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Delineating cell populations is crucial for understanding immune function
in health and disease. Spatial omics technologies offer insights by capturing
three complementary domains: single-cell molecular biomarker expression,
cellular spatial relationships and tissue architecture. However, current
computational methods often fail to fully integrate these multidimensional

data, particularly forimmune cell populations and intrinsic functional
states. We introduce Cell Local Environment and Neighborhood Scan
(CellLENS), a self-supervised computational method that learns cellular
representations by fusing information across three spatial omics domains
(expression, neighborhood and image). CellLENS markedly enhances
denovo discovery of biologically relevant immune cell populations at fine
granularity by integrating individual cells’molecular profiles with their
neighborhood context and tissue localization. By applying CelILENS to
diverse spatial proteomic and transcriptomic datasets across multiple tissue
types and disease settings, we uncover unique immune cell populations
functionally stratified according to their spatial contexts. Our work
demonstrates the power of multi-domain data integrationin spatial omics to
reveal insights intoimmune cell heterogeneity and tissue-specific functions.

There has been a recent surge in the development of multiplexed
imaging technologies capable of simultaneously evaluating 40-100
protein targets"? or several hundred to thousands mRNA targets™*
at single-cell or subcellular resolution, in their native tissue con-
text. These high-dimensional ‘spatial omics’ data often require
sophisticated approaches for data analysis to uncover biologically
meaningful insights. Inwhat follows, we refer to spatial omics dataat
single-cell or finer resolution as single-cell spatial omics data. Most
of the information in these data is contained in the following three
complementary domains: (1) single-cell expression levels of measured
biomarkers; (2) relative locations of cells; and (3) image of measured

tissues, providing information related to cellular morphology and
tissue architecture, through multiple channels. For simplicity, we
refer to them hereafter as (1) expression, (2) location and (3) image
domains, respectively.

Analysis of single-cell spatial omics data begins with cell phenotyp-
ing: single-cell boundary masks are generated from raw images using
cell segmentation approaches (for example, ref. 5), which are then
used to extract the expression level of molecular features from each
cellto create a cell-by-feature data matrix. Then, the process involves
applyinga clusteringalgorithm (for example, refs. 6-8) on the matrix,
followed by cell-type annotation.
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Conventionally, the foregoing cell population delineation (that
is, clustering cells into groups with distinct biomolecular profiles
or biological functionalities) and identification (that is, cell-type
annotation) process rely solely on feature expression levels, while
image-levelinformation (for example, cell relative location, marker or
tissue image information) is only used during downstream analyses,
suchas cellular neighborhood or tissue schematic identification®™.

Tissueimage information at different scales can facilitate invalu-
ableinsightsinto cellular-level processes, including but not limited to
immunological cell-type and activation state. This is exemplified by
how pathologists can identify certain immune cell populations from
hematoxylin and eosin (H&E) images, based oninformation contained
in cell morphology, location and surrounding tissue architecture™".
In addition, spatial information in an image can further differenti-
ate subpopulations of cells, which may not be fully captured by the
cell'smeasured features alone, but rather in concert with the distinct
microenvironments that drive immunological cell states beyond cell
identities.

Furthermore,image-level information can complement the mole-
cular profile information confined by the antibody or RNA probe panel
size. This is exemplified by the distinctive effector and suppressor
activities of T cells in close contact with tumors, compared to those
farther away"'. In parallel, B cells located in different layers of niches
inthe germinal center also represent different populations with distinct
functionality and cell state changes™'®. Therefore, ideal cell population
delineation and identificationin spatial omics data should take advan-
tage of spatial and tissue image information availability.

When one has aset of predefined immune cell populations in the
form of an annotated training dataset, new methods'*® have been
proposed to leverage the relative locations of cells in a spatial omics
dataset when classifying the cells to the prespecified populations.
However, as classification methods, they are supervised learning by
nature; hence, they do not directly accommodate the definition and
discovery of new cell populations unseen in the labeled training data
or the partitioning of a population into multiple biologically distinct
subpopulations. In addition, image domain information is ignored.
For cell population delineation, recent methodologies explored fusing
single-cellmorphology (that is, individual cell shape information)' and
spot spatial adjacency information (thatis, aform of relative location
information among cells)*° to the original expression profiles to gener-
ate new numerical representations of cells that could better represent
their differences than the measured molecular profiles.

