Practical Day 1: Data Structure & Understand
Single Cell and Spatial Data Concepts

Prakrithi Pavithra, Xiao Tan, Quan Nguyen



Learning Objectives

o Understand data types: Single cell sequencing (scRNAseq) & spatial
imaging/sequencing data

o Understand data structure: scRNAseq & spatial data
o Getto know common software: Seurat, AnnData, SpatialData
o Key concepts in data preprocessing: normalization

o Key analysis types: identify cell types
o Kmeans, graph-based, deconvolution
- Annotate cell type labels



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:

/software/bin/micromamba shell init
source ~/.bashrc
micromamba activate /software/conda-envs/gml-teaching

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

~/qimr-teaching-2026/runme.sh

The output will look something like:

Port 3502 is available

Command to create ssh tunnel:

ssh -N -L 3502:10.10.10.10:3502 foo@l®.10.10.10

Use a Browser on your local machine to go to:
localhost:3582 (prefix w/ https:// if using password)

[I 2024-06-20 85:57:41.633 ServerApp] Extension package jupyter_lsp took @.1372s to import
[I 2024-06-20 85:57:44.647 ServerApp] http://127.8.08.1:3502/tree?token=abcl23

« 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].
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Data structure
Dataset

QC and normalisation
Clustering
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# python




Running the Practical

Terminal PowerShell

1. Log into your account:

ssh {fusername}@203.101.229.126

*username & password from winter school email*

2. Follow these commands:

] /software/bin/micromamba shell init

] source ~/.bashrc

] micromamba activate /software/conda-envs/winter_school 2026

= git clone https://github.com/GenomicsMachinelearning/gml-teaching-2026
=  cd /scratch/SUSER/gml-teaching-2026

= /scratch/SUSER/gml-teaching-2025/runme.sh

3. Open JuperterNotebook:

000-single-cell-RNAseq/000_Single_Cell_RNAseq_Analysis.ipynb
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Definition

Data: Collection of raw facts (numeric, categorical, etc.)

Data structure: specialized format for organizing and
storing data in memory that contains not only the
elements stored but also their relationship to each
other



scRNAseq or spatial transcriptomics data

Gene expression matrix:

Row: cells/spots
Column: genes

Cells/spots metadata:

Cell type
Batch
Spatial coordinates

Genes metadata:

Reference
Ensembl ID

Image:

H&E image

Embedding

PCA
UMAP

anncane @rray([[-3.8268683e+02,

ARACA
AAACAL
AAACAG
AAACA

AAACAL

TTGTTG
TTGTTT
TTGTT

TTGTT

TTGTTTGTGTAAATTC

3813 rows = 9 colume

[0.74

529412

901596 , &

-7.4896527e+00,
[ 8.5815186e+02,
-9.1535692e+00,
[-5.36204592+082,
-3.3967710e+00,
e,
[ 1.81894592+082,
-6.4620590e+00,
[-1.90715452+082,
3.2471569e+60,
[-1.1925542e+02,
3.90030842+00,

FAM231C ENSG00000268674 Gene Expression

gene_ids

LA56989462+82 ,
.35918%98e+01,
LBBA48452+81,
. 7668648e+01,
.213696%9=+82 ,
.331220%9=+20,

.6B88363e+81,
.281818%=+81,
.BB53928e+81,
L2887763e+00,
L 249837 3e+82 ,
.4638415e+08,

33538 rows x 3 columns

U.sre3uIowl] ],

- MIR1302-2HG ENSG00000243485 Gene Expression

feature_types genome

GRCh38
.9572031e+01, ...,
.5226344e+001],
.8959357e+02, ...,
.6046457e+001],
06952742401, ...,
.4527483e+00],
.7038712e+02, ...,
.4795618e+01],
.3436691e+01, ...,
.4047074e+00],
.5722610e+02, ...,

.5943404e-01]], dtype=float32)

