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Clinical Decision Making and Motivations

= What is a patient’s diagnosis (risk)?

What is the molecular basis for the disease?

" Perform MRI imaging
to the prostate

> Step 5.1.1
Consider the 4k-Score test

s
Step 5.2
Perform a Prostate Biopsy
(Preferably Fusion Biopsy) ~
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Clinical Decision Making and Motivations

= What is a patient’s diagnosis (risk)?

What is the molecular basis for the disease?

Is there a concise measurement that

. . o
bt e g captures risk or biology~

to the prostate

> o 0 - e . .
ot Giskerstick ) Empirical &3 Hypothesis-Driven
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Step 5.2
Perform a Prostate Biopsy

ferably Fusion Bi “ ‘ i
(Preferably Fusion Biopsy) a_k_a_ a B|omarker? :é.
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Spatial Biology Methods and Applications

Atlases, Prediction
Therapeutics

DNA, RNA, Protein
Metabolites, Microbiome
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A Simple Analogy for Biomarkers

@ Do | want to eat this fruit?
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A Simple Analogy for Biomarkers

Smoothie-salad-fruit cake analogy

& G .
% S i Do | want to eat this fruit?
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A Simple Analogy for Biomarkers

Smoothie-salad-fruit cake analogy

.,’. Bulk mixed fruits
@ e odiileNiy Do | want to eat this fruit?

Spatial mixed fruits

Gooey cake analogy

. - ,. \
»I; *K e ""‘\iw
o - ~<L O

).
: . * @* \Q Pineapple-y cherries?

Cake-y cherries?

How does spatial change
the flavor of fruit?
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A Simple Analogy for Biomarkers

Smoothie-salad-fruit cake analogy

| Bulk mixed fruits
@ Single mixed fruits Do | want to eat this fruit?

Spatial mixed fruits

Gooey cake analogy

Unpublished data

Pineapple-y cherries?
Cake-y cherries?

How does spatial change
the flavor of fruit?
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Ovarian Cancer Burden and Severity

Ovarian cancer is a leading cause of cancer death in women

Prevalence Mortality
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Tumor Tissue Composition is Linked to
Outcomes

mune cells
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Tumor Tissue Composition is Linked to
Outcomes

Tyumor, mune cells

Tumor +
Fibroblasts

Immune Cells
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Tumor Tissue Composition is Linked to
Outcomes
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icroenvironment
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Recurrent Ovarian Cancer Cohort

Metastasis surgery

Primary |
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Recurrent Ovarian Cancer Cohort

Metastasis surgery chemo surgery
® Recurrence
; A

Primary |

Early vs. Late Relapse
Tissue Microarray
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Highly Multiplexed Spatial Analysis of

TME

Imaging Mass Cytometry profiles ~40 proteins at 1 um resolution
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Tissue or cell-line
preprocessing

Downstream data analysis
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Marker staining with
metal-labeled antibodies

Single-cell sagmentation

Laser ablation coupled
to mass cytometry

Data preprocessing
and image assembly
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Metal lon vs Fluorophore

Signal extraction of
32 measured markers
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Tumor Heterogeneity

Tumor + Stroma + Immune Composition
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Tumor Heterogeneity

Tumor + Stroma + Immune Composition
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Tumor Heterogeneity

Tumor + Stroma + Immune Composition
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Tumor Heterogeneity

Tumor + Stroma + Immune Composition
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Tumor Heterogeneity

Tumor + Stroma + Immune Composition

Spatial vs bulk

X
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Immune/Stroma/Tumor Distributions
Describe the TME

Quantifying cell-cell contacts - bulk Gcross
2 | s e q | Cell Type
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Distribution Carries More Information

Cell-proportion sample types
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Distribution Carries More Inf

ormation
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Tumor Microarrays are Curated

Representative Regions Selected

Representative Regions
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Tumor Microarrays are Curated

Representative Regions Selected

Representative Regions
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Tumor Microarrays are Curated but not
Static

Representative Regions Selected

Representative Regions
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Cell-Type Specific Spatial Enrichments

Describe the TME

Spatial enrichment score = local microenvironment

®)Home Cell @) Target Cell (@) Other Cells

® Cell

Enrichment Interaction Radius
, T -
R -

Emm(r,d,)._,,) @fi\";l%} ! ;ﬁ)-t{@ o s,;@@)@ o

n nearest ® Ilk';) ' ‘Je | -y }@ \ . (_Ji} J'i'.‘-'
— " \®& TG & T
© n ©~='® ©—~='® O —="®

