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Metabolites:

 fill & fuel cells,
« active players of cellular programs,
« biomarkers & influence therapy.

Emerging use of metabolomics in pharmacology:

« metabolic mechanism of action,

* biomarker discovery,

« target discovery,

 drug toxicity,

« metabolic optimization of therapy.



wHY SPATIAL SINGLE-CELL meTaBoLomicS?

Tumor microenvironment

Metabolic Bt ™ s
gradients ;

Lymphocytes
(T cells, B cells)

Metabolic waste
=<4~ Adipocytes

Nutrients, Oz

S\t 77 Neurons

=7~ CAFs

Vasculature

Lyssiotis, Kimmelman, Trends Cell Biology 2017

Immuno-oncology

Endothelial cell Stromal
cells/fibroblasts TAMs and MDSCs Deplete EAAs,

stimulate angiogenesis, metabolism?
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We Develop " SCHOOL or MEDICINE
Technologies for
Spatial & Single-Cell

Metabolomics

address biological, medical & pharmacological
challenges

£ © 2

Imaging Mass Spectrometry Spatial & Single-Cell Omics Big Data & Software

Foundational technology Revealing the heterogeneity of metabolism Mining terabytes of data



SINGLE-CELL METABOLOMICS
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TOWATCH IN 2023 « 2024: Copenhagen, Denmark

Nature's pick of tools and techniques that are poised to have an outsized

impact on science inthe coming year. By Michael Eisenstein e 2025: Septem ber-October. to be announced




WE STARTED DOING SINGLE-CELL METABOLOMICS IN 2017
OPEN QUESTIONS BACK THEN

How to detect metabolites in single cells?
— Bulk metabolomics requires T million cells / sample

Which metabolites can be detected?
— Metabolites are structurally diverse & ionize differently

How to analyze the data?

Metabolism is so dynamic. Is it even possible to preserve
metabolic phenotypes for cells while culturing?



METABOLITE DETECTION



ENABLING TECHNOLOGY: MALDI-IMAGING MASS SPECTROMETRY

Matrix Assisted Laser Desorption lonization




MALDI-IMAGING MASS SPECTROMETRY

Tissue section Mass spectra
Laser
Desorption and

. ; \ mass spectrometry ‘
x ,\ i I
/////:?' I, H ' Il 11 ‘..711 |

Major technology
for
\(7 /}pzc spatial & single-
Y -y — > | | bbb cell
m metaBolopies' 2

« 100+ molecules
» Metabolites, lipids, drugs

Spectral peaks lon images Molecules « 1-100 GB / section

centroid
|
\\J/Ik/u\ iy

Mapping intensities for all pixels

e _Metabolite I N
2 . identification Ul s

Alexandrov, Annu Rev Biomed Data Sci 2020



WHICH METABOLITES ARE DETECTABLE BY
MALDI-IMAGING?

Saharuka et al, BioRxiv 2024



STANDARD SAMPLES WITH BIOLOGICALLY-RELEVANT METABOLITES
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LARGE-SCALE EVALUATION OF PROTOCOLS & TECHNOLOGIES

Cholesterol synthesis

Choline metabolism -
Fatty acid oxidation -

Fatty acid synthesis

Glycerolipid metabolism -

Phospholipid metabolism 1

Sphingolipid metabolism

Citric acid cycle 1

Glycolysis -

Hexosamine biosynthetic pathway
Inositol metabolism A

Pentose phosphate pathway -

24 protocols in our lab

Positive mode

Negative mode
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USER-FRIENDLY WEBAPP

Showing which metabolites are detectable by which protocols or technologies

‘ METASPACE Upload Annotations Datasets Projects Groups Detectability Help Create account Sign in
Data source ® X axis Y axis Sorting Filters
m Seriate | positive [-1+]
None

0 9 e o e e Download results of the study,

Select part Select x-axis Select y-axis Select color How row are Visualization 8% i

of the study  for the heatmap e.g. Class e.g. log10(intensity) sorted Modify, add, or remove filters 0

EMBL for AP-MALDI, e.g. Matrix - e.g. Seriate
or INTERLAB Rrops

Change between

. dot- and heat-map

Brief information 4 - Apply the filte
to get started kon tt

http://metaspace2020.eu/detectability




SUMMARY #1

- Addressed a long-standing problem
— Which metabolites are detectable?