1

1

GRCh38 & basal_like_1



Common data structures

Common data
structures

AnnData SeuratObject




AnnData (Annotated data) - Python

Raw counts
Normalized counts

Observations
(cell/spots)

| metadata
/ Variables (genes)
metadata

layers

Unstructured data

uns
{ ... } E‘ I
Embedding

Features




SeuratObject - R

Seurat Object

Assays Metadata Embeddings Variable Features

Raw counts Experimental Conditions Nearest Neighbours Variable Gene List
Normalised Quantitation QC Metrics Dimension Reductions

Clusters




SeuratObject - R

Feature Primary and
metadata | transformed data
e A .. AN 9O M
L N W AT AT A
P & F P

| Gene 1
Gene 2
Gene 3

rowData

k= = = =

Cell Dimension
metadata reductions
NN NG D
N Y-t o
AL S

—

I

' colData

reducedDims
Rows = cells

SingleCellExperiment

Cell 1
Cell 2
Cell 3
Cell 4
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Use case:
Perform K-means clustering and store to AnnData

How?

Extract the PCs components from AnnData for every cells/spots
Using external scikit-learn package for K-means clustering

Get the K-means clustering results
Add results to observation annotation of AnnData object

W~



Use case:

Plotting Kmeans results for spatial transcriptomics

.uns: image

AnnData:
anndata

.0bs: spatial
coordinate

.0bs:
kmeans

OLONOUVMBEWN-O



1. Extract the PCs components from AnnData for
every cells/spots

| anndata.obsm["X _
pca’

AnnData:
anndata




2. Using external scikit-learn package for K-means
clustering

anndata.obsm[“X _ / sklearn.clust
pca’] / er.KMeans




3. Get the K-means clustering results

anndata.obsm["X _ / sklearn.clust / | List clusters of
pca’] / er.KMeans / every cells/spots




4. Add results to observation annotation of AnnData
object

List clusters of AnnData:
* .0bs
every cells/spots anndata
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Running the Practical

Terminal PowerShell

1. Log into your account:

ssh {fusername}@203.101.229.126

*username & password from winter school email*

2. Follow these commands:

] /software/bin/micromamba shell init

] source ~/.bashrc

] micromamba activate /software/conda-envs/winter_school 2026

= git clone https://github.com/GenomicsMachinelearning/gml-teaching-2026
=  cd /scratch/SUSER/gml-teaching-2026

= /scratch/SUSER/gml-teaching-2026/runme.sh

3. Open JuperterNotebook:

002-clustering-cell-typing
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Datasets — PBMC (scRNA-seq)

Number of Cells Cells
2,691 .
' n;\ Peripheral blood mononuclear cells (PBMCs) from a
Mean Reads per Cell Median Genes per Cell % ﬂéc' h €ad It hy d onor
69,112 806
; PBMCs are primary cells with relatively small amounts of
Sequencing ? ! ~
Number of Reads 185,980,783 : R NA ( 1 pg R NA/Ce I I) .
Valid Barcodes 94.5% doemE e B’:i'c:';es oMz 0ok
Reads Ma d Confidently to Transcriptome 64.0% Number of Cells
Reads Maz:d Conf den:lz to Inter_qer:c Regions 5.4% Fraction R::ds in Celle ® 2, 7 OO ce I I S d ete Cte d
ot ek > M Rendspor o f *Sequenced on Illumina NextSeq 500 with ~69,000
plication pa.0% Median Genes per Cell

Q30 Bases in Barcode 70.5% Median UMI Counts per Cell re a d S p e r Ce II
Q30 Bases in Read 1 93.0% .
(230 Base in Sample Inex .23 *98bp readl (transcript), 8bp 15 sample barcode, 14bp

Q30 Bases in UM 9%.0% Sample |7 GemCode barcode and 10bp read2 (UMI)

Mame pl

Peripheral bload monenuclear cells (PBMCs) .An a |ySiS ru n With --Cel IS= 3000

Description healthy
Transcriptome

Cell Ranger
Version

e https://www.10xgenomics.com/datasets/3-k-pbm-cs-from-a-healthy-donor-
1-standard-1-0-0
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1. Data QC and Normalisation

* Factors of Technical Noise

Living Cells

#genes  #MT-genes

Dying Cells

high

low

#genes #MT-genes
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1. Data QC and Normalisation

