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Spatial Omics

Single cell

Spatial omics



Opportunities and Challenges

High-resolution, multi-dimensional in situ characterization of molecules
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CODEX image of a head-and-neck cancer sample



Opportunities and Challenges

High-resolution, multi-dimensional in situ characterization of molecules

e Datavolume

e Convoluted data analysis
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Data modalities DENFRIEARGS

DNA
e Transcriptomics Transcription
o Visium, Visium HD, Xenium
o MERSCOPE %\
o Stereo-seq e
o GeoMx, CoxMx
o Slide-seq, Slide-tag, HDST, Spatial-ATAC-seq, etc.

Translation
e Proteomics

o PhenoCycler/CODEX

o Hyperion/IMC

o MiIBlscope

Protein

Source: https://www.csnk2a1foundation.org/science-snapshot-the-central-dogma-dna-rna-protein



Data modalities

e Targeted versus untargeted (transcriptome-wide)

- Targeted (Ab/probe panels) [eRVISLAEIT NSV I

Library design Hybrldlzatlon Image acquisition

Transcriptome-wide Slide-SeqV2, Stereo-seq, VisiumHD, ...
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lerary
mRNA capture | |  preparation || Sequencing |

Park, Jiwoon, et al. "Spatial omics technologies at multimodal and single cell/subcellular level." Genome biology 23.1 (2022): 256.



Imaging-based (targeted) acquisition
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Sequencing-based (full-transcriptome) acquisition

Transcriptomics

tissue section
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Resolution and Plex

Pixel/voxel 1nm 100 nm 10 um 100 pm 100 mm
resolution Subcellular Cellular Tissue Organism
Phenolmager [N
10 min/1.5 cm? ®
Nuclear imaging XA
(PET/CT, SPECT/CT)
10-60 min/sample ®
MRI X
-30 min/sample ®
cT X
-30 min/sample ®
X-ray disp mEM X A
1-5 h/6 pm?
20r8 um
0.3~0.5 pm Markers
100 nm 2""""""4,1,560 !
GeoMx Di ial Profiler
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Targeted (8)

30 nm

Carstens, Julienne L., et al. "Spatial
multiplexing and omics." Nature Reviews
Methods Primers 4.1 (2024): 54.



Data analysis

e Goals: identify spatial
entities of interest from the
data

Bressan, Dario, Giorgia Battistoni, and Gregory J. Hannon. "The dawn of spatial
omics." Science 381.6657 (2023): eabq4964.

Visualization
[e.g. Giotto, VitesSce, HistoCat, Cytomapper, SquidPy, etc)

Cycle-to-cycle
alignment
-tissue features
- artificial landmarks

spot decoding
and assignment

Segmentation

Quantification

[Cell/Area x Features]

matrix

Analysis
(phenotype)

Analysis
(spatial)

Protein centric (Mass Spec) [l In situ sequencing based

Protein centric (cyclic)
Spatial dissection based

Hybridization based

Spatial barcode
assignement

Mapping to
biomolecule ID

spot

Cell composition
deconvolution

- filtering

- dimensionality reduction
- clustering

- diff. expression

- pathway analysis

- neighbors
- cell-cell interactions
- spatially variable genes

Spatial barcoding based
Disaggregated cells based

ACGATGAC

AATTCGTA

ACGATGAC (xiy)

AATTCGTA | (x,V,)

ACGATGAC (xy) | Gene 1

AATTCGTA | (x,V,) | Gene N

cell
composition

o
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Segmentation

e DeepCell / Mesmer (Greenwald et al., 2021)

e StarDist (Schmidt et al., 2018)

e Cellpose (Pachitariu & Stringer, 2024)

/g
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i
| |
Segmentation

i

e Xenium's cell segmentation

etc.

