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Our vision and mission:
Making data and data
analysis accessible to

everyone.
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Our open research on single-cell biology

SCO: a single-cell database and knowledgebase
SCO-toolkit: effort-less analysis with graphical user interface
SCO-GPT: access & analyze data via chatting with Al agent



What is single-cell analysis ?

Single-cell analysis is the study of genomics, transcriptomics,
proteomics, metabolomics and cell—cell interactions at the single
cell level.

Adapted from wikipedia



Why single cell analysis ?

Every cell is special
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In the early days of single-cell analysis

Low dimensionality, measures expression levels of multiple proteins on single cells

* Flow cytometry * Mass cytometry
« 16-18 channels « > 40 channels

« Minimal crosstalk
between channels

Intensity
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DVS Sciences Inc.




Single cell analysis has moved towards the omics

scale

» Single-cell sequencing (Method of the Year 2013) measures
genome (scDNA-seq), transcriptome (scRNA-se(q), epigenome
(ScATAC-seq), etc at the single cell level

High dimensionality

»= Single-cell multimodal omics (Method of the Year 2019)
simultaneously measures multiple-omes of a cell

High dimensionality + Multi-modality

» Spatial omics (Method of the Year 2020) simultaneously
measures gene/protein/chromatin and cell locations

High dimensionality + Multi-modality + Space

Cell surface proteins

* CITE-seq™

* REAP-seq”!

° 41,42
Intracellular ECS Spatial position
protein o MERFISH!07:108.109
o PEA%50 * smFISH*?

* STARmap?*!

[@'sogele)
DNA
methylation -
* scBS-seq"’
¢ snmC-seq'®
* sci-MET" r.ngNA )
Genome Histone ol rop:seq
sequence modifications nDrop -
* SNS? Chromitiln o scChIP-seq?# ° ’%Arr/&aRrg-zeegg
» SCl-seq!® accessibilit ) =
Rty o scATAC-se{]” * 10X Genomics®
* sCiATAC-seq!* * SPLiT-seq®
e scTH S-seq‘9 ¢ sci-RNA-seq’

* 10X Genomics

Stuart & Satija, Nat Rev Genet 2019




Exponential growth in single-cell data
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Single-cell analysis produce big data

VOLUME

Huge amount of data

VERACITY

Inconsistencies and
uncertaintyin data

Different formats of data
from various sources

VELOCITY

High speed of
accumulation of data

VALUE
Extract useful data



Single-cell big data comes with big value

True precision medicine through single-cell science

INPUT DATA ANALYSIS OUTPUT TRANSLATION GAIN

Single-cell data

: 2

q-

AT
= Prototype for
clinical/IVD
assay

6P EEE\\ g

diagnosis
Prediction of endpoints

ﬁ.
L

Patient
stratification

Endpoint
endpoint-specific
patterns in the data

y

Validation of the
predictive performance

{ Model training to find }

Mode of
action

o

Optional:
clinical )
characteristics Extraction of cellular and

molecular biomarker profiles

Scailyte AG, Biopharma Dealmakers



However, re-utilizing public data remains challenging

* Meta-data are not curated or harmonized
 Cell type annotation is not standardized

e Batch effects across studies

 Lack of user-friendly analysis tools



Batch

® Batch1_10x 3'
@ Batch2_10x &'

Cell Type

B cell

CD4 T cell

CD8T cell
Hematopoietic
stem cell
Megakaryocyte
Monocyte CD14
Monocyte FCGR3A
NK cell
Plasmacytoid
dendritic cell

Before

Batch effects

Batch effect correction

- PCA Harmony
Embedding mmmmmmmm)  Embedding
PCA
Harmony
Nearest-neighbor graph
Raw Gene .
Expression c s - — u 2
) Corrected Gene ), :
Expression Embedding WNN
Cell x Feature Seurat PCA
gene I
Integration
I scVI
scVI Embedding ...