Compared with classification, the primary advantage of applying
unsupervised clustering methods on these cell representation vec-
torsis the possibility of de novo cell population discovery: clustering
methods make no assumption about the existing cell populations in
data, making the identification of previously unseen immunological
events more accessible. In view of the gap between the available infor-
mation in data and that leveraged by state-of-the-art computational
methods, we postulated thatintegrating information containedinthe
location and the image domains of spatial omics data with single-cell
molecular profiles would notably enhance granularity when delineat-
ing cell populations.

Thus, we present Cell Local Environment and Neighborhood Scan
(CellLENS), an unsupervised information fusion algorithm, broadly
applicable to different single-cell spatial omics data modalities to
learn cross-domain integrative single-cell representation vectors.
In particular, CellLENS-learned representation vectors incorporate
information from expression, location and image domains. Existing
unsupervised clustering algorithms, such as Leiden clustering and
its peers, can operate directly on the CellLENS-learned representa-
tionsrather than conventional feature expressions, enabling spatially
informed, fine-grained delineation and de novo discovery of immuno-
logical and other cell populations across diverse imaging modalities
and biological samples.

Results

Overview of CellLENS

The following is a brief description of the CellLENS pipeline (Fig. 1)
(see Methods for technical details). CelILENS is an information fusion
algorithm operating on single-cell spatial omics modalities, includ-
ing but not necessarily limited to both spatial proteomics (for exam-
ple, CODEX?) and spatial transcriptomics (for example, CosMx SMI*,
Xenium?®). To start, CellLENS curates three pieces of inputs for each
cell corresponding to the three information domains: (1) expression
domain: an expression profile vector; (2) location domain: a cellular
neighborhood context vector, that is, a vector recording composi-
tion information of neighboring cells around each cell; and (3) image
domain: animage tensor recording local tissue images in multiple
channels.

To access the neighborhood context information, we assume
that each cell has been given a coarse initial cluster label. Hence, its
neighborhood context can be represented by the proportions of its
spatial nearest neighbors with different initial cluster labels. When
apriori human expertannotationis not available, one can obtaininitial
cluster labels by grouping the cells according to their expression profile
similarities. When human expert cell-type annotations are available,
the annotated labels can serve as initial cluster labels. For all results
reported in this article, we used Leiden clustering® with a resolution
level of 0.5 on a feature-expression-induced nearest neighbor graph
of each dataset for generating initial cluster labels, without human
intervention.

CellLENS leverages a new neural network architecture that we
termed LENS-graph neural network (GNN)-duo (Extended DataFig.1),
for orchestrated information integration across three domains. The
architecture consists of two parallel GNNs* with anidentical node set
butdistinct network topology, which are connected by an overarching
multilayer perceptron (MLP)* head. In both GNNs, nodes represent
cells in the measured tissue section(s) with 1:1 correspondence. One
GNN (the spatial GNN in Fig. 1) is constructed on a spatial adjacency
graph, where for each node its nodal feature is initialized with the
local tissue image encoding the vector of the cell; pairs of nodes are
connected if their spatial locations in the tissue section are close. The
other GNN (the expression GNN in Fig. 1) is built on afeature similarity
graph, where for eachnode its nodal featureisinitialized with the cell’s
expression profile and pairs of cells are connected if their expression
profiles are similar.

To compute the local tissue image encoding vector for each cell,
we trained from scratch a convolutional neural network (CNN) model®,
which we call LENS-CNN (Extended Data Fig. 1), as an image encoder.
LENS-CNN takes each cell’s local tissue image, processes it through
an AlexNet-like architecture?® and predicts the cell’s cellular neigh-
borhood context vector. The resulting fitted encoding vectors from
training (a prespecified hidden layerinthe trained LENS-CNN) are used
aslocal tissue image encoding vectors for individual cells. LENS-CNN
supplies values for initializing LENS-GNN-duo; its training (Methods)
is performed before that of the LENS-GNN-duo. After initializationand
parallel message passing on the LENS-GNN-duo, the updated nodal
vectors of the two GNNs are concatenated and used as inputs for the
final MLP head. The MLP head trains and predicts the target vector for
eachcell, whichisthe concatenation of the cell’s cellular neighborhood
context vector and a one-hot vector recording the cell’s initial cluster
label. Finally, after training, a designated hidden layer of the MLP head
is used as the output representation vector of the CellLENS pipeline
(Extended DataFig.1).