Accurate whole-cell segmentation needs
membrane markers; many applications use
watershed / dilated nucleus segmentation
instead => spill-over issues




Cell Type
Annotation

Gating on lineage markers

Unsupervised clustering via
Leiden (Traag et al., 2019) Or
Louvain (Blondel et al., 2008)
community detection

Reference mapping via
machine learning tools:
CellTypist (Conde et al., 2022),
CellHint (xu et al., 2023)

Direction prediction via
machine learning: MAPS
(Shaban et al. 2024)

Ask GPT (Hou and Ji, 2024)

Analysis
(phenotype)

- filtering

- dimensionality reduction
- clustering

- diff. expression

- pathway analysis

tSNE




CELESTA: Iterative refinement of cell type annotations based on protein
expression and spatial information
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Identify anchor cells
using protein expression
profile alone. Cells whose
cell types cannot be
resolved using protein
expression profile alone
are non-anchor cells.
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For non-anchor cells,
identify cell types based on
both protein expression
profile and known cell types
in the spatial neighborhood.
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Zhang, Weiruo, et al. "ldentification of cell types in multiplexed in situ images by combining protein expression and spatial information using

CELESTA." Nature methods 19.6 (2022): 759-769.
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NIMBUS: classification of cellular expression in multiplexed imaging

Nimbus
score

NIMBUS

Clear separation

Predicted probability

(ii) Train Nimbus model Integrated

expression

Prediction
[’ Marker-positive cell

@ Marker-negative cell

Segmentation

14
Rumberger, Josef Lorenz, et al. "Automated classification of cellular expression in multiplexed imaging data with Nimbus." Nature Methods (2025): 1-10.



Neighborhood Annotation

Based on cell types
e Cellular Neighborhood (Schiirch et al., 2020)
e CytoCommunity (Hu et al.,, 2023)
e scNiches (qianetal., 2025)

Based on biomarker expression: single-cell,
smoothed, covariance
e UTAG (Kimetal., 2022)
SpiceMix (Chidester et al., 2023)
CellCharter (varrone et al., 2024)
SCGP (Wu et al., 2024)
stDyer (Xu et al., 2025)

With addition of morphology:
e SpaGCN (Huetal, 2021)
e stlLearn (Pham et al, 2023)

o GIST (Geetal, 2025)

- neighbo
- cell-cell i
- spatially

Analysis
(spatial)

rs
nteractions
variable genes




Neighborhood Annotation

Liver Heart Testis Leaves
seq-Scope Visium Slide-seq Stereo-seq

s Stages
@ -1l ®IV-VI @VII-VIII @IX-XII ® Upper epidermal wall
® Lower epidermal wall

® Mo-Kupffer
® HSC-A
® M®-inflamed

e To elucidate the
structure and

pose tissue

. Spatial
function of the organization
organs
f Inflammation Impulse . Protection and
Function and injury conduction Spermatogenesis transportation

e To understand the
heterogeneity of
tumor
microenvironment
and tumor-immune
interplay

Tissue Structure Partitions

® Immune cell-enriched stroma
Stroma / Fibrosis

® Vessels

® Tumor Mass
Granulocyte/Tumor

cpas P cois CD68
PanCK [l Vimentin [ CD34

Wu, Zhengqin, et al. "Discovery and generalization of tissue structures from spatial omics data." Cell Reports Methods 4.8 (2024).

16
Liu, Longgqi, et al. "Spatiotemporal omics for biology and medicine." Cell 187.17 (2024): 4488-4519.



SpiceMix: joint modeling of cell identities, gene modules (metagenes), and

spatial clusters

Spatial transcriptomics data
(for example, seqFISH+, STARmap, Visium)

SpiceMix: NMF-HMRF
probabilistic graphical model
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Chidester, Benjamin, et al. "SPICEMIX enables
integrative single-cell spatial modeling of cell
identity." Nature genetics 55.1 (2023): 78-88.
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Neighborhood
Annotation

Which neighborhood is relevant to a specific
patient class? (tumor grades, prognosis,
responders to therapy, etc.)