» Most metabolites were detectable
— Yet, require specific protocols

* Web-app

— To find best protocol for metabolites of interest



METABOLITE IDENTIFICATION

IN SPATIAL & SINGLE-CELL METABOLOMICS



METASPACE: CLOUD SOFTWARE FOR SPATIAL METABOLOMICS

Upload
HR imagingMS —

% Finds molecules/ . METASPACE @ﬁ%ﬂ

Knowledge base of

Metabolite images <«— — > spatial metabolomes

. o
<%
C m Palmer et al, Nat Methods 20717/



METASPACE

.Mw’mw:.-—-—--—-m.— Detartoning Sy Mhandes Msanionr (wbe)

[CHMNO, +H]" 227.1139

Qa4

Metabolite ID
Data QC, visualization, analysis, sharing
Knowledge base of spatial metabolomes

Big data Scientific impact Collaborative
50,000+ datasets 550+ publications Free, open source, open data
3,000+ users NIH atlases (KPMP, LungMAP2)
50+ TB of data

Lucas Vieira Bishoy Wadie



< &Il & https://metaspace2020.eu Q v

‘ METASPACE Upload Annotations Datasets Projects (JEMBLC) Help Theodore Alexandrov

Welcome to

METASPACE

Platform for metabolite annotation of imaging mass spectrometry data

Metabolite Explore the Get Going Fast Open Access
Annotation Knowledgebase .
Head to the upload page to All code is open-source, the
submit a dataset. input format is the imzML
supported by all mass spec
major vendors, the
metabolite annotations from
you. the community datasets are
public and can be browsed
or exported.

Submit your high-resolution Browse annotations from all
imaging mass spectrometry  datasets using our We also have interactive

data to our high-throughput interactive interface tutorials prepared to help

metabolite annotation
engine You can search, filter and

compare youre annotations
alongside those from the
whole imaging mass
spectrometry community




HOW CAN PUBLIC DATA BE USED?

Submissions to METASPACE - Publicdata > ?

10,000+ datasets
1,000+ submitters
50+ TB



METASPACE-ML

Problem
— Current method has a number of deficiencies

Solution
— Train an ML-model on public data from

METASPACE

V. 4 L
Bishoy Wadie Lachlan Stuart
Enablers ——r
_ nature communications
— Old idea (Silva et al, Anal Chem 2018) ) :
. _ _ METASPACE-ML: Context-specific metabolite

— Big, representative, heterogeneous public annotation forimaging mass spectrometry

data using machine learning

Nature Communications 15, Article number: 9110 (2024) | Cite this article



Animal

' Datasets |

Training
(600)

Test
(720)

Plant
Datasets
Training
(180)

- Test
- (210)

METASPACE-ML

Training and
cross-validation

Evaluation
results

Precision-Recall
(per dataset)

Mean Average
Precision (MAP)

Number of
annotations
(per dataset)

FDR
reliability score
(per dataset)



EVALUATION

On 920 public METASPACE —Annotating +100 metabolites
datasets: — Annotating metabolites of low intensity



THE POWER OF PUBLIC DATA

Submissions to METASPACE - Public data - Training ML model - Detecting

T more metabolites

Cycle of improvement for METASPACE & the field



SUMMARY #2

 MALDI imaging mass spectrometry
— Foundational tech for spatial (and now single-cell) metabolomics

