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General I nfOrmathn . EMERGENCY CONTACT/UQ SECURITY: 3365 3333

 We are currently located in
Building 11A MODWEST
« Bathrooms 11A-130 &
* Vending machines ol
 Food court and other
bathrooms are located In

BBQ lunch area

11A-131

=1
ModWest

Building 63 or Building 21B o
If you are experiencing
cold/flu symptoms or have o}

Bike Racks

had COVID in the last 7 days g -

Bike Racks Emergency Call Point

please ensure you are
wearing a mask for the A
duration of the module

James and Mary
Emelia Mayne




Learning materials

Instructions to access WiFi/desktop/server:

https://cnsgenomics.com/data/teaching/ GNGWS 26/module0/

The winter school server is available until 24t July 2026 (2 weeks after the course)
Slides and practical notes for this module:

https://cnsgenomics.com/data/teaching/ GNGWS26/module2/
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Module 2 Cellular Omics

Room 315/316, Building 69

Lecturers/Instructors: Quan Nguyen, Xiao Tan, Prakrithi Pavithra



Module 2 - running the learning materials

https://github.com/GenomicsMachinelLearning/gml-teaching-2026

Copy and paste each of the following lines into your terminal once you have logged into the workshop server:

fsoftware/bin/micromamba shell init

source ~/.bashrc
micromamba activate /software/conda—-envs/gml-teaching

git clone https://github.com/GenomicsMachinelLearning/gml-teaching-2826

~/qimr-teaching-2026/runme.sh

The output will look something like:

Port 3502 is available

Command to create ssh tunnel:

ssh -N -L 3502:16.10.10.10:3502 foo@l®.10.10.10
Use a Browser on your local machine to go to:
localhost:3502 (prefix w/ https:// if using password)

[I 2024-86-20 85:57:41.633 ServerApp] Extension package jupyter_lsp took @.1372s to import
[I 2024-06-20 85:57:44.647 ServerApp] http://127.0.0.1:3502/tree?token=abc123

« Copy the line beginning with "ssh" into a new terminal, on your local computer, and hit [Enter].

« Copy the text beginning with " " into a new tab in your browser, and hit [Enter].



Module 2 Cellular Omics — Leaning Objectives

[Day 1] How the data get generated experimentally — latest sequencing and imaging technologies:
» Technologies for generating single-cell and spatial transcriptomics data
» Technologies for other spatial omics, focusing on proteomics

[Day 1] Exploratory visualisation to understand the data

[Days 1, 2] Statistical analyses to discover new biological processes and biomarkers associated with disease,
including cells, genes and groups of cells within the tissue. This includes:
» Identifying cell types
» Finding gene markers
» Mapping cell neighbourhoods (cell communities)
» Multiomics integration
» Spatial transcriptomics + proteomics
» gsMAP: incorporating GWAS with Spatial transcriptomics

[Day 2] Machine learning analysis of sequencing and imaging data
» Key concepts
» Practical hands-on analyses
» Transformer models for gene expression
» Vision transformer for H&E images



Module 2 Cellular Omics — Schedule

* Afternoon 6™ July: 1 pm —4 pm

v' Session 1: Single cell and spatial technologies (1:00-2:00)
v' Session 2: Practical - (2:00-2:45)
v Single cell analysis (2:00-2:30)
Break (2:45-3:00)
v' Session 3: spatial analysis (3:00-3:30)
v' Session 4: Visualise spatial single cell data (3:30-3:50)
v" Closing: 3:50-4

* Morning 7t July (9 am — 12 pm) Practical for single cell and spatial analysis

v' Session 1: Cell typing (9-10)

v' Session 2: Community analysis (10-10:15)

Break: 10:15-10:30 am

v' Session 3: Multiomics Integration lecture (10:30-11:30am)
v Practical: gsMap (11.30-12 am)

e Morning 7% July (1 pm — 4 pm) Practical for machine learning
v" Session 1: Deep learning for spatial data (1:00-1:30)
v' Session 2: Autoencoder for gene expression (1:30 -2:45)
Break (2:45-3:00)
v' Session 3: transformer for genes and images(3:00-3:50)
v" Closing: 3:50-4:00