< Patient Labels

Counts & proportions of cell types and/or
different neighborhood classes

Supervised modeling followed by feature
interpretations
Cell graph (wang et al., 2022)
SPACE-GM (Wu et al., 2022)
SORBET (Shimonov et al., 2024)

GNN (Ali et al., 2025)

- neighbors
- cell-cell interactions
- spatially variable genes

Analysis
(spatial)




SPACE-GM: Supervised Learning for Clinical Outcome Prediction

Cie s N .
0 3 S A

1 M DAPI
CD4
M cos
CD68
! PanCK

Ki67
¢ M vimentin

Local Neighborhood

Y WER N/

(3-hop Subgraph)

Spatial Graph of Cells

Cell Embeddings

Multilayer . D

Primary Survival

Perceptron
Outcome Length
[
Neighborhood [ [
Recurrence Recurrence

Embedding

Interval

Clinical Outcome Prediction
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SPACE-GM: Supervised Learning for Clinical Outcome Prediction

Neighborhoods
= Embeddings
= Clusters

Primary Outcome
mmm  NED samples
mmm non-NED samples

Heterogeneous Mixed

O Lymphocyte-rich

A Lymphocyte/tumor O 4;mar W granulocyte-tumor
P <.001

P =.002

P <.001 Cell Type

® Becel
CD4 T cell

P <.001

©

. Microenvironment:
Lymphocyte-rich
tumor neighborhood

o
[=2]

*
CD8 T cell
® Granulocyte
@ Macrophage
@ APC
Naive immune cell

Dimensionality
reduction
& Clustering

w
w

Abundance

7///1////

Neighborhood
embedding

Wu, Zhengin, et al. "Graph deep learning for the characterization of tumour microenvironments from spatial protein profiles in tissue specimens." Nature Biomedical

MLP

®/e

Prediction:
Clinical outcomes

Engineering 6.12 (2022): 1435-1448.

0

¥

Disease-relevant clusters/microenvironments

(22 2 2]

Stroma

Tumor 1

Tumor 2

Tumor 3

Tumor 4

Tumor 5 (Ki67+)
Tumor 6

Vessel

Lymph vessel
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Spatial multi-omics

e = > ~_ spatial transcriptomics [35,36]
R o®ee
r RSO R < spatial open chromatin [48]

- \::“./. -~ spatial protein expression [46]
histology (HE staining)

Key challenges:

e Modality translation: H&E to
spatial omics, H&E to cell
type, etc.

e Data integration

e Joint analysis to reveal
multi-omics insights

21

Kiessling, Paul, and Christoph Kuppe. "Spatial multi-omics: novel tools to study the complexity of cardiovascular diseases." Genome medicine 16.1 (2024): 14.



Predict gene expression with histopathology images
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He, Bryan, et al. "Integrating spatial gene expression and breast tumour morphology via deep learning." Nature biomedical engineering 4.8 (2020): 827-834.



iScale: Scaling up spatial transcriptomics with H&E

H&E image features Super-resolution gene expression

across entire large tissue

Pathologist annotation

SO0

AOOOO

QOO0
S

MYHT11 TFF2 ACTA2 CAPN8

Ground
truth

S

38
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Schroeder, Amelia, et al. "Scaling up spatial transcriptomics for large-sized tissues: uncovering cellular-level tissue architecture beyond conventional platforms with iISCALE." 23
Nature methods (2025): 1-12.



ROSIE: in silico multiplexed immunofluorescence staining
Ground truth ROSIE

H&E ROSIE True CODEX

Il DAPI

Bl CD45
aSMA

B Vimentin

[ IMPO
PCNA
Keratin8/18

Bl Stroma
Tumor-like Epithelium
W Endothelium (CD31+ CD34+)

Vessel-like Epithelium
BN Tumor-like Epithelium (EpCAM+ TP63+)
B Unknown/Unassigned

Wau, Eric, et al. "ROSIE: Al generation of multiplex immunofluorescence staining from histopathology images." Nature Communications 16.1 (2025): 7633.
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MaxFuse: cross-modal integration of spatial and single-cell omics data

HUBMAP data CODEX-snRNA-snATAC tri-integration

CODEX cell-type locations e Protein
o RNA

ATAC %,‘ "