« METASPACE: a cloud platform for spatial metabolomics

— For metabolite ID, and beyond

« METASPACE-ML: ML-based metabolite identification

— Trained on big public data
— Finds +100 metabolites, low-intensity



HIGH-THROUGHPUT SINGLE-CELL METABOLOMICS



Rappez et al, Nat Methods 2021
Patented

SaceM: SPATIAL SINGLE-CELL METABOLOMICS

Cells » Microscopy » MALDI-imaging— Image analysis l

'
Cell image, morphology, -

spatial relationships

Single-cell
metabolite images

e X
o
- . 4 ,:‘
V<
A | Ty
e~ 44
*"
Ao‘?f\;» ol

Spatial

Metabolites Staining %g{ﬂpeoé features

100+ metabolites
500+ lipids



SINGLE-CELL METABOLOMICS OF NAFLD/NASH

27.000+ cells
700+ metabolites & lipids / cell

Intermediate
state

S i .-»fz{',i:'tv-.‘;zau}};}

A
Treated
hepatocytes

®

NF-kB '§timulation

Homeostatic state

Metabolic

mechanism of action

Steatotic
state

Rappez et al, Nat Methods 2021
Patented



HIGH-THROUGHPUT SPACEM

High-throughput SpaceM
— 40+ samples on a slide

— Protocol for small-molecule metabolites
— Custom glass slides

— Batch processing software

i@?"“ BioRxiv 2024

Shahraz
Mohammad




METABOLITE COVERAGE

Cells

 Hela, NIH3T3
« 3slide-replicates, 72 well-replicates

135 metabolite ions

Metabolite classes
Amino acids derivatives
Amino acids, peptides, Amino acids
and analogues Dipeptides
N-acyl amino acids
Lipids and lipid-like molecules
Carbohydrates and carbohydrate conjugates |
Nucleosides, nucleotides, and analogues -l N
Hydroxy acids, keto acids, carboxylic acids, and derivatives
Purines, pyrimidines, and derivatives
Inorganic phosphates, organic phosphates, and derivatives |l
Vitamins and cofactors -l
Others
1 1 1 1 1
0 5 10 15 20 25
Number of metabolites

Biologically relevant
 56% metabolites differ between HelLa vs NIH3T3

Metabolic pathways

Cysteine and methionine metabolism
D-Amino acid metabolism
Alanine, aspartate and glutamate metabolism
Glycine, serine and threonine metabolism
Cyanoamino acid metabolism
Histidine metabolism
Arginine and proline metabolism
Arginine biosynthesis
Pyrimidine metabolism
Purine metabolism
Glyoxylate and dicarboxylate metabolism A
Pentose phosphate pathway
Citrate cycle
Glycolysis / Gluconeogenesis
C5-Branched dibasic acid metabolism
Fructose and mannose metabolism -
Galactose metabolism
Pyruvate metabolism -
Biosynthesis of unsaturated fatty acids
Glycerophospholipid metabolism A
Glycerolipid metabolism A
Oxidative phosphorylation
0 é 1|0 1I5
Number of metabolites

Il Amino acid metabolism Carbohydrate metabolism
I Nucleotide metabolism Lipid metabolism Energy metabolism
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CASE STUDY

42K cells

202 metabolite ions
39-147 ions/cell

Cell-type specific markers

Unsupervised
characterization
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METABOLITE CO-REGULATION: CELL-TYPE SPECIFIC

Single-cell co-abundance metabolite networks

%% (5]
. 3, BT-549
(] @
emey = K2 :
A498 .
® [2]
@9 @@
® %? 3 N
@ Hela ° IGR-OV1
E ®
F. N -
(]

I Amino acids, peptides, and analogues
Lipids and lipid-like molecules

| Inorganic phosphates, organic phosphates, and derivatives
Hydroxy acids, keto acids, carboxylic acid, and derivatives

| Carbohydrates and carbohydrate conjugates
B Nucleosides, nucleotides, and analogues
B Vitamins and cofactors

Purines, pyrimidines, and derivatives

Metabolic hubs

Glutamine* @
Glutamic acid* =
Oleic acid*-{@
Glutathione —
Taurine
Malic acid =
GPEA
Dimethylglycine* —
Glycerol 3-P
Guanine —

HT29 —
IGR-OV1 -
Hela —
HS 578T —

A498 —
MALME-3M —

NCI-H460 -
BT-549
OVCAR-5 @

HOP-62

Rank of node

centrality
e 10
e 2.0
e 30
4.0
5.0

Can be used for target discovery




SUMMARY #3

 HT SpaceM: high-throughput single-cell metabolomics
— High-throughput, reproducible, of high-coverage
— Fast (1 cell/sec), affordable (x10-x100 cheaper cf. scRNAseq)