Lecture 1: Single Cell Transcriptomics



Single cell RNA sequencing

oi

Barcoded bead POU5F1 Day 0
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Collect

QO O — o’ D e

13‘.9 20
Q

tSNE2
o

10x cDNA
Barcodes UMI (T)ggVN = o == oy
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poly(A) RNA -20 0 20

Index RNA to the original cell Sequencer

* Single-cell RNA sequencing (scRNA-seq) measures thousands of genes in a separate cell
* How: 3 barcoding steps for sample, cell and RNA molecule
* Scale: bulk RNA-seq (5 samples) vs. scRNA-seq (45 K cells), a ~900 times bigger gene count matrix



Single cell informatics

Scale

Precision Genomics Medicine

Regenerative Disease
biology mechanisms

Variants
to drugs

Diagnostics

SN
Drug. efficacy
and resistance

Resolution

The Genomics and Machine Learning Team

Quan Nguyen, Onkar Mulay, Prakrithi Pavithra, Xiao Tan



Advanced genomics technologies

2018: Single Cell Transcriptomics 2019: Single Cell Multiomics 2020: Spatial Transcriptomics

Jarwsary 2020 Vol 17 No. 1

nature methods

nature methods
Method of the Year 2020;
Spatially resolved transcriptomics

METHOD OF THE YEAR 2019
Localization microscopy twice as precise

BREAKTHROUGH
of the YEAR

A cryo-EM-based structural proteomics approach
Time-resolved crystallography at the European XFEL

Magnetic resonance at high speed




Single cell resolution and spatial context

Jurusay 2034 | velume 11 | rurber 1

nature methods

wwa.nature.com/naturemethods Techniques for life scientists and chemists

nature.com/nmeth January 2020 Vol. 17 No. 1 www.nature.com/nmeth / January 2021 Vol.18 No. 1 www.nature.com/nmeth / December 2024 Vol.21No. 12

nature methods nature methods nature mgthods

Method ofthe Year2
Spatially resolved transcriptomics

W DNase-seq in the spotlight

W Assessing local resolution in cryo-EM maps

W Intestinal stem cell culture
™ Quantifying proteomics targets of electrophiles
W METHOD OF THE YEAR 2013

METHOD OF THE YEAR 2019
Localization microscopy twice as precise
A cryo-EM-based structural proteomics approach o —

Time-resolved crystallography at the European XFEL MethOd Ofthe Yeal' 2024:
Magnetic resonance at high speed Spatial proteomics

BREAKTHROUGH
of the YEAR



Increase single cell experiments to millions of cells
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Disease at single-cell resolution

Cancer sample Non-cancer sample

J J .
0,009% 0 0 0,990.0,0 10.0
) %S ;
Yo Yy |
g iy, ’ .o [
Cancer cells g‘) 7] .“!.'.'. ..:..:
{0 3 "I -
= ’ - Mean.. Mean. .
- E ) .‘ °%%¢ q;) 5.0 cancer normal
a) Qo 0. A& 0‘% 0 z
Weh e T e Yy
v "& Cell type 2
Celltype 2 Celltypel Celltypel 2:9]
Dim X ] Dim X
Cancer Normal

« Bulk RNA sequencing: no difference in mean expression
« Single-cell sequencing: can detect higher expression in cancer cells

e Cancer cells
Cell type 1
e Cell type 2



Single cell data vs. bulk data

https://github.com/IMB-Computational-Genomics-Lab/sclVA

Quality Control Single Gene Analysis Gene List Analysis About and Instruction

Uploaded Expression Matrix

T1_AAACATACAGAATG-  1_AAACATACCTTCTA-
1 1

FO538757.1_ENSG00000279457 0.00 0.00
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206L10.9_ENSG00000237491

LINC00115_ENSG00000225880

No. of Genes
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No. of Cells
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___singlecel Buk

Noisy data Undetected genes (zero

inflation)
Cell-cell variation Measured

Data size
1 bulk sample)
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Thousands of cells (1 cell ~
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0.00

Deep sequencing, most

genes detected
Not measured
10-100 samples
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Dimensionality reduction

UMAP,
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Data quality control: a range of QC measures