B

Endothelial
Enteroendocrine
Goblet
Mono/Macrophages
Plasm

Smooth muscle
%troma e

Human donor
fresh frozen
colon sample

o000

Paired sample for:
CODEX (47 antibodies)

snRNA-seq !
snATAC-seq
o~
o
s
eB oT ® Mono/Macrophages 5
e Endothelial 0 Goblet ® Enteroendocrine 1 UMAP1
® Plasma Stroma © Smooth muscle =

Chen, Shuxiao, et al. "Integration of spatial and single-cell data across modalities with weakly linked features." Nature Biotechnology 42.7 (2024): 1096-1106.



CORAL.: integrating spatial modalities with varying resolutions

Ground truth of region and cell types

© Connectve tissue capsule (fibroblas, RBC, myeloid)
Outer cortex region 3 (DN T, DP T, cTEC)

© Middle cortex region 2 (DN T, DP T, cTEC)

®Medulla (SP T, mTEC, DC) i

® Subcapsular zone (DN T) qual domain "
Inner Cortex region 1 (DN T, DP T, cTEC) (with downsampled modality 1)

® Connectve tissue cap(fibroblast)
Connectve tissue (CMJ)

Spatial omics from adjacent slides Aligned omics and cell-cell networks

Modality1
Spot level resolution O O \

Downsampled Modality 1: RNA Modality 2: Protein

°0
% g1
. (Visium, etc) s O Se2
CORAL model Te3
e
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Modality2 . =6
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Limited molecular features
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Interactions between tumor cells and CD4/8 T cells si%niﬂcan!
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He, Siyu, et al. "Learning single-cell spatial context through integrated spatial
multiomics with CORAL." bioRxiv (2025): 2025-02.



Biological Discoveries enabled by Spatial Multi-omics

HCC Patients . -
(N=13, 6 responders, 7 nonresponders) Multimodal Profiling

Spatial
transcriptomics
(10X Visium)

Perioperative
checkpoint inhibition

S

Spatial
proteomics
(Phenocycler)

Pretreatment biopsy +

Posttreatment resection Histopathology

staining

Wu, Zhengqin, et al. "Spatial multi-omics and deep learning reveal fingerprints of immunotherapy
response and resistance in hepatocellular carcinoma." bioRxiv (2025): 2025-06.
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Biological Discoveries enabled by Spatial Multi-omics

Exposed LA

e Discovery of Exposed LA
(responders) and Interfaced LA
(non-responders)

00 01 02 03 SElebnul Rl Tumor Tumiar-LA
interface
B cells . B cells - l g
CDA T cells CD4 T cells - 2
CD8 T cells cD8 T cells - §
Dendritic cells L e RS
Dendritic cells -
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Epithelial cells {88 | Epithelial cells - ! g
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QK Q" Q" &8 CD20 WCD4 compartments
F & Cell type OO S S Cellcell * Exposed LA
Q’\é' ell typ - Y K d LA core Tumor
Composition interaction = Tumor-LA interface ® Interfaced LA(s)

- o Non-LA
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Exposed LA

example

Exposed LA

example

Interfaced LA
example

MIF

DAPI
CD3

CD20

W CD8

MIF-based cell types

R

@ Epithelial cells (INOS-)
© Epithelial cells (INOS+)
® Endothelial cells
Fibroblasts
® CDA4 T cells
CD8 T cells
©® Macrophages 1
Macrophages 2
@ Neutrophils
B cells
@ Dendritic cells
Plasma cells
o Unknown/
Uncharacterized

Microenvironments

oA R
® CD4T-rich LA
® B-ichLA

@ Tumor interface at LArim
® Fibroblast interface at LArim
@® Tumor INOS-

® Endothelial cell-rich tumor
@ Adjacent liver INOS+

® Lymphocyte-rich tumor

® Myeloid cell-rich tumor

® T/Macrophage-rich stroma
IFN-y activated stroma

ST: Lymphocyte activation

Aggregated expression of
GOBP: Lymphocyte Activation
Involved in Immune Response

4NN >

100 200 400

(4th column, ST: Lymphocyte activation): T Cell Activation
Involved In Immune Response (G0:0002286)

(5th column, ST: Fibrotic ECM): COL7AT, COL3A1, COL4A1,
COL6AT, DCN, ELN, FBLN5, LUM, SPARC, THBST, etc.