® ® 5T®

Minimal _:| Strong

Interaction Interaction

@/ UNIVERSITY OF
% MARYLAND

Immune-surrounded
tumor




Cell-Type Specific Spatial Enrichments
Describe the TME

Spatial enrichment score = local microenvironment

®)Home Cell @) Target Cell (@) Other Cells

® Cell
Enrichment Interaction Radius
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Cell-Type Specific Spatial Enrichments
Describe the TME

Spatial enrichment score = local microenvironment

®)Home Cell @) Target Cell (@) Other Cells

® Cell
Enrichment Interaction Radius
r b i)
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Spatial Enrichment Analysis

Lymphoid Aggregates

Cell Types

Cell Type
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Spatial Enrichment Analysis

Lymphoid Aggregates Context-specific niches (Digital biopsy)

Cell Types
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Spatial Predictors of Early Relapse

Statistical Associations between early/late relapsers

Spatially-restricted cell proportions
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Spatial Predictors of Early Relapse

Statistical Associations between early/late relapsers

Spatially-restricted cell proportions Spatio-temporal associations with early relapse

-
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Follow ups

Alternative omics follow up to spatially significant B cell changes

Visium gene expression Multiplex IF
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Conclusions

42 patients with matched samples over tumor progression
Qualitative eye-test vs quantitative

Digitally isolating specific sample regions reveals significant patterns

Other things:

+ Predictors of early relapse

* IMC/H&E Concordance

» Unifying hypothesis for B/plasma cells

Metastasis
S

Primary,

Distance

Xu et al., Science Advances, 2024
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The Hodgkins Lymphoma (HL) Tumor
Microenvironment (TME) is immune-rich

Immune-rich tumor microenvironments (TME) of B-cell Lymphomas
Hodgkin’s: Rare CD30+ tumor cells

Re-education
Follicular lymphoma
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TME Elements are associated with clinical
outcomes

Immune-rich tumor microenvironments (TME) of B-cell Lymphomas
Hodgkin’s: Rare CD30+ tumor cells

Stratifying patients for prognosis, outcomes
HL: CD68+ macrophages, etc.

Re-education
) Follicular lymphoma

A Median Progression-free Survival
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HL TME is densely populated with
immune cells

Segmentation
Sparse tumor cells (CD30)
Myeloid/Lymphoid infiltrate
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Phenotyping identifies 10 major cell
types

Sparse tumor cells (CD30), immune rich - T cells (CD4, CD8), Macrophages (CD68)

10 major phenotypes CD20 CD68 _——
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e
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CD8 -
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Biomarkers of Hodgkin’s Lymphoma

IMC-derived biomarkers in Diagnostic Samples
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Translating IMC to actionable biomarkers

GranzymeB+ CD8 T Cell | Comb|ned biomarker X

MHCI- HRS | Suala = Low = rmgn
CD68+ Macrophage | 1,004
PDL1+ HR
Strata == PDL1+HRS Low =+ PDL1+HRS High

ol ¢ =
»
Overall Survival
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Overall Survival
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Translating IMC to actionable biomarkers

GranzymeB+ CD8 T Cell | Comb'ned biomarker X

MHCHHRS N |
CDG8+ Macrophage

| 1.00 4
PRiaa or %
Strata == PDL1+HRS Low == PDL1+ HRS High B ).754
0004

Suala = Lw = myn

@

Overall Survival
o o
@

°1 p=0.018

=]
S

T 15 18 21 20 27 % S . A, A
Years 0 3 6 9 12 15 18 21 24 27 30
Years

Dimensional reduction of IMC terms identifies significant predictors (LASSO)

Establish a score for each patient based on spatial metrics and a high/low cutoff (XGBoost)

Hazard Ratio

Est. 25% 97.5 % 1
CXCR5_HRS_spatial_score 1.08 1.03 1.132 : *
:
HLADPDQDR_HRS_spatial_score 0.999 0.97 1.028 -
;
GATA3_HRS_spatial_score 0.996 0.962 1.031 L 2 :
:
Galectin®_HRS_spatial_score 0.993 0.956 1.031 !
|
PDL1CDB0_HRS_spatial_score 0.99 0.949 1.034 *—
1l
1l
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Multi-color IF of reduced IMC

