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Take-home messages from the previous lecture

* Cellular phenotype can be reflected by gene expression i.e. mRNA expression
* Transcriptomics — comprehensive info on gene expression
* Transcriptomics ~ RNA-seq

* From RNA-seq, you get reads from a sequencer (most likely [llumina) you would then need to
align/map them to reference sequences

* Differential gene expression (DGE) tells you how different gene expression is in 2 different
sample groups

* Functionalgene ontology (GO) or gene set enrichment analysis (GSEA) tells you what DE
genes might represent pathway-wise

* Special considerations needed for bacterial cells or viral RNA



Differential gene expression in diseased vs healthy conditions
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What could transcriptomics do?

* Systemic phenotyping: providing an overview of information on
phenotypic changes at the mRNA level in experimental settings
(e.g. healthy vs. diseased states)



Single-gene level vs. transcriptomic level detection
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So far, transcriptomics was done at the tissue/organ samples

organ/tissue

RNA-seq

What could be problematic about this way of investigation?



What if we look at all of the genes expressed at once and
use “transcriptomes” to identify individual cells and

investigate their changes in diseased states?



Transcriptomics at single-cell level

organ/tissue

Mixed Individual
population cells



Description of “cells” dated back to 1665
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Schem.xr.

“I could exceedingly plainly perceive it to be all
perforated and porous, much like a Honey-
comb, but that the pores of it were not regular...
these pores, or cells,...were indeed the first
microscopical pores | ever saw, and perhaps,
that were ever seen, for | had not met with any
Writer or Person, that had made any mention of
them before this...”

Robert Hooke, Biographia, 1665



Microscopy: a powerful tool to study cells

https://commons.wikimedia.org/wiki/Fil
e:Candida_wet_mount.jpg

https://visualsonline.cancer.gov/details.cfm?imageid=2129



Microscopy: a powerful tool to study cells

Using dyes to stain specific components/structures
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Microscopy: a powerful tool to study cells

Immunofluorescence: using fluorescence-tagged antibodies to stain specific cell surface markers

B cells
T cells
Macrophages

https://www.niaid.nih.gov/research/ronald-n-germain-md-phd
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Flow cytometry: a low-throughput single-cell protein
detection that revolutionizes cell phenotyping

Flow Cytometer
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Flow cytometry: a low-throughput single-cell protein
detection that revolutionizes cell phenotyping
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Flow cytometry: a low-throughput single-cell protein
detection that revolutionizes cell phenotyping
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Typically, 8-12 markers are detected at a time. Up to 18 markers.
More multiplexing approaches possible thought not easily accomplished



Limitations of the prior cell type identification approaches

* Direct microscopy: reliance on morphology-based classification
 What if different cells have similar shapes/structures?

* Targeted, markers-based approaches (e.g. immunoflourescence, flow cytometry)
* Which markers to use? Is the cell type/state identification biased by the marker selection?
* Limited number of markers to be used in a single experiment

* Typically, 3-4 for IF; 8-12 for flow cytometry. If more, complicated experimental

optimizations are required



What if we look at all of the genes expressed at once and
use “transcriptomes” (or “proteomes”) to identify cells?



Transcriptomes/proteomes dictate
cell identities and functions
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DNA

mRNA

Metabolites

The central dogma+
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Comprehensive studies of the central dogma at different levels
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Why transcriptomics?

* Scalability and sensitivity of NGS compared to mass spectrometry

* PCR-based amplification of cDNA, enabling robust profiling from

extremely low-input samples



Comprehensive studies of the central dogma at different levels
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What if we can check transcriptomes at
a single-cell resolution?



Transcriptomics at single-cell level

organ/tissue

Mixed Individual
population cells



What could single-cell transcriptomics do?

* Cell atlas: identifying cell types/states in a given environment in a less biased
manner (i.e. used transcriptomes instead of selected markers to define cell

types/states)

* Systemic phenotyping in a cell type-specific manner: providing an overview
of information on phenotypic changes at the mRNA level in experimental
settings (e.g. cell type X in healthy vs diseased states)



Why was studying transcriptomes in single cells
really difficult in the past?



Working with RNA is technically
demanding!

- Chemical stability of RNA is low
- RNases are everywhere in the environment!

