Spatial transcriptomics 2



« Sequence-based high resolution

-Visium & GeoMx: full transcriptome - but low spatial resolution
-Probe-base (MerFish, Cosmx, Xenium): high spatial resolution - poor coverage
-Slide-seq v2, Stereo-seq - full transcriptome + subcellular level

High-resolution
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Stereo-seq
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Stereo-seq
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rl FASTQ

« Sequence-based high resolution

-FASTQ (read file + index file: spot coordinate)
'Allgnment STAR FaslqutrltsSI\deSeq FasthrocestlngShdeSeq

Calculate pre-alignment Partition FASTQs by barcode

- Count matrix
f R

Pre-alignment
metrics

read
structure

whitelist

12 FASTQ

-Slide-seq v2: 10um - ~ 1 cell size
-Stereo-seq: 10um: 400 transcriptome bulb)

STARsoloFastqSlideSeq

Trim reads, correct barcodes,
align, and produce count
matrix

Features TSV
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» SlideCNA

Binning and CNA calling — - Clone delermination —

Pseudo-spatial distance calculation
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« Slide-tag

-Spot-based = anyway, it is not exactly the cell




» Slide-tag
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Cell segmentation (Cellpose)

a Manual annotation Spatial gradlents Combined gradnents

nature methods
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« Cell segmentation (Baysor)
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Cell segmentation in imaging-based spatial transcriptomics

. .

-Location of transcript
+ nucleus or surface marker information (optional)

*assumption

-transcripts are grouped within each cell
-each cell has unique profile

-Unique distribution of transcript in each cell

- Markov Random Field (MRF) = grouping
transcript nearby

- Bayesian inference - distinguish the group of
transcripts into a cell

- Expectation-maximization: optimization



« Cell segmentation (for H&E staining)
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* Cell segmentation (Surface marker-based)
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CelloType: a unified model for segmentation and classification of tissue images



Batch correction

Batch correction Bio metrics Aggregate score
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« Batch correction (SpaBatch)

A. Inputs

B
“ gpatial expression matrices Spatial coordinates
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* Consecutive slide (STalign)
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« Consecutive slide

a « mis-aligned « aligned  unaligned b * mis-aligned « aligned e unaligned
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Benchmarking clustering, alignment, and integration methods for spatial transcriptomics



« Spatial cluster (or Neighborhood analysis)

-Clustering: gene expression only = add spatial information
-Which cells are close to each other?

-Neighborhood analysis = information of local domain
-Spatial cluster - global domain

Traditional clustering Spatial clustering

Spatial clusters

Jo-o-o

: > (@) -J

d




« Spatial cluster (KNN-neighbor)

-Provided from Seurat

-Group by similar neighborhood profile

-KNN for each cell

-K-mean clustering by KNN

- Similar neighbors - same group - spatial cluster

Neighbors

A @o e

Oy 8 ¢ @»




« Spatial cluster (BANKSY)

a Cells in physical space Neighbor-augmented
expression matrix

-Gene expression clustering
@ + Mean exp from local neighborhood
+ AGF (azimuthal Gabor filter)
(expression gradient)

Celli

b c

Azimuthal Gabor filter Cells lifted to neighbor-augmented space

Real component




Spatial cluster (NeST)

nature communications

Article

https://doi.org/10.1038/s41467-023-42343-x

NeST: nested hierarchical structure
identification in spatial transcriptomic data

c Computation of Coexpression Hotspots

a4

all four major subareas.

1. Compute single-gene
expression hotspots across
full transcriptome

2. Construct Hotspot
Similarity Network

a. Binarize Expression

b. Dens ity-based clustering
produces localized hotspots of
ennc:h d expression

Stxbp6
Sg

3. Communities in network are
averaged into coexpression
hotspots representing a shared
expression pattern

network edges connect hotspots with
similar shape and location

ol
= C

+ 14 additional
coex. hotspots

because coexpression hotspots
can overlap, the full hippocampus
as well as its constituent parts are
simultaneously identified, showing

nested structure in the dataset

1:Binarize each gene by expression for each spot
2:cluster (DBSCAN) each spot by binarized gene
exp =2 hotspot

3: hotspot overlap between different genes
(jaccard) by location

- Which genes have a high similarity (of hotspot
spatial structure)

- (gene-gene) Network - leiden clustering

- community detection (coexpression)

—> Various structure!