CellNumber Reads/Cell Genes/Cell TotalReads
3000 -
7500 - 60000 - 3e+08 -
5000 40000 - 2000~ 26+08 -
* 16 QC measures 1000 -
. . 2500 - 20000 - 1e+08 -
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g 0e+00 - . II
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@ 25- 20 - 20 - 57
=
g ° .
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Why Data Normalisation

<))
o

» Batch effects: technical differences Design
induced by the operator or other Biological replicates Technical replicates Balanced Confounded
experimental artifacts uu EE HEE
/—\ SIS EEE EEE
[ [ EEE NEEE
e Often observe systematic differences in \/ :.0.
sequencing coverage between libraries o00
( or cells)
¢ Well-normalized data d Badly normalized data
. . . 1
* Normalization aims to remove these ®
differences @ 240 00e’e
5
(& ry (X )
oY e
i | 34 ~ o°
e Such that they do not interfere with @’3 398
. . 8 8
comparisons of the expression . 6 ® - , 6
profiles between cells S ;‘.lll &5
0Global1 2 3 0Global1 2 3
Distribution Distribution

* Ensure heterogeneity or differential
expression within the cell population (Buttner et al, 2019)
are driven by biology and not technical
biases.



Three levels of single cell data normalization

Original Corrected

Three levels of technical variation in
scRNA-seq data:
* Gene-specific effects within a cell: GC
content, gene length

batch

GSE81076
GSE85241

batch

GSE81076
GSE85241

» Cell specific effects within a sample:
each cell is amplified separately, causing
amplification bias among cells

Dimension 2
(|

Dimension 2
o

-20 4
-20 1

* Batch effects within a study: sample

preparation or technology-specific
effects

-20 0 20 -20 0 20 40
Dimension 1 Dimension 1



Cell to cell normalization: Library size normalization

Celll
genel 0
gene2 0
gene3 3
gene4 0
gene5 1
colsum /
library size
factor 0.91
Normaliz
Iigrarj sizegI 4.40

Cell2
0

> », O O

1.14

4.39

Cell3
0

N W -, O

1.36

4.41

Cell4
0

L W O O

0.91

4.40

The mean size factor across all cells is equal to 1
Normalized expression values are on the same scale as the original counts,

Useful for interpretation especially when dealing with transformed data

Cell5

N O —» O

0.68

4.41

Total library size = 22

Nrcells=5

Size factor=

library size xnrCells

Total library size



Cell to cell normalisation: a pooling strategy to solve zero inflation

O O O O O O(——Single cell Sum(poolB)/
O O O Sum(poolA)/ average
O O O O <«—All cells (averaged to make Pool A Pool B Sum(poolA) Sum(PoolB) average average
O O @ @ O a reference pseudo-cell) 1 e
e e e
0 o O 0 6 @ O il Celll 2 3 4
O 0 B O 5 O 8+ 0; + 05 + B, =6, gl O 0 0 o0 0 0 0 0 0
@ 2 0 0 0 0 0 0 0 0 0
® O O O O System of linear equations: &
O ‘——I—O O O 11110000. g‘ g“ g3 3 0 1 0 3 1 4/4 3/4/4 1/4/4
Cell pool B: g gg gi ‘1’1 (1) 9; - 9: g4 0 1 3 3 1 6 7/4 1/7/4 6/7/4
Bs+ 05+ 6, + 6y =6, 01101100...]| 84 6o g5 1 4 2 1 5 3 8/4 5/8/4 3/8/4
(Lun et al, 2016) (] 1
- A demo 6, Op

= Hcelll + Hcellz

Scaling factor of cell 1

E(Vy) = A z 6; X tj‘1 Vii is the sum of adjusted expression value across all cells in pool 4 for gene i
J€Sk Ajp is the expected transcript count and 8; is the cell specific bias

S _isa pool of cell; 6; X tj_l is size factor for cell j

* Each cell is considered as a sequencing library, so the total reads per cell need to be normalised
* Pool cells to reduce the number of zeros
* Estimate the size factors for the pool

* Repeat many time and use deconvolution to estimate each cell size factor 6;



Batch normalisation: Mutual nearest neighbour (MNN)