« Tweet
cOncOrdance
7" @cOncOrdance
The only solution to RNase contamination:

1. Take a giant bathtub.

2. Fill it with RNaseZAP or similar RNase removal
solution.

3. Put everything in the lab in the bathtub.

4. Get in the bathtub.

5. You live & work there now.

DNA

RNA
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7:25 AM - Dec 9, 2020 - Twitter Web App



How many cells do we need to run a conventional

RNA-seqg experiment?

Illumina Stranded mMRNA Prep
(as an example)

Required input: at least 25 ng
standard-quality total RNA from a
sample

The amount of RNA per human cell is
around 10-30 pg

You need ~2,500 cells. Accounting for
cell/RNA loss during preparation, I’d
say at least 5,000 cells

In practice, having at least 10,000
cells per sample is a comfortable
number!



Is it possible to sequence RNA from a single cell?

* Required input: at least 25 ng
standard-quality total RNA from a

sample

* The amount of RNA per human cellis
around 10-30 pg

At least 1000x more sensitivity is heeded!



Reverse transcription (RT) is a key step for
most of the RNA-based studies

DNA
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Using Oligo (dt) primer targeting poly(A) tails of mMRNA allows reverse
transcription of allmMRNA in the sample



The Nobel Prize in Physiology or Medicine 1975 Summary

The simultaneous discovery
In 1970 of reverse

- . transcriptase in virions of
| ‘ ‘(. retroviruses by Howard
F’hoTo:’romthobe.!. Phoiofr'omﬂ;eNobeI Photo from the Nobel Temin and DaVid Baltimore

Foundaticon archive. Foundation archive. Foundation archive.
David Baltimore Renato Dulbecco Howard Martin Temin
Prize share: 1/3 Prize share: 1/3 Prize share: 1/3

Nobel Prize in 1975

The Nobel Prize in Physiology or Medicine 1975
was awarded jointly to David Baltimore, Renato
Dulbecco and Howard Martin Temin "for their
discoveries concerning the interaction between
tumour viruses and the genetic material of the cell”



RT is a one-to-one reaction. This is why it’s typically coupled with a
subsequent PCR step with specific primers targeting genes of interest...
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What if we’d like to amplify all of the cDNA molecules (of all genes in
a sample) by PCR to improve sensitivity for transcriptomic studies?
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Different approaches to prepare RNA-derived DNA libraries
with low RNA input: keys to single-cell RNA-seq

* Template-switching***
* [In vitro transcription

* Random priming

* Direct ligation

« Poly(A) tailing



Two widely used RTs in molecular biology research

* Avian Myeloblastosis Virus Reverse Transcriptase (AMV RT)

* Moloney Murine Leukemia Virus Reverse Transcriptase (MMLV RT)



What is template switching?

* Template switching is a phenomenon where certain reverse transcriptase
enzymes are able to “switch” the RNA templates when making cDNA

* Example: reverse transcriptase enzymes from Moloney murine leukemia
virus (MMLV), which have been extensively engineered genetically into
multiple versions

* So template switching ~ MMLV reverse transcriptase



What’s special about MMLV reverse transcriptase?

* MMLV reverse transcriptase

has a weird behavior...
A-A-A-A F mRMNA

3 T-T-T-T 5" Oligo (dt) primer e T
Incubate with reverse * [t adds oligo-cytidines

transcriptase to synthesize .
hihpghianie l o (typically CCC) to the end of

5I

first-strand cDNA once it

TN s
CCC CDNA reaches the end of the RNA

template

If no additional trick is done, this phenomenon will have
little to no impact on your typical experiments



What’s special about MMLV reverse transcriptase?

A-A-A-A 3" mRNA * |[fthere is another
3 T-T-T-T 5" Oligo (dt) pri . . : .
|nt_uhate with reverse Igﬂ { } prlmer OlIgOnUCleOtlde Wlth GGG IN
transcriptase to synthesize l e the reaction. the
cDNA strand y : t"d bind to 3
ougonuctieotide Ccan pinad to
CGG MRNA g
ccc JILIITITITIINIE  cona CCC overhang
e * Once it binds, MMLV RT could
Template switching continue extending the cDNA

GGGW mRNA using the oligonucleotide as
s CCC cDNA

the new template

5I

The oligo with 3’ GGG is known as template-switch oligo (TSO)



The use of TSO adds a universal sequence for subsequent PCR...