Criteria of effective batch effect correction:
 Batches are well mixed
« Cell types are well separated

Batch effect: unwanted variations across datasets
Source of batch effect: capturing times, handling personnel, reagent lots, equipments, animals, technology platforms




DISCO: Deep Integration of Single-Cell Omics

https://www.immunesinglecell.org/

&blsco B Repository ™ &, Atlas 3 DEG &3 Cell Type Tools ™

4, Download [ Vignette

* * Deeply Integrated human Single-Cell Omics data

Input gene, tis:

sue or disease name

input gene

Manually Annotated Atlases

Contact Information

G G o

Adipose Cell Adipose Adrenal
Nucleus Gland
Kidney Liver Cell Liver
Nucleus
Tools

Q

¢

Basophil Bladder Blood
Mast Cell
Lung Ovary Pancreas
Cell

Placenta

R ® e

Bone Brain Breast

Marrow

Breast Milk Eye

5 @ 3

Fibroblast

W @® & v O

Skeletal Skin
Muscle

Stomach Testis Thymus

w @ @

Gingiva Heart Intestine

Tonsil

Dr. Mengwei Li: limengwei833@gmail.com
Dr. Jinmiao Chen: jinmiao@gmail.com

o O

CELLiD

Cell type prediction using DISCQ reference cell
type annotations

CellMapper

CellMapper leverages our atlases for users to
project their data upon

A

scEnrichment

Gene set enrichment analysis using DISCO
knowledgebase

- An

b

ia I

Onlinelntegration

Real-time integration using DISCO/in-house
data

DISCO Toolkit R

Standalone R package for DISCO data retrieval
and analysis

Statistics

Sample Cell Type
‘ 18,402 i ae1
Cells Atlas

£ 113,277,088
"

539

Latest Updates

+ 2024.10 Add new atlases

s 2024.09 Add 676 samples

* 2024.08 Add new disease atlases

* 2024.06 Online Integration v2 beta released
* 2024.06 Sample page released

Publication

* Li, Mengwei, et al. "DISCO: a database of Deeply Integrated human
Single-Cell Omics data.” Nucleic acids research 50.D1 (2022): D596-
De02.



DISCO is currently the largest single-cell database
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Users can gquery, visualize, and download data

> & Repository ~
Filter
tissue:
disease:
sample type:
project id:
platform:

na source:

Tip

* Batch download requires selecting at least 2 samples and at most 100 samples.

Generating the compressed file may take some time.

* Online integration supports a maximum of 100,000 cells per integration.

https://www.immunesinglecell.org/repository/tissue

& Atlas {3 DEG <: Cell Type Tools> 4, Download [d Vignette

Batch Download(.h5)

Sample
Sample ID Project ID type Tissue
O 1823_BA24_10x PRINA434002 control brain
dgcMatrix(.rds) ()
10%h5(h5) (2
Cell type( e €0
0O 4341_BA24_10x PRINA434002 control brain
dgcMatrix(.rds) o
10%h5(h5) (0
Cell typertt) €
O 4341_BA46_10x PRIJNA434002 control brain
dgcMatrix(.rds) G\J
10%hs(hs) €
Cell typelbit) (0
J 4849 BA24 10x PRINA434002 disease brain
dgcMatrix(.rds) [0 tissue
10%hs(hs) €8> (non-
Cell typeltxt) C cancer)
O 4899 BA24 10x PRINA434002 disease brain
dgcMatrixt.rds) Y tissue
10%hs(hs) €2 (non-

cell typetxt) (0 cancer)

Disease

control

control

control

ASD

ASD

Platform

10x3'

10x3'

10x3'

103"

10x3

RNA
Source

nucleus

nucleus

nucleus

nucleus

nucleus

#Cell

981

3780

4243

4420

2707

-
-

Median
UMI 2

1110

1958

1794

1411

2715

Others

anatomical site: anterior cingulate cortex

subject id: 1823
age: 15
gender: M

anatomical site: anterior cingulate cortex

subject id: 4341
age: 13
gender: M

anatomical site: prefrontal cortex

subject id: 4341
age: 13
gender: M

anatomical site: anterior cingulate cortex

subject id: 4849
age: 7
gender: M

anatomical site: anterior cingulate cortex

subject id: 4899
age: 14
gender: M



DISCO is also a knowledge base

* Integrated cell atlases and associated knowledge
* Cell type reference & ontology
* Differentially expressed genes (DEGSs)



Integrated

l Tissue Atlas

G

&>

® 6 6 9

Adipose

36 cell types, 190K cells

Blood

25 cell types, 170K cells

Breast milk

18 cell types, 108K cells

Intestine

52 cell types, 414K cells

Lung

45 cell types, 221K cells

Skeletal muscle

Thymus

49 cell types, 422K cells

atlases for specific tissues, diseases, or cell types

cell

cell

cell

cell

cell

cell

cell

Adipose

12 cell types, 34K cells

Bone marrow

45 cell types, 674K cells

Eye
144K cells

26 cell types,

Kidney

104K cells

25 cell types,

Ovary
124K cells

44 cell types,

Skin

40 cell types, 395K cells

Tonsil

39 cell types, 274K cells

nucleus

cell

cell

cell/nucleus

cell

cell

cell

%

Adrenal gland

10 cell types, 41K cells

Brain

21 cell types, 286K cells

Gingiva

34 cell types, 40K cells

45 cell types, 368K cells

Pancreas

36 cell types, 188K cells

Stomach

29 cell types, 31K cells

cell

nucleus

cell

cell

cell

cell

ls

Blacdder

36 cell types,

Breast

39 cell types,

Heart

Liver

19 cell types,

Placenta

29 cell types, ¢

41K cells

175K cells

104K cells

1K cells

(]