Three assumptions in MNN
normalisation:

(i)

(ii)

there is at least one cell
population that is present in
both batches,

the batch effect is almost
orthogonal to the biological
subspace, and

(iii) the batch-effect variation is

much smaller than the
biological-effect variation
between different cell types

Batch 1 Batch 2

0n O _|motvencd —@ 0
008 T—T°0 00

O O O KNN of red cell O O

Red and green are MNN

a

Find KNN in
anther Batch

X ‘ Batc
Qv
Batch

effect

% V
Batch 1 %}/
w

X T assume batch effects

llu“

M ’ are mostly orthogonal
vectors WU to the biological manifold:
x% & batch effect: vertical
< biological manifold:

B,
% horizontal
w

the cosine normalization

Nearest ¢ ¥ X
in batch 2 Y

Nearest
in batch 1

(Haghverdi et al, 2018)




Batch normalisation: Mutual Nearest Neighbour (MNN)

o

t-SNE 2

t-SNE 2

Uncorrected

30 20 =10 0 10 20 30

t-SNE 1

limma

s2olaf.

30 20 =10 0 10 20

t-SNE 1
m Cell type 1

b

t-SNE 2

Q.

t-SNE 2

30 -

30 20 -10 0

Celltype2 HCelltype3 @ Batch 1

MNN

-30 =20 -10 0 10 20 30

t-SNE 1
ComBat

9 ©
o83 &ad

t-SNE 1
A Batch 2



Dimensionality reduction: linear techniques

Why dimensionality reduction:

Filters out noise

Minimises curse of dimensionality

Allows visualization with more separation of points
Reduces computational load

Linear approaches:

PCA (Principal Component Analysis)
ICA (Independent Component Analysis)
NMPF (Non-negative Matrix Factorization)

Linear approaches:

Capture the dimensions with higher variance
Quantitative way to assess the amount of retained
dimensions

Preserve both long-range and short-range distance
(i.e. cells that are very different or very similar)
Different to bulk RNAseq data, the first few
dimensions are not enough to capture scRNAseq
data structure well

Dimension 2

Single cell

PC 2

-1.0 0.5 00 05 10 15

0.0

0.5

Dimension 1

Percent variance explained

10.04

7.51

5.0

2.5

10 15 PC 1

Variance explained




Dimensionality reduction: nonlinear techniques

MDS (Multidimensional Scaling)

Uniform manifold approximation and projection (UMAP)
t-distributed Stochastic Neighbour Embedding (t-SNE)

UMAP and tSNE: nonlinear embedding (mapping) of data points from
high dimensional space to low dimensional space, so that the
probability distance between these two space (KL diverge " Cross

entropy) is minimised

Both methods: class of k-neighbour based graph learning algorithms,
strong influence of hyperparameters, non-deterministic (stochastic)

Nonlinear techniques solve the overcrowding representation, which is
often seen in linear approaches for large scRNA-seq data

UMAP preserves local & more of the global data structure than t-SNE

UMAP2

10 -

t-SNE

1 mbes cMP

IgD°IgM° B cells

Plasma cells
IgD"IgM" B cells

B-cell fractions A—C (pro-B cells)
1gD IgM" B cells e0es
Macrophages

cLp CD4 T celis

HSC Mep
MPP

Nonclassical monocytes

NKlcalls 1T cells

cells
CDBT cells
GMP Basophils

Classical monocytes

Intermediate monocytes Eosinophils

5 0 5 10 15

UMAP1
pDCs
20 - 16 T calls
CD4 Tcolls Mﬁgc
CMP
NKT calls cip
10 4 CD8 T calls 10DIgh" B colls
Plasma cells
MEP
0 Intermediate monocytes
IgD’IgM" B cells
Nonclassital monocylss B-cell fractions A-C (pro-B cells)
-10 4 Classical monocyles * 1 g™ B calls
mDCs
Macrophages
Eosinophils "
-20 A NK cells
4 Basophils
-20 -10 0 10 20



Global vs local distance in low dimensional space

tSNE2

40

-20

-40

tSNE MNIST

Points within
clusters
are similar

. Hard to say if these
:) clusters
b are less similar...