ST: Fibrotic ECM

Aggregated expression of
Fingerprint: Immune-excluding
Fibrotic ECM

800 2000 4000



oundation models for spatial omics

Medical imaging

Pathology
Radiology
E Multi-modality
=) O
iz .-
AL

Computational biology
DNA language in genome

Clinical informatics

Unstructured clinical record

%, Adapt Protein structure and function -y ! Structured electronic health record
> Gene expression profiles by RNA o
Foundation Model Public health Drug discovery & development

Public health surveillance Drug design

Epidemic forecasting Clinical trial prediction
Target binding site prediction
Drug synthesis route searching

Molecular representation learning
Phar ical property prediction

30
Liu, Xiangrui, et al. "Biomedical foundation model: A survey." arXiv preprint arXiv:2503.02104 (2025).



Nicheformer: cell-based foundation model for single-cell and spatial omics

Pretraining: cetivtar representation _

o

3 r g SpatialCorpus-110M Spatial label prediction
v, 4 } @ Dissociated data Spatial data MERFISH CosMx
\6 @ Celltype mouse brain human liver
57 million cells 53 million cells
4 technologies 4 technologies )
293 datasets 60 datasets ° ’ Niche

49 tissues 15 tissues
6,067 donors 158 donors ‘ Region

N

Nicheformer

Spatial composition

pretraining
2
® ‘¢ @ Celldensity (9]
S Lf e . &)
i ) S Neighborhood  ryery 555 (6188 0.1
@ 0:33]

. LX ’ ' composition

Cells are represented by rank-ordered genes, pre-trained via masked gene reconstruction.

Downstream tasks:
e Cell type / composition / niche label predictions

Tejada-Lapuerta, Alejandro, et al. "Nicheformer: a foundation model for single-cell and spatial omics." Nature methods (2025): 1-14.



scGPT-spatial: Continual pretraining of a single-cell foundation model

Continual Pretraining Finetuning tasks
DUterus ( A ( )
Source Integration of multiple slides
IO CZ CELLxGENE [[Prostate Training by gene reconstruction
(intra- and inter-spot)
@b |:|Lung | &, |:|
Multiple tissues ( MOE decodons J
Other
V Cell-type deconvolution
ICoIon f E E E ggg
Stacked transformer blocks e 4 gg - EZ','. zf,zmz%
Breast with masked attention 333
| ERViEERHD — ce®
I or Disease T Gene imputation

Initialized by scGPT —1 ﬁﬂﬁiﬂ

Cells are represented by gene tokens + binned expression, pre-trained via reconstructing
self-expression & neighbor-expression
Downstream tasks:

e Missing gene imputation

e Cell type / composition / niche label predictions

32
Wang, Chloe, et al. "scGPT-spatial: Continual pretraining of single-cell foundation model for spatial transcriptomics." bioRxiv (2025): 2025-02.



VirTues: Masked autoencoder for MIF

molecular level

eg. multiplex images
Histone H3 T R
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Representation
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clinical diagnostics —
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15

biological discovery =__ .0

understanding of ?’
biological tissues  assa

across the cell,
niche and
level

information
retrieval

_ clinical
decision support

Downstream tasks:
e Cell type / composition / niche
label predictions

e Clinical diagnostics
e Zero-shot retrieval of patients
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Wenckstern, Johann, et al. "Al-powered virtual tissues from spatial proteomics for clinical diagnostics and biomedical discovery." arXiv preprint arXiv:2501.06039 (2025).