159K cells

cell

cell

cellfnucleus

nucleus

cell

cell



Integrated atlases for specific tissues, diseases, or cell types

I Disease Atlas

{?‘ Alzheimer's disease nucleus ﬁr COVID-19 cell Crohn's Disease cell @ Dengue fever cell

Parenchyma, frontal cortex Blood " lleum Blood

21 cell types, 98K cells 19 cell types, 284K cells 23 cell types, 69K cells 16 cell types, 134K cells

H@ HIV infection cell H‘g HIV infection cell H HNSCC cell PDAC cell

Blood Cerebrospinal fluid Blood Pancreas
18 cell types, 48K cells 13 cell types, 46K cells 7 cell types, 54K cells 47 cell types, 168K cells

Sarcoidosis cell (@) Type 1 diabetes cell [654) Type 2 diabetes cell

TYPE? TYPE?

i

Blood Pancreas Pancreas

21 cell types, 57K cells 2 cell types, 30K cells 3 cell types, 132K cells

I cell Type Atlas

Basophil, Mast cell =l . Fibroblast el

5 cell types, 157K cells 20 cell types, 473K cells



DISCO’s collection of human heart data

DISCO data repository |ﬂ |

hean

I 5000

4000
3000

2000

I 1000

Source

Nuclei
Cells

Sex

F
M

Sample type
control
case

Region Disease

Other Diagnoses

Source

T Region
5110l [NEEEDisease

Sex

e B ] Age range
Sample type

N N T project

Age range

0-9

10-19
20-29
30-39
40-49
50-59
60-69
70-79

e -

Feature/UMI

Project
EGAS00001006374
B ERP123138
GSE156703
B GSE159929
GSE179343
B GsE183852
GSE185100
| GSE203548
GSE224995
B pub35948637



Heart atlas

Single Cell Single Nucleus

1.00-

. [ Myeloid cell §

Varl
0.75-
Adipocyte

. B cell

. Cardiomyocyte

. Endocardial cell

[T endotneliai cel
Fibroblast

0.50-

Glial cell

Percentage

UMAP_2

Mesothelial cell

Endothelial cell B vweloid cen

i
Neuron

B o cen
. Peri/Endo

. Perivascular cell

0.25-

ek Endocardial cell

o 0
Endocardial cell
-

0.00-

-10 -5 0 5 10 s =
UMAP_1 T&Y RE Single Cell Single Nucleus

214,928 cells, 57 samples 1,445,941 cells, 331 samples



Substantial gene expression changes occur at the age of 60

score

0.50-

0.25-

0.00-

-0.25-

-0.50 -

0.50-
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0.00-

-0.25-

-0.50 -

Adipocyte

S

Glial cell

/.

S
<.\——4

20-29-
40-49 -
50-59 -
60-69 -
70-79-

Cardiomyocyte Endocardial cell Endothelial cell

|
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[ S—
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Myeloid cell NK/T cell Perivascular cell
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age

20-29-

Fibroblast

40-49 -

50-59 -

60-69 -

70-79-

type

EGAS00001006374_neg
EGAS00001006374_pos
ERP123138_neg
ERP123138 pos

¢ ¢



Aging-related DEGs & pathways

cardiac muscle hypartrophy 1
cardiac muscle tissus development |
cardigc chamber morphogenesis |
actin filament organization |
regulation of muscle contraction 4
AV node cell action potential |

SOl il |HHH| Ciesad o

responas to interferon-beta |
responss to interferon-gamma 1
raaponss to interferon-alpha 1

o oPs
L T 1 )
®
*® 0o
«9 @+ 00009

macrophege actvation |

myaloid leukocyte migration |

aging 1

wound healing

regulation of apoptotic signaling pathwey 1
response fo hypoxia |

oasification 1

e a8 & 0o

Fibrobilast 4
MEST ool 4

Adip ooyie 4

Mescihelsl col BB O @
Myslobd cell 4 .