0 20 40

tSNE1

(Oskolkov N, 2019)



tSNE does not preserve long distance - KL divergence

(Oskolkov N, 2019)

tSNE

AOP . e s

tSNE minimises Kullback-Leiber divergence KL(X,Y)
2
KL(X,Y) ~ —P(X)log Q(Y) = ™%X log(1 + Y?)

The embedding minimizes the Kullback-Leiber divergence of the
distribution from Q to P calculated as: KL(X,Y) =

p.. == 2
Sixjbijlog 2 = ™ log(1+Y?)
ij

The probability distance between two neighbouring cells is the
. + o=
joint probabilities p;; = %

Conditional probability of cell C] given cell C is calculated as:

—d(Ci»Ck)2>

Pjii =

2
ZO'i

Zkiiexp<
For large distances X in high dimensions, the exponential term
approaching 0, so Y can be basically any value from 0 to e= and

KL remains small
For small X, to minimise KL (cost/penalty), Y is small

-1
(1+]lyi- lI°)

Yrem (AHlye—yml®H -1’

Y, and y; are corresponding mapped points of cells Cl_ and CJ to

t-SNE space, and q;; follows t distribution to avoid
crowding

Pairwise similarity in t-SNE space: qij =



UMAP preserves long distance - cross entropy

(Oskolkov N, 2019) UMAP

UMAP minimises cross entropy CE(X,Y)

CE(X,Y) = P(X) log(%) + (1 - P(X))log( i : Z((;t;)

-X? —Xx2 1+Y?
ne X log(1+Y2)+(1—e X )log( v )

X - 0:CE(X,Y) ~log(1+Y?)
When X small, Y is also approaching 0 to minimize CE

1+Y2)

X 5> 00:CE(X,Y) %log( V2

When X large, Y is also large to minimize CE

i ) 2
tSNE: KL(X,Y) ~ —P(X)log Q(Y) = e~ X log(1 +Y?)




More about UMAP vs tSNE

To learn low-dimensional embeddings, UMAP assigns
initial low-dimensional coordinates using Graph
Laplacian (force directed graph layout algorithm) in
contrast to random normal initialization used by
tSNE. Therefore, UMAP is less dependent on random
state (not changing from run to run)

UMAP proceeds by iteratively applying attractive
(among edges) and repulsive forces (among vertices)
at each edge or vertex. Convergence is guaranteed
by slowly decreasing the attractive and repulsive
forces of the neighbour graph.

UMAP has no computational restrictions on
embedding dimension, making it viable as a general-
purpose dimension reduction technique for machine
learning (tSNE can only embed to 2-3 dimensions)

UMAP on Cancer Associated Fibroblasts (CAFs): Programmed from Scratch

UMAP2

. o smoie P

o SP0Y%

001
UMAPL

(Oskolkov N, 2019)




Single Cell Clustering Analysis

Clustering in scRNAseq is a data-driven way to find cell (sub)types at single-cell resolution



Graph-based Clustering

Two main steps:

1) Embed cells in a graph structure:

* K-nearest neighbour (KNN) graph (cells with similar
expression patterns identified by Euclidean
distance in PCA space)

 Edge weights between any two cells based on the
shared overlap in their local neighbourhoods
(Jaccard similarity)

301 eur,
2) Community detection to partition cells in graph into ¥

groups of cells -
* Modularity optimization techniques such as the

Louvain algorithm ; .
* Modularity: measures the density of edges inside 5 i g5
communities to edges outside communities 15] LAy T bo .
« Louvain iteratively groups cells together, with the FoGAgA Hono
goal of optimizing the standard modularity 10 Platolet

function 10 15 20 25 30



Graph-based Clustering 09 o 09y
0P o P
v 3‘ % A
§ o &, . g o A
e Build shared-nearest-neighbour graph connecting the cells 07 . 0
and finds tightly connected communities . .
10 — f@ 10 A
* Increasing the number of neighbours when constructing Jo 40 40 b 1 30 20 0 0 10
PC1 PC1

the cell—cell graph indirectly decreases the resolution of
graph-based clustering