KRONOS: Foundation model (DINOv2) for spatial proteomics

Marker 1 Marker N

H

D 16x16

256x256

Token encoding l

Positional encoding H CLS token

KRONOS
&E«

Token embedding % Marker encoding

Image-level Marker-specific Token-specific

) 4
O

Learned embeddings

Shaban, Muhammad, et al. "A Foundation Model for Spatial
Proteomics." arXiv preprint arXiv:2506.03373 (2025).

Phenotyping
Cell-based
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Downstream tasks:
e Cell type / niche label predictions, unsupervised
spatial clustering

e Quality control
e Clinical diagnostics / prognostics
e Zero-shot retrieval of cells / patch images
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LLM-powered data analytics

Ag1|ent Output

Planning

|
|
[
o -
|
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' Q I ettt bl Mbmmndandabal,
|
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|
|
: |
[
' i
|

User Input

Yang, Tiantian, et al. "The rise and potential opportunities of large language model agents in bioinformatics and biomedicine." Briefings in Bioinformatics 26.6 (2025): bbaf601.
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Cell typing with Large Language Models

type for each row. Only provide the cell type name.

CR2, CD24, FAS, CXCRS3, CD1c

KLK3, KRT8, KLK2, MSMB, ACPP, KLK1, KLK4
MMRN1, FLT4, RELN, CCL21, PROXL, LYVE1
TPSABT, FCERTA, TPSB2, KIT, CD69, HDC

@ 1. Dendritic cells

2. Luminal epithelial cells
3. Lymphatic endothelial cells
4. Mast cells

5. Pericytes

Identify cell types of human prostate cells using the following markers. Identify one cell

ACTA2, MYO1B, ACTA2, ANPEP, DES, MCAM, PDGFRB, CSPG4

Cell sentences

"

Sentence 1: “g, 9, -.. 9,

Sentence 2: “g,-g,.".."9,,

"

"

Sentence N: “g., g, .- g,;

Example cell upp) 1 .pp(5 . . RpLX;"
sentence:

Textual annotation

CD4T-cell-g,-g,...-9
“T-cellin melanoma-g,-g .-..-g,,"

2 H ' H
Parkinson's disease g,,- g, .- g

“Liver tissue - RPL1-RPL2-...- RPLX;"

Dataset 1 million pairs of @
human transcriptomes and text

Generating sample descriptions

“name: Renal Cell “Renal cell carcinoma

Carcinoma” tissue sample taken
“stage: 2" from a male patient at
“sex:  male” stage 2, ..."
'
SR
' N
J ceo 2, 3 “
S ' |
(Ok] !ARCHS") @ X ' Gene expression i
mE = ; (counts) % |
g ! [37,0,42
= L '
-o S CELL 23 :
a8 S5 S
e, IR )
' = 3 ol

Generating conversations

Q: “Describe this sample”
(a

: “The sample looks like renal cell..”

@&Vhich genes/pathways are active?D— ------

(A: “The most active genes are ..., ..”

100,000 training conversations 2. Supervised training

Hou, Wenpin, and Zhicheng Ji. "Assessing GPT-4 for cell type annotation in single-cell RNA-seq analysis." Nature methods 21.8 (2024): 1462-1465.
Levine, Daniel, et al. "Cell2Sentence: teaching large language models the language of biology." BioRxiv (2024): 2023-09.

Schaefer, Moritz, et al. "Multimodal learning of transcriptomes and text enables interactive single-cell RNA-seq data exploration with natural-language chats." bioRxiv (2024): 2024-10.

Training
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SpatialAgent: autonomous Al agent for spatial biology

Agents enabled Multi-Modal Annotation
automated: ﬂbservation
Gene Panel Design

o Bioma rker’ pa nel Experiment % Spatial —_

d es | g n A Agent Cell-Cell Interaction
e Cell type / niche ) 4 Ao wootness (@

annotation
e Proposing new

hypotheses for

cell-cell interactions

GPTCellType CellTypist Human Scientist - La SpatialAgent

SpatialAgent Human Scientist - La Author

Wang, Hanchen, et al. "SpatialAgent: An
autonomous Al agent for spatial biology." bioRxiv
(2025): 2025-04.

