti

kik;
QModularity('y) = Z (Aij - 27?:) 6(0i:0j)

ij

Qorn = Y _(Aij —7)d(0i,05)

7

a b CPM ¢ NG Modularity
35| ast
n @ 3o}

g g

_“é 25 _“é 251
5 20 5 2
E 15| E 15}
5 10| 5 100
5 5

of ; : ; ; of i ;

1] 0.05 01 015 02 (1] 0.5 1

Resolution parameter Resolution parameter

PHYSICAL REVIEW E 111, 014312 (2025)

PHYSICAL REVIEW E 84, 016114 (2011)

Kaleidoscopic reorganization of network communities across different scales
45
Kim et al. 2025. Nat. Commun.

pe for resolution-limit-free community detection

However, these algorithms exhibit inconsistencies in their results, which can
undermine their reliability.

Article | Open access | Published: 23 May 2024

Single-cell and spatial transcriptomics analysis of non-
small cell lung cancer

Marco De Zuani, Hacliang Xue, Jun Sung Park, Stefan C. Dentro, Zaira Seferbekova, Julien Tessier, Sandra

Curras-Alonso, Angela Hadjipanayis, Emmanouil |. Athanasiadis, Moritz Gerstung, Omer Bayraktar & Ana
&

Cvejic
Nature Communications 15, Article number; 4388 (2024) | Cite this article

Healthy cells from the NSCLC single-cell transcriptomics study
28 Clusters

Random seed: 1275190282

46
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undermine their reliability.

Article | Open access | Published: 02 August 2024

Single-cell RNA sequencing reveals placental response
under environmental stress

Eric Van Buren, David Azzara, Javier Rangel-Moreno, Maria de la Luz Garcia-Hernandez, Shawn P. Murphy,
Ethan D. Cohen, Ethan Lewis, Xihong Lin & Hae-Ryung Park =]

Nature Communications 15, Article number: 6549 (2024) | Cite this article

However, these algorithms exhibit inconsistencies in their results, which ¢an

Cells from the mouse placenta
36 Clusters \
i B - ~ 5. -
L 3 B ?m
- . '~ i~ ‘{:\5‘;, A

47

Iteration: 1

These inconsistencies stem from the random partition search.

48

Traag, V. A. et al. Sci Rep (2019)
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]

To estimate this inconsistency, a PAC score based on the consensus matrix was ,
proposed; however, slow computation limits its practical use.

e %% e %% *J%e
: : : : : : MG =4 b if points i and j belong to the same cluster
(trj} - .
o <3 @ 0, otherwise
[ ] © ®
(B ] ® e I )
°g b0 oJ % ol %

Consensus matrix CDFs from K=2 to 6

10

[] README &[5 License &% MIT license

Consensus matrix (C)

Handling Large Datasets

If your dataset is large, the runtime for the tools described above may be prohibitive. In these cases, we recommend

subsampling your data using geometric sketching [3]. In R, the subsampling can be done via reticulate:

geosketch <- reticulate::import(’ geosketch’)

assuming data.embed contains a dimensionality reduction of your data, you can then call:
sketch.indices <- peosketchfps(data.embed, sketch.size, one_indexed TRUE)

and use the resulting indices for your subsample. For PAC, subsampling to <1000 cells should help, and for ECS and

data assessment functions, <5000 cells may be appropriate (and parallelization can further help reduce the runtime).

Arash Shahsavari et al. bioRxiv (2022)

]

In contrast, the recently proposed Inconsistency Coefficient (IC) offers rapid
quantification of clustering inconsistencies.

Seurat (r=0.8)
Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
f € € € € € L€ €
{ . ( . t“ i % v ‘% N & v & - & &
» # } )

P,=2/5=04 P.=3/5=06 1
€ L

. Inconsistency Coefficient (IC)

Result 1 ‘ Result 2 ‘ dd Simialrity matrix (S) P -1
Clustering Similarity 04 X 1 1 X 04
S..=0.7 =1

| F

Inconsistency Coefficient (IC)

pT Simialrity matrix (5) P -1

0.4 0.6 x 1 0.7 x 0.4

=1.16>1

0.7 1 0.6

Al

Lee, D. et al. PRE (2021)
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Number of clusters

Search Resolution Ranges for

Leveraging IC and parallel computing, scICE achieves up to 30x faster speed
performance than conventional methods.

scICE (single-cell Inconsistency Clustering Estimator)

b
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Applying scICE revealed that hierarchical datasets yield more consistent el
labels.

Number of clusters.
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Identifying these sub-cell types is achievable by integrating scICE within a ta
sub-clustering strategy.

ZhengMix_4757 Sim_Tcell_10

e f
Bootstrapped IC Dist. Ground truth Bootstrapped IC Dist. Ground truth Consistent label
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Identifying these sub-cell types is achievable by integrating scICE within a ta
sub-clustering strategy.

Mouse GWAT data (snRNA-seq)

m n o
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Additionally, insights from the scICE analysis highlight UMAP's effectiveness i
preserving data structure during visualization.

Graph-Based
Data Integration

R 55
S Kim et al. Nat. Commun. (2025)

Additionally, insights from the scICE analysis highlight UMAP's effectiveness
preserving data structure during visualization.
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Summary

* When using modularity-based clustering algorithms, the inconsistency
of results, which affects reliability, must be considered, and this can be
efficiently measured using the Inconsistency Coefficient (IC).

* The reliable cluster results provided through scICE are few in number,
including the actual cluster structure, thus helping users find the
optimal clusters.

* To accurately and efficiently find more cell subtypes, sub-clustering with
scICE can be utilized.

* The UMAP graph captures the cluster structures more accurately than
kNN or sNN graphs.

The powerful combination of SCLENS and scICE increases
analytical convenience while delivering reliable and accurate results.

scRNA-seq data
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Scaled data Graph building Cell-type identification
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Thank you
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