5’ A-A-A-A 3’ mMRNA
3 T-T-T-T 5" Oligo (dt) primer
Incubate with reverse
transcriptase to synthesize l o
cDNA strand

TSO > T, ™
CCC cDNA
l e Template switching

S0 S T,
s C CC cDNA

Universal sequence “handle” for PCR



SMART: switching mechanism at the 5' end of the RNA transcript
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. Primer for cDNA
Reverse transcrlptlon amplification

(1st strand synthesis)
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Template switching
(from mRNA to TS oligo)
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cDNA amplification
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https://sg.idtdna.com/pages/education/decoded/article/use-of-template-switching-
oligos-(ts-oligos-tsos)-for-efficient-cdna-library-construction#references



Cell lysis (Steps 1-8)
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Single-cell separation is instrumental to scRNA-seq

Conventional scRNA-seq Microfluidic-based
technologies scRNA-seq technologies
N " Cells Lysis
Microscope ’ chamber

RT reagent

,‘ﬁ with barcodes

96-well plate )
Micropipette Capillary pipette  ginge cens s
indroplets ——C X
FACS LCM
- :
©!
Multispectral detector
Laser +Electronics
= Cell
‘\ )‘ i ll,ll,ll;;ii
@ 6 @
| e [
= e lyes
| , -
kg - B ‘
©® (&S ol ) = il
Fluorescence- Laser capture Nanowells
activated flow sorting microdissection

Choi et al. Cells. 2020
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Tang et al. 2009" Islam et al. 2011%*

o

Single cells in study

Manual

Development of scRNA-seq technology

Multiplexing
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A variety of scRNA-seq technology platforms
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In 2016, The release of a scRNA-seq platform from 10X
Genomics rocked the world. Their platform is still the most
widely used one until how.

-

°°°°°°°° 10X Chromium

Chromium Controller




10X Chromium relies on microfluidics to generate
single-cell emulsion droplets that allow single-cell RT reaction
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Image credit: 10X genomics
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Beads carry unique barcodes that allow unique tagging.
Amplification is based on template switching...

Single Cell 3’ v3 Gel Beads Inside individual GEMs Pooled cDNA amplification
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10X barcode: 16nt-DNA sequences unique to each bead:
Image credit: 10X genomics allowing you to track which cell a given RNA is from later



Before the age of scRNA-seq, you needed RNA from at least
~10,000 cells to be able to perform RNAseq

Bulk RNA-sequencing

Average expression level for each gene
across a large population of input cells

Single-Cell Analysis ’l/ *
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Bulk RNA sequencing
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Single-Cell RNA sequencing
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Single-cell RNA-seq: common analysis pipeline
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How can we tell different cell types apart based on
single-cell transcriptomes?



If you have multiple cells/samples and you would like to see how similar the
samples are based on gene expression, what would you do?

Neuron Smooth Muscle Cell
GeneA 0 100 g %
Gene B 43 52 36 29 72 35 u%
GeneN 98 73 65 12 9 4 © 00"

v

Gene A Expression



If you have multiple cells/samples and you would like to see how similar the

Gene N Expression

samples are based on gene expression, what would you do?

(4]
6

Gene A Expression

v

When you consider the expression of 2
genes, you can represent the results in a 2D
plot. But what if you would like to see the
similarity of samples based on 100 DE
genes?

100D plot?!?



Dimensionality reduction

You can use mathematical algorithms to collapse 100 dimensions into 2...

2 genes 100 genes
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Commonly used approaches: , NMF, t-SNE,



UMAP plot illustrating human peripheral blood
mononuclear cells (PBMCs)
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A popular single-cell analysis
package is known as Seurat,
which was named after a 19t
century French artist Georges
Seurat known for his
“pointillism?” style



What could single-cell transcriptomics do?