By design, the CellLENS representation fuses single-cell expres-
sion, cellular neighborhood and local tissue image information. In
the downstream analysis, an existing clustering algorithm®® can be
directly applied to the CellLENS representation vectors for cell popu-
lation delineation at fine granularity, with no further modification
required. For benchmarking purposes, we applied Leiden clustering®
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Fig. 1|Illustration of the CelILENS pipeline. CellLENS is compatible with
imaging-based spatial omics modalities with single-cell or finer resolutions

(for example, CODEX, Xenium and CosMx). Information from three domainsis
extracted from each individual cell and its surroundings: (1) single-cell expression
profile (for example, measured protein or mRNA features); (2) single-cell location
information (for example, cellular neighborhood composition); and (3) single-
celllocal tissue image information (for example, local images from nuclear

and membrane channels). CelILENS takes these three types of information as
input. It first uses a CNN encoder to extract features from images of local tissues
surrounding each cell. Next, two separate GNN models are constructed in
parallel: (1) a‘spatial GNN’, where each node represents a cell, with the initial node
vector assigned as CNN-extracted local image features; nodes are connected
according to spatial adjacency; and (2) an ‘expression GNN’, where each node

represents a cell, with the initial node vector assigned as the expression profile;
nodes are connected according to expression similarity. The two GNNs are
connected by an overarching MLP head that combines the message-passing
outputs of the two GNNs for predicting the target vector of each cell, that s, the
concatenation of the cell’s feature-based population identity (one-hot) and its
neighborhood composition (percentage) vectors. After training, the last layers
of the two GNN models are extracted, combined and reduced (via singular value
decomposition) to form the final, tri-domain integrated representation vector
for each cell. This multi-domain fused representation vector is then used in the
downstream analysis for cell-type identification purposes, which is compatible
withcommonly used unsupervised clustering methods (for example, Leiden
clustering). Detailed illustration of the model architecture canbe foundin
Extended DataFig. 1. Cellillustrations created using BioRender.com.

ontheresulting CellLENS representationin this study to showcase its
applications. Human experts or machine learning algorithms can then
determine the biological states of the CellLENS clusters and perform
further downstream investigations.

Application to CODEX spleen tissue data

We applied CellLENS to mouse spleen CODEX data (30 markers,
53,500 cells)*. To quantitatively evaluate the capacity to delineate cell
populations of various cell representation methods, weimplemented
four metrics: silhouette score; Calinski-Harabasz index, Davies-
Bouldin index and modularity score (see Methods for details*°).
These metrics do not require ground-truth cell population infor-
mation; thus, they are suitable for objectively benchmarking per-
formance for de novo cell-type identification. We computed these
metrics for different methods, including: (1) feature: each cell’s feature
expression vector; (2) concatenation: the concatenation of each cell’s
feature expression vector and neighborhood composition vector;
(3) each cell’s canonical correlation analysis (CCA)-transformed
representation vector; (4) MOFA+: each cell’s MOFA+' representation
vector; (5) SPICEMIX*: each cell’s SPICEMIX representation vector;
(6)MUSE":eachcell'sMUSE representationvector;and (7) CellLENS:each
cell’s CellLENS representation vector. We observed improved
clustering performance with the CellLENS representation compared
to other methods on the mouse spleen CODEX data (Fig. 2a).

We next performed a more nuanced comparison of cell-typeiden-
tifications based on clustering results on: (1) CelILENS representation;
or (2) feature-only expression profile. First, coarse cell-type annota-
tions were generated based onthe protein profiles from either CellLENS
or feature-only clusters (Fig. 2b and Supplementary Fig. 1). Subse-
quently, we focused on clusters annotated as B cells. The CellLENS and

feature expression representations produced seven and six Leiden
clusters, which were annotated as B cells respectively (Fig. 2c). B cell
clusters from the feature expression representation were more inter-
mixed when visualized using UMAP, and less distinctive withregard to
B cell-related protein marker expression (Fig. 2c, right); B cell clusters
from the CellLENS representation were more well structured when
visualized using UMAP, and more distinctive in terms of B cell-related
protein marker expression (Fig. 2c, left).