6 marker IF vs 35 marker IMC IF

>1.6M combinations

CXCR5(Yb171Di) C

CXCRS5+ H
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Multi-color IF of reduced IMC panel

Survival in IMC Cohort w/ IMC
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Multi-color IF of reduced IMC panel

Survival in IMC Cohort w/ IMC Survival in Validation Cohort w/ mIF
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Conclusions

95 longitudinal Hodgkin’s lymphoma patient samples

The gooey cake fruit - a localized spatial pattern metric predicts outcomes

Translating IMC biomarkers into an mIF assay Other things:
Deep phenotyping
+ Spatial clusters/niches
Temporal changes per patient
« Spatial/protein biomarker search
Propose biomarker candidates

[
Aoki*, Jiang*, Xu* et al., JCO 2024 E
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Spatial data for therapy

Prognostics vs predictions

CD68+ Macrophage

Strata ~— CD68+Low ~~ CD68+ High

gw:xo-
8021 p=0.018
i 9 WLYe;ZrS 18 21 24 27 30
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Survival
Response
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Spatial data for therapy

Prognostics vs predictions

Correlative

Validate
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Prediction classifier for spatial features

Predict T cell infiltration in images Accuracy
o 10! @ Breastiumor
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Perturbation testing

Predict perturbations constrained by real observations

In silico

perturbation

Training
cohort

Tumor image

erturbation optimization

<%§>, Desired class:
@ %, has T-cell
2 2
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o
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To (Start)
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§= Injin Lpred((sy o, f) + Ldist(é) + Lprot0(57 950)
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Protein channels
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probability of T cells change training data
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Perturbation optimization

Predict perturbations constrained by real observations

Predictive
spatial features

In silico

perturbation by ML

5"1 Lpred((sy Zo, f) + Ldist(é) + Lprot0(57 950)
Perturbation optimization

Increase predicted Minimal Shift closer to
probability of T cells change training data
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Perturbation optimization

Predict perturbations constrained by real observations

In silico

perturbation

ii Training
cohort

Predictive

spatial features

by ML

Perturbation optimization

Realistic
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Perturbation optimization

Predict perturbations constrained by real observations

In silico

perturbation

iﬁ Training
cohort

Predictive

spatial features

by ML

Perturbation optimization
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M e la n o m a TeSt Ca Se Multiplexed imaging mass cytometry of the chemokine

milieus in melanoma characterizes features of the re-
sponse to immunotherapy

TOBIAS HOCH (B). DANIEL SCHULZ () , NILS ELING (). JULIA MARTINEZ GOMEZ ({[8), MITCHELL P. LEVESQUE () . AND BERND BODENMILLER Authors Info &

Melanoma + chemokine data set fitons
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Melanoma Test Case

Melanoma + chemokine data set

Not necessarily the most heavily correlated

Combinatorial candidates
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Correlation with

Targets

Multiplexed imaging mass cytometry of the chemokine
milieus in melanoma characterizes features of the re-
sponse to immunotherapy

TOBIAS HOCH . DANIEL SCHULZ . NILS ELING JULIA MARTINEZ GOMEZ MITCHELL P. LEVESQUE AND BERND BODENMILLER Authors Info &
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M e la n o m a TeSt Ca Se Multiplexed imaging mass cytometry of the chemokine

milieus in melanoma characterizes features of the re-
sponse to immunotherapy
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Conclusions

In silico testing of perturbations
Constrained by spatial library and observed tissue space

Single and combination therapy candidates based on spatial hypotheses

Wang, ... Xu, Thomson, Nature Biomedical Engineering, 2025
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Conclusions

In silico testing of perturbations

const More other things:

* Lymphoma Spatial Biomarkers

Singh * ... Xu et al, Blood Advances, 2022
* ... Xuetal, Am. J. of Hematology, 2025

« CRC Cancer: Metastasis to Liver

Wang « ... Xu* et al, Cell Metabolism, 2023
... Yout, Xut, Sekit, JCI, 2025

* HIV+ Immunocompromised DLBCL

Coelho, Roush, Xu et al, British Journal of Haematology, 2024
Roush, Coelho, Xu et al, JCI Insight, 2024
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