- Could be extended to cell-cell interaction score



« Spatial cluster (SpaGCN)

-Node: each cell
-Node weight: gene expression
-Graph (edge)—> spatial location

- Graph convolutional network (GCN)
- Modified gene expression (aggregated)
—> Clustering

Spatial domains

<
=

Graph comvolutional layer

Target domain without domain-

Domain-specific meta gene
specific marker gene



« Spatial cluster (STAGATE)

Constructing spatial neighbor networks Integrating gene expression and Biological
spatial location information applications
Spatial transcriptomics Gene expressions Graph attention auto-encoder Identifying spatial
@ @ domains
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S8 Be B | (Learn neighbor spot similarity adaptively)
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Spatial neighbor network

Extracting 3D
Cell type-aware spatial domains
graph attention

ell type-aware |  convolution
spatial network  :

! convolution
eRe I 0 OO &R .
® S ©e \ /J

-VAE-based

-Gene expressign = GAN by local neighbor
*use pre-clustering result
- Use latent space for clustering (ex: Louvain)



« Spatial cluster (CellCharter)

multiple tissue samples
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Spatlal cluster (SpatialPCA)

Tissue Location

. X ‘. F q;w_é n locations B:E E kxn
o : —‘ 4 L

Distance Kernel

Enxn

SpatialPCA

|- mgenes
Z~MN(0,Y))
mxn mxd ¢ mxn
i Il dxn |
; - x EEW 0+ G
‘ IVE] Z _, T._' :
Y w E
Gene Loading Latent Error
Expression Matrix Factors Term
—_— - -

Clustering Analysis Spatial Imputation

Spatial Domain Detection High-resolution

al Map Construction Developmental Trajectory Analysis

-PCA-based - Singular value decomposition
Tissue location - distance kernel (spatially correlated information)

Gene exp =W * Z + E (error)

Z. sampling from N(O, kernel) - latent space - clustering ...



« Spatial cluster (GASTON)

(a) Generated segmentation regions and wireframe with colored edge

distance for tooth regions

-Topological gradient
- Gene expression difference - gradient

Spatially resolved transcriptomics data
Spatial

GASTON

\/

Topographic map of tissue slice

Gene expression
coordinate vector

Input: spatial coordinates

Hidden layer:
isodepth

Output: gene expression
or top GLM-PCs

—. Contours of equal
isodepth

/ Spatial gradients Vd




« Spatial cluster (GASTON)

c

e Domain 1
e Domain 2
® Domain 3

Spatial domains

Spatial variation in cell
type organization
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Isodepth (pm)
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Downstream analyses
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Continuous gradients and discontinuous
variation in gene expression

Expression
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Continuous gradients in tumor
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 Cell-Cell interaction

-sCRNA-seq: based on gene expression

CellPhoneDB

1. Secreted and membrane
0® proteins
® - Uniprot
e 9 _ Protein families
¢ - Literature mining

Subunit 1

) 1£ C):) Subunit 1 .
— Receptor ‘{ i Ligand

2. Protein complexes
- Literature mining

- Literature mining
Subunit 2

-PDB
Random shuffle Null distribution of the mean
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 Cell-Cell interaction

-Spatial constraint - distance should be a “cost”

Why?