« Reveals

— Markers of cell types, subpopulations

— Cell-type-specific metabolite regulation — can be used for target discovery



SINGLE-CELL LIPIDOMICS FOR PDAC

GEG University Hospital Essen

Jeany Delafiori Shahraz Marija Jens
Mohammad Trajkovic-Arsic Siveke



PANCREATIC DUCTAL ADENOCARCINOMA (PDAC)

10t most common cancer among men and women

Stage at 5-year Cancer cells
diagnosis survival phenotype
@ 11% 41.6% EPITHELIAL
Localized
92% 3.0% MESENCHYMAL ] resistance to drug therapy

%8° Metastasis
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EXVIVO MODELS

O ATCC CELL LINES

@ *© PATIENT-DERIVED XENOGRAFTS (PDX)

O  PRIMARY TUMOR CELLS

\ CE) —— (© PATIENT-DERIVED ORGANOIDS (PDO)

) — © PRIMARY MALIGNANT ASCITES



UMAP2

EPITHELIAL VS MESENCHYMAL ATCC CELL LINES
ALTERATIONS IN SPHINGOLIPIDS METABOLISM

Single-cell lipidomics analysis

ATCC cell line
® HPAC
0 ® HPAF B\ [
; @ HuPT4 §e. 13 3 i\ K Phenotype
e Miopaca2 LAy | o comein
N ¢ i )} s . w2 :‘/( ® mesenchymal
e 3 PaTus o vl B E
‘ ‘ PaTuT = ‘ -
UMAP1 UMAP1
EMT
QUOONONO0N L
I Membrane fluidity Altered sphingolipids
OOO0ON0000 < sphingo
( QUOOOONO00) |'C16:0' Cer and SM

{ Ceramides
38

DOONOO0000

Il

Edmond et al. Oncogene 34, 996-1005 (2015).

Mathow et al. EMBO reports, 16(3), 321-331
(2015).
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CONSIDERING ALL CELL LINES & X ¥/ MODELS TOGETHER

8 ATCC cell lines EPITHELIAL INTERMEDIATE MESENCHYMAL
10 patient-derived samples
 5PDXs

« 2PDOs
* 1 primary tumor

- 2 ascites samples § o heamediate
5 @ mesenchymal
UMAP1
Phenotypes
» Epithelial
« Mesenchymal (aggressive)
* |ntermediate
? ‘ o 3o
146K cells ‘ R e ol
e ey NI e -derived cells
1400 ||p|d IoNsS g - ® Primary tumor cells
~ @ PDOs
UMAP1

# Primary malignant ascites
@ ATCC cell lines

Metabolic memory of epithelial vs mesenchymal cell phenotypes

. preserved through the process of ex vivo culturing



SUMMARY #4

» Single-cell lipidomics discerns epithelial vs mesenchymal
phenotypes
— Markers are in line with literature & lipid functions

* Metabolic patterns are consistent for all considered ex vivo

models

— Justifies using ex vivo models for metabolomics-based phenotyping



SUMMARY: ANSWERED QUESTIONS

How to detect metabolites in single cells?
— Using MALDI-imaging mass spectrometry, we developed the SpaceM method

Which metabolites can be detected?
— Most of metabolites, yet requires knowledge of protocols & software

How to analyze the data?
— METASPACE is a cloud software developed by our team

Do ex vivo models preserve metabolic phenotypes?
— Yes, at least in some cases (epithelial vs mesenchymal)



FUTURE

TECHNOLOGY APPLICATION AREAS
* Adding detection of proteins & * Drug toxicity

genes * Cell therapies
 Single-cell atlases of metabolic » Target discovery

states & drug toxicity profiles
« AIl/ML for data interpretation

* Therapy response & monitoring
« Patient diagnosis, prognosis, phenotyp

COMMERCIALIZATION

* Deep-tech platform for
drug & therapy development
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