Support
Multiple organs

Cross species

Cardiomyocyte
» Endothelial
Epicardial
» Fibroblasts
Immune
Neuronal
Pericyte

Author VSMCs

Conduction System
e Flow Tracts
Left Atrium
Left Ventricle
e Right Atrium
e Right Ventricle
e Valves
e unmatched
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OmicsNavigator: in-depth annotation and exploration of spatial omics data

Disease context

[ °=° I d

Spatial Patient- & _
o omics experiment- Tissue . ROI 4
o dataset metadata [ ContextCurator [ context o o ] interpretation [ °o o ]
B

R0 data: ° RO text hd 5 hd

Memory mor',?&?ég?erij descr!ptlon OmicsAnnotator PathologyScorer
User N cell types [ °° ] ) : ' RO
1 disease
: OmicsEncoder : : 1 relevance

ROI text embeddings

**Proximal Tubules**:

The dominant cell type, "Tubular cells (CD183++/CD227-)" (87% composition),
strongly supports localization to the proximal tubules. ... [More]

Diabetic Kidney Disease (DKD2B), Relevance score: **40**
Tubular cells dominate the ROI, comprising 87% of the observed cell types. While
tubular atrophy and interstitial fibrosis are hallmark features of DKD2B, there is no
direct evidence of these changes in this ROl based on the observed biomarkers,
spatial metrics, or morphology. ... [More]

**Glomeruli**:

The high expression of **CD196** and **CD31**, coupled with the dominance of
**Endothelial cells (CD31+/CD196+)** (49% of total composmon;, strongly
suggests this region is associated with glomeruli. ... [More]

Diabetic Kidney Disease (DKD2B), Relevance score: 60

Changes**: The ion of **CD31** and **CD196*,
alongside densely packed and uniformly oriented endothelial cells, strongly
supports the presence of glomerular capillaries. Moderate expression of
**Collagen IV** aligns with gl a
feature of DKD. ... [More]

**Inflammatory Domains**:

Supporting Evidence:

- High exp 1 of immune-related “CDA45** (z-score = 4.9,
percentile = 100%) and **CD6B* (z score = 17, percentile = 93%), which are
markers for immune cells such as hematopoietic cells and macrophages.

More]

Diabetic Kidney Disease (DKD2B), Relevance score: 85

Cell i :The ROI significant immune cell
infiltration, with **CD45+ immune cells** comprising 77% of the population and
elevated expression of **CD68**. This trongly with th i

stitial changes described in DKD, particularly the presence of monocytes and
macrophages contributing to inflammation. ...[Vore]




OmicsNavigator: in-depth annotation and exploration of spatial omics data

Yiyao, Li, et al.

Contexts
ROI text descriptions
ROI annotations

ROI localization (as image)

* ROI (75x75 pm) centroids

— (=) —
OmicsNavigator

"OmicsNavigator: an LLM-driven multi-agent system for autonomous zero-shot biological analysis in spatial omics." bioRxiv (2025): 2025-07.

User query:
Are there lymphoid aggregates
in this sample?

### 1. Presence and Identity of Lymphoid Aggregates (...

### 2. Functional Roles in HCC Context (...)

### 3. Spatial Positioning Relative to Tumor (...)

### 4. Indicators of Tertiary Lymphoid Structure (TLS) Formation (...)

Concise Takeaway: This HCC sample shows multiple lymphoid
aggregates, with strong T-cell and dendritic cell enrichment, and in
some areas B-cell co-localization—suggesting TLS-like immune
niches. Their positioning at invasive margins highlights tumor-immune
interaction hotspots that could play dual roles in anti-tumor immunity
and immune suppression.
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Looking ahead

« Multi-modal integrative analysis: beyond cell / niche annotations
o 3D extension via deep learning, 3D analytics of spatial biology

o Longitudinal modeling of spatial biology

o In-depth use of foundation models for biological discovery

« Automated insight discovery via agentic systems
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