- Signaling strength ~ Binding affinity

—> Binding affinity ~ ligand concentration

—> Ligand concentration (at the receptor) ~ Diffusion ~ distance

Short-distance: stronger

@—@

Long distance: weaker

(o (®



+ COMMOT

*Optimal transport-based
-C(x,y): cost function to move x 2y

ARTICLE I -KL-divergence: compare the distribution between
xandy
Inferring spatial and signaling relationships -Wasserstein distance between distributions
between cells from single cell transcriptomic data
Zixuan Cang® 3 & Qing Nie@® 123% )
nature methods 111;_“ / cla,y)dT(x,y)
J X}

Article https://doi.org/10.103¢

Screening cell-cell communicationin

spatial transcriptomics via collective
optimal transport




« COMMOT

OT mapping between data b

Spatial data
Structured and unbalanced
optimal transport

WiV

m—

Likelihood

A single-cell metric space via OT

Cells

b = Single-cell spatial

- O distance matrix

A  ITHS

Spatial locations

v

Spatial location

Cc

Sender distribution. 88 H *

determined by .:'3? !3 ’ Ensemble of
ligand gene Fdas s " . tre/éas

; e \
expressions ¥ - o Sy
o J .
P o A
. o

Optimally o . d,ﬂ L
transporting 12z ®

probability - /;/%

distributions of signal f/-' :

senders to receivers . *

Spatial cell network of .

Receiver %200 '=§ different distances Partial
distribution ® . information
determined by decomposition
receptor gene

expressions

Space-constrained cell-cell communication N

Infer spatial distance  Further refine inferred
of intercellular signaling with distance
signaling and gene constraints

regulation
of
T

\

Unique info./
Feature imp.

Spatial distance

| Gene A

ene B

Potential direct and
indirect intercellular
gene regulation

Gene A
W auan

Fig. 1 Overview of SpaOTsc. a The unbalanced transport relaxes the mass conservation constraint (e.g. lines between circles), and the structured transport

utilizes additional information (e.g. dotted links) to refine the mapping (e.g. blue hexagon). b Cell-cell distance is inferred by computing optimal
transport distance of the spatial probability distributions of cells (rows of v in a). ¢ Calculated cell-cell distance, along with partial information

decomposition and random forest models, is used to infer spatial distance of signaling and then construct space-constrained cell-cell communications and

identify potential intercellular regulation between genes.

argmin | (1 — a) <y, M>

yER,
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*minimize cost function
(ligand - receptor)

argmin < y, D >p + p(KL(y1"|wy) + KL(}JTIn @p)).

yeRY

-D: distan
-KL: ¢enalty if the distribution between ligand
and receptor are too different



« COMMOT

-Competition between different ligands
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« COMMOT

o Infer interacting ligands and receptors
Spatial data Interacting ligands and receptors
L1 12 L1-R L2-R
N/ — LK, 1
R o ‘

1 )

9”’

A
%s?%

O
Interacting receptor

Interacting ligand

Competition with L1
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HoloNet

Communication event (CE)
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-Multi-view graph model

-Each graph (GCN): cell-cell interaction
-Multi-view: Different interactions
-which has higher weight



Trajectory analysis (stLearn)

Pseudotime ~

Pseudo.time.space

e Psoudo-tme

Cells evoiwtion

Colis evolution

P
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Cell - i
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Cell y Cell
3 et — ¥ Cell  celltype to cell ST 0or ]
Cel r type Transcriptomics
> Cell
R r Region B &
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¢ Spot 4 “ 'SW spatial spots, with
Spot or without spatial
> Spot distance)

Subregions to
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Intraregional
(with spatial
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f
Pseudo-time-space distance

dPTS(u.v) =dpr X w+ ds X (l - w)

d =1 - PCs,-PCs,
Pr{uy) = 1PCs, |, PCs, |y

ds(uy) =/ imy (cui — evy)?
Weighting factor : w € [0,1]

PCs
0.0

’O (cuy, cuz, PCs,)

/ (Cl] cuy, PCs

-Gene expression-based trajectory method
-Root cell (spot): user-defined or CytoTrace
-PAGA graph by gene exp + proximity



- Trajectory analysis (TopoVelo)
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Inference model

Latent variables

-RNA-velocity-based (splicing ratio)
-Borrow information from neighboring cells (influence each other)



* Trajectory analysis (TopoVelo)

Cc Inference model Generative model

Latent variables
]
] P
i

-VAE architecture -Differentiation equation for splicing
-Each cell (splicing ratio; u & s)

-GNN (graph input); edge: spatial proximity

-p: transcriptional rate

-t: time (we want this)

-w: gene phase (- for splicing level)