* Factors of Technical Noise

Living Cells Dying Cells Tissue Folding

#genes  #MT-genes #genes #MT-genes




1. Data QC and Normalisation

* Factors of Technical Noise

Living Cells Dying Cells Tissue Folding
2 Remove Outliers

OUTLIERS ﬁ

high

low

#genes  #MT-genes #genes #MT-genes
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1. Data QC and Normalisation

 Data Normalisation

Why we normalize - Ensures comparability of gene expression between spots/cells:

» Technical noise: capture efficiency/sequencing depth

Sequencing Depth

25



1. Data QC and Normalisation

e Data Normalisation

Why we normalize - Ensures comparability of gene expression between spots/cells:

» Technical noise: capture efficiency/sequencing depth

» Biological effects: Spots may contain varying numbers of cells

sk ?

Cell X = Gene Expression

Spot 1 Spot 2

26



1. Data QC and Normalisation

e Data Normalisation

Why we normalize - Ensures comparability of gene expression between spots/cells:

« Technical noise: capture efficiency/sequencing depth

« Biological effects: Spots may contain varying numbers of cells

Need for Downstream Analyses!

UMAP2

® Ocell A
® . e icelB
% e [celC
** L Y
Xk, Egim
*** EEN
* ol
UMAP1 >

[ healthy
[l diseased

Gene expression

Cells

-log10 p value

Genes
EEEEEE EEE RSN e
H EEEEEEEEE N EEEEEEEEE
EEEEE SESTEEEEEEECEE S ErEEEEE
O O
HE EECEEEEEE RN e R .
N A O
EEEE NN .
HEE EEESEE EE ESE EEESEE N
EE B E m | H BN E &
N ] u ||
| | | | | | H B B Em H =
o E = EENE EEE B CEE =
. mE= EE N EH EE N _ENE
HE = 0m HoEE H N N
o Em u H NN EE N
L | [ ] HE EaE | ] |

log2 fold change
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2. Clustering and Cell Typing

Groups Spots/Cells together based on similar transcriptional patterns

KNN graph Initial partition Final partition

Agaregate Refine
network
ﬁ ﬁ

Find
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2. Clustering and Cell Typing

Groups Spots/Cells together based on similar transcriptional patterns

KNN graph Initial partition

Find
communities

Aggregate
network

Refine

—_—

Final partition

29



More about: 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)

30 1 Ve,
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



More about: Graph-based Clustering

e Build shared-nearest-neighbour graph connecting the cells
and finds tightly connected communities

* Increasing the number of neighbours when constructing
the cell—cell graph indirectly decreases the resolution of
graph-based clustering

PC2

(3]

» SRS
°
. ° °
°
: ol ¥
000 v..' A
° ~ Y
” .. g A
o 0
A
%
8 o
I I I I I I
30 20 10 0 10 -30 20 10 0 10
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\ ¥
3 5 \\
#
‘lf - 4

“e | two

Nature Reviews Genetics, 20, (2019V)*



K-Means clustering

Unsupervised machine learning algorithm.
Groups data into K distinct clusters based
on similarity.

Each data point is assigned to the nearest - éc,
cluster centroid.

fig 1: before applying
k-means clustering

How It Works
*Choose K (number of clusters).
*Randomly initialize K centroids.
elteratively:
* Assign each point to the closest centroid.
* Update centroids to the mean of assigned points.
*Repeat until centroids converge (no major change).

" cluster 1

/\-) cluster 2

cluster 3

o
¢
fig 2: After applying K-

means clustering
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Cell typing

There are 3 main ways of cell typing:

* Marker Gene Approach : Requires a curated list of genes that are specific to each cell type of interest

(manually)

* Database Matching of DEGs : Matches a list of differentially expressed genes (DEGs) for each cluster to a
database
* Spot Deconvolution/Cell Label Transfer : Uses a previously annotated single-cell RNA dataset to assign

spots/cells labels based on similarities between transcriptomic profiles



The Marker Gene Approach: Manual curation

The theory

Relies on a manually curated, pre-defined list of
genes known to be highly specific to the cell
types of interest. The analyst projects the
expression of these canonical markers

directly onto UMAP dimensional reductions or
spatial tissue maps to visually and

statistically confirm cluster identities.