(3]

letim bl

d e

A K5 \ A k=10
vy N €W

J‘.‘;w t_ﬁ;;ﬁ L
Nature Reviews Genetics, 20, (2019)
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Lecture 2: Spatial Transcriptomics



Spatial transcriptomics approach
Single cell Spatial

Bulk

Lego:
(@boxia)

N7 P e -9
Fruit salad: @éu!‘ 2
B = e‘

(@LGMartelotto)



Spatial Transcriptomics Data (seqFISH): expression + location

(2050 cells and ~10,000 genes)

Field Cell

of ID X Y Aanat Aasdh Aatf Abat Abcal6 Abca1l7
View
g 0 0 1 1766.40 283.42 0 0 2 0 0 0
é 1 0 2 1891.40 348.38 0 0 0 0 2 0
g 2 0 3 1548.70 351.11 0 0 0 0 0 0
> 3 0 4 1657.60 357.37 0 0 0 2 0 0
4 0 5 1767.40 392.22 0 0 0 0 0 0
X-coordinate
Fluorescence single molecule counts Example of seqFISH RNA in a cell: 3247 genes
Gene ID 1 19 23 44 53 57 63 70 71 72

rdinate

Coordinates

0 653.00 675.24 687.21

733.85 615.16 663.99 611.06 669.65 638.03 601.10

1 43434 428.89 479.06 472.43 469.95 464.81 443.74 417.42 430.46 472.07



Spatial transcriptomics adds spatial dimension and tissue morphology

Spatial spots on a slide

-~ " Spatial
_ 4x26 | 3x26 | ...
2 2 4 ‘ Fam234 [0 |1
G Nel |3 |0

SemaS5a | 0 1

Spatial Expression

Color image intensity
* On-tissue expression profiling (>20,000 genes); each spot contains ~1-9 cells; tissue < 6.5 mm x 6.5 mm
Other spatial technologies are different (complementary) in resolution, throughput, scale, sensitivity ect.



Xenium - Spatial transcriptomics at single cell resolution

Molecules
® PMEL
@® MLANA

cell_types

Melanocytes Imm_Tcell Imm_Mast Cells
WP Imm_CD8+ T cell KC_Differentiating Imm_Endothelial c
: Y \ : g Imm_DC KC_Basal Imm_pDC
: 3 Imm_Fibroblast KC_Cornified Imm_Bcells

Imm_Macrophage Imm_LC Imm_NK




Spatial Analysis Types

Sample processing LW Targeted (Ab/probe panels)
(S < b
\ =/ P ;. 24 -&
L R N g

Library design Hybrldlzatlon Image acquisition

Transcriptome-wide Slide-SeqV2, Stereo-seq, VisiumHD, ...

IMC, MERSCOPE, Xenium, CosMx, ...

\
%1 1] ¢
= = ﬂ = i
, ' Lnbrary ’
Tissue preparation (FF/FFPE) ’_ mRNA capture 1k p[eparanqn || Sequencing i
Data processing + analysis Cell type and expression profiling + Tissue microenvironment characterizations
y S e e R . N RO , ,
s a& Expression - i J.
g - B §evels 5 Cell of
= e interest
Cell S .
combine as cell metadata for mapping Typical single cell : : : ;
(single cell masks/expression profiles) transcriptome analysis cellular neighborhood/interaction analysis

40
(Park et al, 2022)



Lecture 3: Spatial Proteomics



Datasets — Melanoma (Skin)

PhenoCycler-Fusion
(CODEX)




atasets — Melanoma (Skin)

PhenoCycler-Fusion
(CODEX)

Iterative imaging:
Reveal-Image-Remove

Cycles
Reveal

kXX '
Single-step Staining x & &){ AXURS

%%

KXKXKXKKXKKX Stain

ik
199999999, e A
|99 999999, *&&

KXXKKKXKX

Image

Antibody Panel Remove

Image processing A®Kk re

and analyzing & & X

Cycle 1 Cycle 2 3 cle 33+
Cycle 1 Cycle 2 Cycle Cycle 33




Datasets — Melanoma (Skin)

DAPI S100B

Keratin 14 PMEL




Datasets — Melanoma (Skin)

DAPI Cell segmentation




rotein Measurements
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1. Protein Measurements
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