—> training: reconstruct “u & s” by p, t, w




- Trajectory analysis (TopoVelo)

c Expected
TopoVelo scVelo VeloVAE STT temporal order
ax £
=
Min &
3
e Expected

STT temporal order

Latent time




Other modalities
-CODEX (Akoya) = ~100 protein

CODEX ANTIBODIES CODEX REPORTERS CODEX BARCODES
T 3 MAIN COMPONENTS OF
/ \ N L CODEX TECHNOLOGY
CODEX conjugated antibodies Fluorophore conjugated Activated oligonucleotides
for building antibody panels oligonucleotides for visualization for easy conjugation of
of CODEX antibodies custom CODEX antibodies
CODEX
ANTIBODY PANEL TISSUE STAIN
Yy SINGLE-STEP STAINING TO
KRR K K kk )t'k kk Jt'k kk PRESERVE SAMPLE INTEGRITY
XKkkkEEE &£ Kk
KXKKKKKK —~ FXKEK /
REVEAL IMAGE REMOVE
LRl °%% Adelk KKK X o
kkkkkk — k}‘t)tkkkkk KX XL~

AUTOMATED PROCESS OF IMAGING
BIOMARKERS USING THE CODEX
INSTRUMENT AND A COMPANION
MICROSCOPE




 Other modalities

-Spatial CyTOF (Mass spectrometry)
-Protein (~40 ?7?)
-Antibody-tagged metal = photo cleavage - TOF

. _/-:' uv CyTOF mass
- o laser cytometer

\ 2

"(-f(“ \ »
4 S - - -

< A A} =
i dE” @ L sy @
Tissue or cell-line Marker staining with Laser ablation coupled -
preprocessing metal-labeled antibodies to mass cytometry -

Downstream data analysis Single-cell segmentation Data preprocessing Signal extraction of
and image assembly 32 measured markers



Spatial genomics enables multi-modal study of clonal heterogeneity in tissues

 Other modalities

-Spatial genomics

-DNA - CNA, SNV (clonotyping) = evolutionary analysis

In situ bead indexing

b
R1

Slide-DNA-seq
Transfer to tube, remove
histones, tagment in situ Bead  Genomic DNA
Z adapter 1
Ve Bidge ME 1/ liumina
¢ 4 7 adapter
Barcode e : Photocleave bead oligos
llumina 14:50ee
adapter 5 e /=~_ 5
R Bridge
/ \ Amplify library
— |‘ |
e Cover 8l _— .. ] PS5  BCR{ R2 P7
10 um bead 3 mm baad array \ . T i
a Overview of serial section assays b Identification of metastatic clones
. v p H&E, immunohistochemistry,
Inject Kras®'2%¢ TrpS3 slide-DNA-seq, mE R
clones from 2 tumours slide-RNA-seq
- 0
N
TN

Clonal assignment

e Nomal # Clone A @Clone B



 Other modalities

-Perturbation
-CRISPR-screening - with spatial barcode
-Neighborhood analysis of different gene KO

TGFBR KO of cancer
- Activated stroma cell + low T cell infiltration

Spatial CRISPR genomics identifies regulators of the tumor microenvironment

Perturbations Cell mapping Multi-modal Tumor composition, state, immunity
Pro-Code/CRISPR library Tissue, tumors Tumor growth, location, cell & protein T cell nfiltration
» (lung/breast/.) localization, gene signature Control lesion socs! KO
o e fow . - |
- " [ P s “,... ,ﬁ{r\#
on lme A 2 1’, O'M »
! | - X ’
= 38 Fek
L ) -
. .I’ 9 \(,m.mxfr;'.;zxx.g.nmn.-.-n mmm%lm
. =
i RS
Spatial Transcriptomics
Perturb-map
KRASS120 p53™il (KP) Socs1 KO KP Tgfbr2 KO KP
lung tumor lung tumor

\ o

4 Tumor burden 4 Tumor burde\n\-\,--/{ . ¥ -
4 7 celinfiltration ¥ 7 cell infiltration 4
4 Response to PD-L1 blockade 4 Fibeo-mucinous TME

4 1GFg-activated stroma
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