Input: Pre-defined target gene panel +
Unannotated clustered data.

Output: Visually verified, specific cell populations.

2 NaivacDaT Y

(@]
< Joret !
£

B

FCGR3A+ Mono
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Database Matching: Unbiased DEG Profiling

The mechanism

A completely data-driven method that
evaluates the entire transcriptome to find
statistical signatures.

e Step 1: Extract. Compute Differentially
Expressed Genes (DEGs) to isolate the
unique transcriptional fingerprint of an
unidentified cluster.

e Step 2: Match. Query this empirical
DEG list against comprehensive
reference databases of established
biological markers.

Input: Unidentified clusters + Full
transcriptome matrix/ top 100-200 marker list

Output: Automated, probabilistic
cell-type annotations.

Gene1
Gene2
Gene3
Gene4
Gene5
Geneb
Gene7
Gene8

GeneN

w

Input gene
lists

Tables
-t e S
@[ Ennchr]* e ———
35 Gene SetLibraries Grids —— '

SZ5D & & & S =
Q :‘;m::] R R Al“
=D A ) &> &S ep——

wul:
ezl sl la> e — __Bar graphs

WYC MU e

Chen, E.Y., 2013. BMC Bioinformatics
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Running the Practical

Terminal

PowerShell

1. Log into your account:

ssh {fusername}@203.101.229.126

*username & password from winter school email*

2. Follow these commands:

] /software/bin/micromamba shell init

] source ~/.bashrc

] micromamba activate /software/conda-envs/winter_school 2026

= git clone https://github.com/GenomicsMachinelearning/gml-teaching-2026
=  cd /scratch/SUSER/gml-teaching-2026

= /scratch/SUSER/gml-teaching-2025/runme.sh

3. Open JuperterNotebook:

001-spatial-single-cell/1.1_python_single_cell_visualisations.ipynb

38
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Spatial Analysis Types

-~

Tables |l

Images :#I i

Storage format

Points |, '::'OME
Shapes :?n

Labels % - @3

Spatially aligned
datasets

C

Convenient readers

IMC

— — .
CosMx — ..

CyCIF

Transforms

Al A K] €

Translate Scale Rotate Chain

b Python library

Spatial
queries

ﬁ } o

Observation
aggregation

Visium

d

Interactive annotation
and visualization

, @ Deep learning
interface

<
@{? O PyTorch
@

f

®

Ecosystem
integration

(2

‘@

(Marcorano et al., 2024)
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SpatialExperiment Data Object

« assays containing expression counts

« rowData containing information on features, SimgleCellixperiment -
1.e. genes ob%ervatlons (columns) N/ L N L
T i £

« colData containing information on spots or

cells, including nonspatial and spatial g l ’ ‘ |
n imgData
metadata “l ‘ | I m
« spatialCoords containing spatial coordinates
rowData assays reducedDims T colData - spatialCoords

« imgData containing image data.

7/5/2026 [Presentation Title] | [Date] 40



Spatial Single Cell Data

SpatialData object with:
Images

—— 'HE': SpatialImage[cyx] (3, 4633, 14747)

—— 'morphology_focus': MultiscaleSpatialImagelcyx] (1, 37441, 11479), (1, 1872@, 5739), (1, 9360, 2869),
(1, 4680, 1434), (1, 2348, 717)

| L ‘morphology_mip': MultiscaleSpatialImage[cyx] (1, 37441, 11479), (1, 1872e, 5739), (1, 9368, 2869), (1,
4688, 1434), (1, 2348, 717)

Labels
F—— "cell_labels': MultiscaleSpatialImagelyx] (37441, 11479), (1872@, 5739), (9360, 2869), (4680, 1434), (2
348, 717)
| L *nucleus_labels': MultiscaleSpatialImage [yx] (37441, 11479), (187286, 5739), (936@, 2869), (4680, 1434),
(2348, 717)
—— Polints
L *transcripts': DataFrame with shape: (4062390, 1@) (3D points)
—— Shapes
—— 'cell_boundaries': GeoDataFrame shape: (21596, 1) (2D shapes)
—— 'cell_circles': GeoDataFrame shape: (21596, 2) (2D shapes)
L 'nucleus_boundaries': GeoDataFrame shape: (21596, 1) (2D shapes)
Tables