* Cell atlas: identifying cell types/states in a given environment in a less biased
manner (i.e. used transcriptomes instead of selected markers to define cell

types/states)

* Systemic phenotyping in a cell type-specific manner: providing an overview
of information on phenotypic changes at the mRNA level in experimental
settings (e.g. cell type X in healthy vs diseased states)



a
Environmental stimuli Cell development Cell cycle Spatial context

Single-cell transcriptomics
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Example: atlas of human hearts

Left

a atrium Myocardium
NP, Endocardium Epicardium c
‘ Left o “ Fibroblasts Pericy‘tes
A (
Right " ventricle — ‘:l ‘j = ben  RGS5
atrium : e agae’ GSN_  asccs
0e° MSLN PDGFRA & ¢l
7 w T C w1 i
| omogenization Single nuclei A BNCT : e S
% w and lysis g e —> ; —" g
' 4 Mesothelial
Right ﬁ}@s - FASN  Smooth
ventricle ; 2 %-a.._ y . LEP
Apex {e&‘fe L J - _‘ i Ahl Ad|poﬁ5 muscle_
Septum a8 — Chromium 10x Endothelial m
b Q W 3 Mechanical and S|ngle cells PTE;"mnm Atrial ACTAZ
ﬂ ,ﬁ\ ' jﬁ )i ’ﬁl ﬁ;_ enzymatic digestion (total and CD45%) NRXNQ cardiomyocytes
{tﬂj—da 4550 50055 Sse0 e0.es 6570 7075 @ NRXNG \ oon ™. 4
MYL? R

MYL4

S

d . LS
¢ I 1 Lymphoid Vgntrlcular
?\@ - Myelmd R cardiomyocytes

AB&& - -m;:ICLS:OLG

0% 25% 50% 75% 100%
TTN CDH5 DAPI NPPA DCN DAPI  MYH11 KCNJ8 DAPI , .

EBW sov FE E PC BB Um NS BD BN eSS

Litvinukova et al., Nature, 2020



Example: atlas of early fetal-maternal interface
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Tabula Sapiens
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Over 100M cells profiled across the human body to date

RESEARCH AREAS 18
INDIVIDUALS 9,285
SAMPLES 13,208

CELLS 109,393,296
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Access to

Single Cell Genomics Facility

In association with Mahidol University's Integrative Computational
BioScience Center (ICBS) and the Faculty of Science’s Systems
Biology of Disease (SyBiD) research unit, we are amaong the
pioneers who established Thailand's first single-cell genomics
facility, with an extensive international collaborative netwark,
including:

» Wellcome Sanger Institute, UK (www.sanger.ac.uk)
+ The Human Cell Atlas Consortium
(www.humancellatlas.org)

Our personnel, primarily from the Department of Microbiology and
the Department of Biochemistry, are capable of performing
sample processing and computational data analysis. We are able
to run plate-baszed zingle-cell RNA seguencing (SMART-zeq2), with
an option for automation by Zephyr liguid robotic handler. We can
also run droplet-based single-cell RNA segquencing with one 10X
Chromium Contreller {intended for handling BSL-3 samples) and
one 10X Chromium X (capable of running high-throughput
experiments).

Current capabilities that we have access to include:

» Single Cell Gene Expression (3' whole transcriptome gene
exprassion)

« Single Cell Immune Profiling (5" whole transcriptome gene
expression with paired fulklength TCR/BCR segquencing)

» Single Cell ATAC (chromatin accessibility profiling)

« Single Cell Multiome ATAC + Gene Expression

» Extended capabilities in conjunction with single-cell gene
expression: sample multiplexing, cell surface protein
detection, antigen specificity assay, and CRISPR screening

We can also currently run microwell-based single-cell RMNA and
proteomic analysis with the BD Rhapsody Express System.

Prospectively, we aim to further our capability to perform spatial
transcriptomics and in situ analysis technology.

We have
Thailand’s first
single-cell
genomics facility
here at MUSC...

SYBID

— MUSC —

Integrative Computational Systemic Biology of
e i Diseases Research Unit



Can we use single-cell biology to
better understand diseases?



What could single-cell transcriptomics do?

* Cell atlas: identifying cell types/states in a given environment in a less biased
manner (i.e. used transcriptomes instead of selected markers to define cell

types/states)

* Systemic phenotyping in a cell type-specific manner: providing an overview
of information on phenotypic changes at the mRNA level in experimental
settings (e.g. cell type X in healthy vs diseased states)



What could we learn about COVID-19 from the existing Human
Cell Atlas datasets?

Viera Braga et al.?® dataset
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19

SARS-CoV-2

Mild/moderate/severe:

Type I/l interferon response
signatures

Peripheral tissue
(lung)

Replenishment of
alveolar
macs

‘)

e— Mono.