Cardiomyocyie
Endocardial cell {i
Perivasoular cell 4

Endiothelial cell §

GeneRatio

§ o1
P o=

pralue
0.0100

0.0075
0.0050

0.0025

Interferon induced gene expression

. response to interferon increases with age

Adipocyte B cell Cardiomyocyte | | Endacardial cell | | Endothedial cel Fibroblast

0.4- p=0.0018 p = 0.81 p = 4906 p = 0.00055 p=55e=12 p=53a=12
.

0.2 1 %
ﬂ.ﬂ‘ % + $ *

Glial cell Mesothelial csll Myeloid cell NKT call Perivascular cetl | TOUNG  Old
0.4 p = 3a=06 p=087 p=0.0017 p=4.92-06 p=58-13
0.2 1 .
0.0 === — — T L

Young Old  Young Old Young Old Young Old  Young Old

Yong: <60 Old: >=60




Three subsets of pericytes, APOD pericytes increase with age

- = T
[ 1IN |

0.5
=05

APOD pericyte
PDETB pericyts

g
£
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08 05
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A single-cell enhanced knowledgebase of cell type reference &

Cell Type

abT (entry) cell

Acinar cell

ACTA2 + arterial EC

ACTA2+ capillary EC

ACTA2+ EC

ACTG2+ contractile

pericyte

ACTG2+ contractile
VSMC

ADAM12+ fibroblast

ADAMDECT+ADAMZ28+
fibroblast

Adipocyte

Alias

abT (entry) cell

Acinar cell

ACTA2+ arterial EC

ACTA2+ capillary EC

ACTAZ2+ EC

ACTAZ2+ endothelial cell

ACTG2+ contractile pericyte

ACTG2+ contractile VSMC

ADAM12+ fibroblast

ADAMDEC1+ADAM28+

fibroblast

Adipocyte
Lipocyte
Fat cell

ontology

463 cell types https://www.immunesinglecell.org/cell_type

Parent

T cell

Epithelial cell of pancreas [ELESN RN

ACTAZ2+ EC

ACTA2+ EC

Endothelial cell

Pericyte

Vascular smooth muscle

cell

CFD+MGP+ fibroblast

MDK+MNREP+ fibroblast

Cell Type

Marker (curated)

SATBE1 CD1A CDI1E cDIC

ACTAZ2 TAGLN AQP1

ACTAZ2 ACTG2

ADIPOQ PNPLAZ

Mesodermal call

Embryonic cell
Trophoblast +
Cycling epithelial cell Adi o
Endacrine cel acTAz+EC +
Epithelial call of adrenal gland Arterial EC +
Epithelial cell of bladder + BGM+ EC
Epithelial call of breast T Capilary EC
Epithelial call of eye + Cyeling EC
Epithelial cell of gingiva + Endotctiol ol = Endocardial cell
Epithelizl cell of intestine + Limeha[ic EC
Epithalial cell of kidney T TipEC
Epithelial cell of liver + - Venous EG F
Epithelial cell -
Epithelial cell of lung T+ LSEC
Epithelial call of ovary ¥ BNG2+ZFPM2+ fibroblast
Epithelial cell of pancraas + CED+MGP+ fibroblast T
Epithelial cell of skin_+ CallTyps = CXCL8+ fibroblast_+
Epithelial cell of stomach  + Fibroblast = Fetal KCNG10OT1+MIRE03HG+ fibrablast
Epithalial cell of tastis T MDK+NREP+ fibroblast T
+

Epithelial call of th:
pithelial call of thymus Mesenchymal stromal cell

P S+
Epithelial cell of tonsil M: ofibroblast

+
Mezothelial cell Glial cell of brain T

P +
PDAC related epithelial call Glial call of intastine T

ooevie + Glial cell =
Y Muller glia
y " + -
Primerdial germ call Garm cell Schwann call
+
Spematacyte Cardiomyocyte +
i, +
Erythrocyta/Megakaryocyte Muscle call Skeletal muscle cell
-~ +
Hamatapoiatic pracursor call _ Vascular smoath muscle cell +
+ Immune call
Lymphoid cell Cycling perivascular cell
. +
Myeloid cell
o cel Perivascularcall = Pericyte +
in +
Neuran of brain Vascular smooth muscle call T
Meuran of intestine + Neuron -

Meuron of ratina_+



Differentially expressed genes (DEGS)

329,104 18,372 1,268

Immune cell -
Epithelial cell -

Fibroblast -

Endothelial cell -
Glial cell -
Perivascular cell -
Muscle cell -
Germ cell -
Embryonic cell -
Adipocyte -