L *table': AnnData (21593, 260)
with coordinate systems:
= 'global', with elements:

HE (Images), morphology_focus (Images), morphology_mip (Images), cell_labels (Labels), nucleus_labels (La
bels), transcripts (Points), cell_boundaries (Shapes), cell_circles (Shapes), nucleus_boundaries (Shapes)

Essentially, spatialdata is an extension of AnnData that allows for more advanced plotting and image transformations.



Datasets — Melanoma (Skin)

Visium

Xenium
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Datasets — Melanoma (Skin)

Visium
Visium Spatial

¢ Gene Expression
Slide

Capture Area with
~5000 Barcoded
Spots

«— 6.5 mm—

Visium Gene
Expression Barcoded
Spots

1 spot = ~2-10 cells

Partial Read 1
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Datasets — Melanoma (Skin

Xenium

Sample Preparation
pe

Probe Hybridization, Ligation, & Amplification

FF or FFPE Tissue Sections Fixation & Permeabilization (FF) or
on Xenium slides Deparaffinization & Decrosslinking (FFPE)

T I SO |

Xenium Siide

Probe Hybridization Rolling Circle Amplification

Product

PN

Ligation &
Primer Hybridization for Amplification

I

oa
v fiduchis)

Data Visualization

2 Probe | i)
Hybridization &
°
2
of Cycle A S -
1. Fluorescent 3 Automated Slide
Xenium Probes Imaging 3
Analyzer \ .
@ N @
4, Probe
Removal
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Datasets — Melanoma (Skin)

Spot-Based

923 spots 18,085

21,596 cells 260

Single Cell
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3. Spot Deconvolution/Label Transfer [Day 2]

* Spot Deconvolution

Annotated Single Cell

O, 0,0 0450, /
230 soesaosze sters

0,0
0,0 ¢0e%0200
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2% 0%6%%0%%2%

Reference Data

N

-
S

S

. Celltype1

\x
(7}

&
X
>

M Cell type 2

o
020 0
ot ¥

M Cell type 3

06040,0,0,0_0.0

B Cell type 4

259
000,
9%e®

cell type 3

20 %8
25909%

Cell type 2

,.n
5,020 0
26°50°!

0,.0,0,0.0_0,0,0.0,0,.8_0,0,0.0
050020 OODDuﬁuONﬁ"MO

0,0 9
e302020%0
.n"OGOGGO 0% %

7 cells overlapping

a single spot
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0, 0-0 o
283800308 %0
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Label Transfer: Mapping Signatures to Space

The mechanism

Utilizes a previously annotated, high-
resolution single-cell RNA dataset a s a
"ground truth" reference. By anchoring a
new, unannotated dataset (the query) to
this reference based on underlying
transcriptomic similarities, metadata (cell
labels) is transferred over.

Input: Annotated scRNA-seq Reference +
Unannotated Spatial Query.

Output: Cells/spots with
mapped cell identities.

Coembeddings

.' ':;‘
TI .

ST

"

"\“

-

-

Spatial
interpolation (ST)

l

”

...‘;':f
5.

TR £

CellTrek map

RF distance-based
sparse graph

Wei, R., , 2022. Nat. Biotechnology

Coembeddings
(ST interpolated)

'
=z

Model training
(coordinates ~ PCs)

l

R

Multivariate RF



Visium spot deconvolution

The mechanism

Visium spots: Standard 55-micron Visium

spots do not capture single cells; they capture a mixture
of approximately 1-9 cells.

Disentanglement: Deconvolution algorithms
computationally disentangle these mixed
transcriptional signals. By matching the spot's mixed
gene expression against the pure signatures from the
scRNA-seq reference, the algorithm estimates the
exact presence and ratio of underlying cell
populations within that single spot.

Input: ST data, scRNA-seq reference

Output: The final deliverable is a high-

resolution spatial map detailing the estimated
proportions of each cell type across the entire tissue
section.
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