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0 Trafficking of T cells to tumors
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Tumour heterogeneity - a challenge also in the immuno-oncology era

@ Tumor heterogeneity @ Tumor growth kinetics @ Undruggable

Cells acquire genomic Tumors with low rates of genomic drivers
alterations that generate spatial growth are typically i.e., MYC and TP53
and temporal genetic diversity incurable with therapies
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Improved companion diagnostics 1

when more complex molecular traits are measured

Cell type 1 Cell type 2 Cell type 3

i s /_7\\
(e \ )
. 283 =/

Cell type 1 Cell type 2 Cell type 3

f/.f—ﬁ-\\
{ |
&/

Protein H 4 c

Clinical Data
|

8 A &

Clinical Data

Color key

MRNA

MRNA

mRNA

||||||

Integrated Analysis

Prediction and classification models

|
. + AT
I [
ﬁu"
. SR -
“%
ety & ﬁ
®

Biomarker discovery



FRESH FROZEN TISSUE

Why use spatially-guided omics analyses?

FFPE TISSUE BLOCK
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Method of the Year: spatially resolved
transcriptomics

Nature Methods has crowned spatially resolved transcriptomics Method of the Year 2020.

Vivien Marx

NATURE METHODS | VOL18 | JANUARY 2021|9-14 | www.nature.com/naturemethods




Spatial methods timeline
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Lewis et al, Spatial omics and multiplexed imaging to

explore cancer biology. Nature Methods 2021
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About | GeoMx DSP | nCounter | Contact

Welcome to SpatialOmics@LU Contact
SpatialOmicsLU@immun.lth.se

We offer spatial expression analysis on the GeoMx Digital Spatial Profiling platform capable of measuring and spatially Lina Olsson

resolving protein and RNA expression in specific regions of tissue sections. Facility Manager

+46 46 222 15 42

We also offer targeted expression analysis with the nCounter platform, suitable for expression analysis of up to 800

targets and ideal for identifying disease specific biomarkers or for investigating specific biological pathways. Visiting address:

We are on the 3rd floor in
Our services are available to researchers from both academic and non-academic sites in and outside Sweden. building 406 at Medicon Village
in Lund

Immunotechnology

Find other infrastructures at the
department of
Immunotechnology
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Principles of the GeoMx DSP technology

Tissue section is stained
with up to three antibodies W/‘

to visualize morphology
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Protein or RNA detection antibodies/probes are also added and bind to the tissue

RNA reagents ®

region-specific

(UV cleavabile linker) \ UV-dependent
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S\ k=T ks
\‘ k
Target RNA \_1’_/” - *‘ & k‘ih*=*m * k k— k k

Selected tissue regions are exposed to UV highihdexing
oligos/barcodes are released, collected and quantitated



Geometric

CD3 PanCK

What is the
heterogeneity of
expression in different
regions of my tissue?

Selection of regions of interest (ROI)

Segmentation Cell Type Specific Contour Gridded

Q

1CK DNA

What is the expression What is the expression How does the immune What novel targets are
profile of distinct profile of a specific cell environment change on uncovered with deep
biological compartments population in my tissue? either side of an mapping of a specific

(e.g., Tumor-TME)? infiltrate boundary? tissue region?



Image slide and select UV-cIe'ave'oIig.os
Regions-of-Interest (ROIs) off antibodies in ROI
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A Protein detection up to 84 plex

A RNA detection ~1800 plex (CTA) or 20 000 plex (whole transcriptome)



Why use spatiallguided
omics analyses?

Lewis et al, Spatial omics and multiplexed imaging to
explore cancer biology. Nature Methods 2021

Cancer cell intrinsic

How do cancer
subclones grow in 3D?

How do cancer
subclones interact
with each other and with
the TME? Spatial

cancer
biology

How does the TME
shape tumor clonality in
primary and distant sites?

Cancer cell extrinsic

How do cancer
subclones
evolve over time?

subclones evade the
immune system and
cancer treatment?

s

How does the TME
influence the growth of
cancer subclones
at the molecular level?
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Infiltration of CD163-, PD-L1- and FoxP3-positive cells adversely
affects outcome in patients with mantle cell lymphoma
independent of established risk factors

Joana M. Rodrigues, Anna Nikkarinen, Peter Hollander, Caroline E. Weibull, Riikka Raty, Arne Kolstad,
Rose-Marie Amini, Anna Porwit, Mats Jerkeman, Sara Ek 4, Ingrid Glimelius



Digital spatial profiling of mantle cell lymphoma

In collaboration with Mats Jerkeman and Anna Porwit

Spatially-resolved omics analyses combined with machine learning strategies Lavanya Lokhande Joana de Matos Rodrigues
B ac kg roun d identifies disease-associated targets and improve clinical decision making

.....

A Increased interest for immune
modulatory treatment in MCL2 iy
companion diagnostics are lacking.

A We recently showed that M2 |
macrophages have a poor e " 3 —-— y
prognostic impact but the function it IR macrophages
in MCL is not described. ‘ F% ‘

X 20 000 plex i

I-cells

Main objectives
1. T-cell andtumor cell adaptation in thepresence of macrophages Guide therapeutic strategies

2. Detailedinvestigationsof T-cell subtype functionality (mMRNA profiling of four subsets) in relation to
genetic and clinicopathologicalparameters. Companiondiagnostic insight

3. Inter and intra patienttumor hetrogeneity (MRNA profiling for target discovery)



In depth analysis of the microenvironment

T-cells Macrophages
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How does the distance between macrophages and
tumor cells affect the molecular profile of the cells?

Have the iImmune-composition/proximity between
tumor and immune cells an impact on outcome?
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MCL microenvironment
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Digital spatial profiling of NSCLC

In collaboration with Professor Patrick Micke, Uppsala University

Ass. Professor Anna Gerdtsson

Background

A Checkpoint inhibition
approved for first and
second line treatment of
advanced stage NSCLC

A Limited performance of
PD-L1 as predictive
biomarker
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Objectives

1. Deconvolutecompositionof spatial CD45niches (infiltrating, stroma, TLS)

2. Assessspatial phenotypesin relation to PDL1 status andsurvival

3. Characterize spatial heterogeneityof immune infiltrationwithin and across tumors




Selection and segmentation of CD45 regions

AAOIs defined by
segmentation of
CD45+, Sytol13+
cells.

AAntibody-coupled
oligo identifiers
released from each
AQOI by UV
lllumination

ACollected in separate
plate wells, and

A TMA with duplicate 1mm cores quantified after
A Stained withSyto13, Pan-CK, CD45 hybridization to
color-coded

barcodes.



Annotation of distinct spatial immune ROIs

AROIs classified by spatial
distribution:
A stromal CD45

A infiltrated CD45 (dispersed
among tumor cells)

A TLS (dense stromal CD45
compartments)

A Multiple ROIs, frequently of
different spatial types, were
selected per patient.

AROIs also classified by
distance to tumour region

No of ROls per CD45 niche
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General conclusions so far

A Spatial proteomics can reveal functional differences in
Immune cells based on their location and proximity to other
cells

A Spatial proteomics reveal tumor heterogeneity related to
iImmune infiltration of specific cells
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Data Processing requires development of novel bioinformatic workflow
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