0.0e+00 5.0e+06 1.0e+07 1.5e+07 2.0e+07 2.5e+07

Number of cells



Our open research on single-cell biology

* DISCO-toolkit: effort-less analysis with graphical user interface



Online data integration

Job submission

Step 2: Edit metadata

Step 1: Upload/select data Step 3: Set parameters

* Integration parameter
* [ntegration method
* Mumber of integration feature

Field Add fields

ma Job ID assign

¥
Initialize job

« QC parameter
’ * Minimal feature number

Data overview * Maximum mitochondrial gene pct

* Sample ID

= Cell number
*  LUMI number

=

Edit metadata

« Data sharing parameter
= Result link
= Pazsword

L

Integration and analysis
Core analysis

[ ®oso s
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. FRE
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Optional analysis
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Integration and annotation Cell type composition DEGs between
(user editable) Cal typa marker cross phenotypes phenotypes

Cell specificity for
phenotype
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Cell type reference

Cluster

.
"~ Query data

CELLID (cell type annotation)

Correlation
matrix

1a)sn|o nduj

—
=1
o
=1
o Top 5
& predictions
o

1=
A}

Cell Type DEGs

Export Table

Primary

Primary Source

Input ID Prediction Atlas

1 Memory blood
CDAT cell

2 GZMB CD8T blood
cell

3 GZMK CD8T  blood
cell

4 CD14 blood
monocyte

5 CD16 NK cell  blood

6 Memory B blood
cell

Jaysn|o induy

J

Primary
Score
0.892
0.909
0.878

0.886

0.882

0.865

Secondary
Prediction

Treg cell

Gamma

delta T cell

MAIT cell

Dendritic cell

CD56 NK cell

Naive B cell

Correlation
matrix

Secondary

Source

Atlas

blood

blood

blood

blood

blood

blood

Secondary

Score

0.865

0.837

0.844

0.823

0.825

0.831



CellMapper (project query data to reference atlas)

Input data Tumor cell identification
p® |
N o ; ‘
3 4
1 4 5

Projection - .
Predicted cell type
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ScEnrichment (gene set enrichment for interpretation)

]

I 1
B & =
R ) ® =
B ® =

Cell Type Phenotype
DEGs DEGs

Input
Geneset

J
Derived Geneset

Weighted Fisher's Exact Test

Input DEG
f Present

Absert )

§ 1.2 x 1.1 1. x1+3 x1
At_’ dES 2) dEG 1,3)

1 x349 2.%
OdES 4) OdEG 5)

N\ J

Adipose Atlas Geneset

DEG 1 1.7
DES 2 13
DEG 3 e
DEG 4 37
DE& 5 2.%

(Derived Genesel

Atlas: Adipose
Type: Ce"-’ﬁ,pe DEG

Gereset DEG;:

eees )

l

CD14 monocyte vs All others in lung

CD14/CD16 monocyte vs Dendritic cell in blood

SPP1 macrophage vs All others in PDAC

MHCII low CD14 monocyte vs All others in liver

Monocyte vs cDC1 in intestine

Cycling monocyte vs All others in COVID-19

SPP1 macrophage vs cDC2 in PDAC

Cycling monocyte vs Dendritic cell in COVID-19

MHCII low CD14 monocyte vs cDC2 in liver

MHCII high CD14 monocyte vs cDC2 in liver

CD14/CD16 monocyte vs CD16 monocyte in blood

COVID-19 (Mild/Moderate) vs Healthy for CD16 monocyte in COVID-19
COVID-19 (Severe) vs Healthy for Dendritic cell in COVID-19
COVID-19 (Mild/Moderate) vs Healthy for CD14 monocyte in COVID-19

COVID-19 (Severe) vs Healthy for CD14 monocyte in COVID-19




Usage for the past 90 days

No. of sessions

3500
3000
2500
2000
1500
1000

Users overview
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DISCO-GPT: access & analyze data via chatting to Al
agent (ongoing)

“Are the immune cells link to
any auto immune disease”
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Can you analyze
the data please?

Prompt + Relevant
information

“Yes, these immune cells show gene
expression profiles linked to several
autoimmune diseases, including
rheumatoid arthritis and lupus, based on
marker genes such as TNF and IL6.”
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Yes, the data shows high
cellular heterogeneity, ....




Challenges encountered in maintaining & upgrading DISCO

* Resource:
« Data server
« Computing server
« Hosting server

* Manpower
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A lot of fun being a computational biologist
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We are SR
recruitin

PhD students

Research assistants

Postdocs

jinmiao@gmail.com

micchenj@nus.edu.sg

chen_jinmiao@bii.a-star.edu.sg
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