ANXA1 SIRPA

Comparison with BAL scRNA-seq®:
1.1 Inflammatory cytokines in
BAL DCs and macs
2. COVID-19 C1QA/B/C*CD16*
monos transcriptionally align
with BAL macs

Platelet /

Asymptomatic:
MK priming

Asymptomatic:
1 Ty cells
1 Correlated T, /plasma cells
1 1L-22* CD4* T cells

Asymptomatic:
1 TNF-NFkB signaling

Wi

Mild/moderate:
1 Clonal expansion in females

<

Antibody

FPR1.J | CD47

T COVID-19 severity:
Proliferating monos
1 CD14" monos
1 MK progenitors
1 Platelet activation and
expansion

progenitor

Bone marrow

7 COVID-19 severity:
Clonally expanded CD8" TE:EM
Proliferating CD4*/CD8* T cells

7 COVID-19 severity:
7N\ Plasmablast
7\ Plasma cell
L1gA2
T Inhibitory BCR signaling
TBCR overlap

What are the systemic immune
responses during acute SARS-CoV-2
infection across disease severity?

Stephenson et al. Nature Medicine. 2021



Why do kids tend to get less severe COVID-19?
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What determines whether someone gets infected or not

a Abortive or transient infection

| Elevated HLA-DQA2 expression

SARS-CoV-2
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after exposure to SARS-CoV-2?
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Lindeboom et al. Nature. 2024




What are the systemic immune responses in people with asymptomatic
dengue that are distinct from those with mild/severe symptoms?
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Sungnak et al. Science Translational Medicine. 2025



Other applications



Atlas of cancer-associated T cells

Tumors of various cancer types
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Some datasets might contain differentiating cells
you can model differentiation trajectory
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Herring et al., 2018



Modeling differentiation trajectory in human neural organoids
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Modeling cell-cell communication

tManuaI curation of CellChat database
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Cellular communication modeling

* scRNA-seq data input and processing

« Identification of over-expressed genes per cell group

« Quantification of communication probability using
the law of mass action

« Inference of statistically and biologically significant
cellular communications
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Microscopy: a powerful tool to study cells

https://commons.wikimedia.org/wiki/Fil
e:Candida_wet_mount.jpg

https://visualsonline.cancer.gov/details.cfm?imageid=2129



Microscopy: a powerful tool to study cells

Can we map transcriptomes with locations?



Spatial omics: omics data mapped to locations

organ/tissue

Bulk RNA-seq scRNA-seq spatial RNA-seq



2 Key Approaches in Spatial Transcriptomics

Sequencing-based Imaging-based
(capture-based) (FISH / in situ hybridization)

® Single-molecule sensitivity
(counts individual transcripts)

® Subcellular resolution (true
single-cell/intracellular
localization)

® Cellboundaries defined via
segmentation

® Unbiased/genome-wide
(no prior target selection)
® Enables discovery of novel
genes, isoforms, variants
(limited)
® Scalestowhole A .
transcriptome across large
tissue areas

10x Visium Vizgen (MERSCOPE)
® Spatial resolution still spot-based (multi-cell to near ® Requires predefined gene panel (targeted)
single-cell) ® Panelsize improving (100s > 1000s), but still not fully
® Cell boundaries inferred computationally, not directly unbiased
measured ® Optical crowding / decoding complexity
® Typically lower throughput (area or gene space trade-

® Lower molecular sensitivity per transcript
off)



Sequencing-based Visium from 10X Genomics
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Image credit: 10X genomics



Spatial capture technology ° ° °
— Spatial transcriptomics

Stained tissue
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FISH-based spatial transcriptomics: down to sub-cellular profiling

Xenium

Image credit: Nanostring Image credit: 10X genomics



Sample Preparation Probe Hybridization, Ligation, & Amplification

FF or FFPE Tissue Sections Fixation & Permeabilization (FF) or
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Integration with spatial omics: the new frontier — Al & image processing?
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The new frontiers in omics approaches: single-cell omics and spatial omics

nature methods

nature methods

Methodofthe Year 2020:
Spatially resolved transcriptomics

Rarusary 2020 Vol 17 Mo 1

nature methods

naturemethods

@8
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SRR

2%,
4\\ »
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L ]

Methodof the Year2024:
spatial proteomics

Nature Methods named single-cell
sequencing, single-cell multi-omics,
spatial transcriptomics, and spatial
proteomics as methods of the year in
2013, 2019, 2020, and 2024
respectively
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