To further validate our findings that B cell subpopulations
were better stratified using CellLENS, we investigated the biological
relevance of the identified B cell clusters by observing their spatial
localization (Fig. 2d). While the conventional feature-only approach
could partially delineate B cell subpopulations, including the identi-
fication of germinal center (GC) B cells with medium or high CD21and
CD35 expression, most Leiden clusters from feature representation
(fcl, fc4, fc6) were mixtures of different B cell subgroups (Fig. 2d,
bottom). In comparison, Leiden clusters from the CelILENS represen-
tation spatially delineated the B cell subgroups successfully, including
not only GC B cells with medium or high CD21 and CD35 expression
asidentified in the feature-only approach, but also GC CD21-negative
and CD35-negative B cell (cc6), splenic zone B cell (ccO) and marginal
zone B cell subgroups (ccl, cc10) (Fig. 2d, top)***.

Application to CODEX and Xenium tonsil tissue data

We further tested CellLENS on human tonsil CODEX data (46 markers,
102,574 cells)**. Quantitative metrics showed improved clustering
using CellLENS (Extended DataFig. 2a). Cell-type annotation (Extended
DataFig.2b and Supplementary Fig. 2) revealed an additional replicat-
ing non-GC B cell population uniquely identified by CellLENS (red)
(Extended Data Fig. 2c). This replicating non-GC B cell population
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Fig. 2| Refined B cell subpopulations discovered by CelILENS in a healthy
mouse spleen CODEX dataset. a, Metric-based evaluation of cell population
delineation performances on CODEX mouse spleen tissue. Representations of
cells, from seven different methods, were used as input: CelISNP; feature (protein
expression table); concact (protein expression + neighborhood composition
table); CCA; MOFA+; SPICEMIX; and MUSE (Methods). Five batches, each
with10,000 randomly selected cells, were tested. The solid line indicates the
average and the shadingindicates the 95% confidence interval (CI) of the scores.
b, Uniform manifold approximation and projection (UMAP) visualization of
representations and Leiden clustering (cc, CellLENS clusters; fc, feature-only
clusters). The cell types of the CelILENS or feature-only clusters were annotated
based on the average expression profiles of the clusters. Left, CelILENS

representation. Right, feature expression. The dashed line indicates the B cell
subpopulations. c, UMAP visualization and B cell-related protein expression
profiles of clusters annotated as B cells. Left, B cell clusters from CellLENS and
their expression heatmap. Right, B cell clusters from feature expression and
their expression heatmap. d, Comparison of spatial locations of different B cell
clusters identified using CelILENS representation versus feature expression in
the spleentissue. In each plot, the red dots indicate cells from a specific cluster;
the green outlines indicate GC boundaries. Top, Spatial locations of B cell
subpopulations identified by the CelILENS representation clusters. Bottom,
Spatial locations of B cell subpopulations identified using the feature expression
clusters. Annotations shown in parentheses summarize the key features and
spatial characteristics of the respective clusters. NK, natural killer (cell).

was identified using CellLENS as a distinctive Leiden cluster (cc10
in Extended Data Fig. 2b), but was intermixed with other B cellsina
feature-only Leiden cluster (fc8 in Extended Data Fig. 2b), as shown
in Extended Data Fig. 2d. This probably reflects similar protein
expression profiles as both GC (cc8) and replicating non-GC B cells
(cc10) expressed high Ki-67 (Extended Data Fig. 2e). A close visual
inspection of the spatial localization of cellsin this replicating non-GC
B cell population (that is, CellLENS cc10 cluster cells) confirmed their
distinctive arrangements bordering GCs (Extended Data Fig. 2f).

To further validate the performance of CellLENS we observed
in the CODEX tonsil tissue, we subsequently performed a compara-
ble analysis on a Xenium tonsil dataset (158,259 cells, 377 genes)>.
Like the CODEX tonsil data results, we observed improved cluster-
ing performance based on the quantitative benchmarking metrics
(Fig. 3a). Subsequently, we performed cell-type annotation on both
CellLENS representation and feature-only representation (Supple-
mentary Fig. 3a-c), and observed highly comparable improvement
of cell-type delineation in B cell populations. This same replicating
non-GC B cell population was identified using CellLENS as a distinctive
Leiden cluster, but was intermixed with other B cells in a feature-only
Leiden cluster (Fig. 3b,c). Subsequent evaluation of the spatial locations
of these cells further confirmed our finding, where proliferating B cells
clustered onfeature-only representation (fc3) showed a mixed spatial
pattern (Fig. 3d, left) but proliferating B cells clustered on CellLENS
representation showed distinct spatial patterns, including ones only
inside GCs (Fig. 3d, middle) and ones only outside GCs (Fig. 3d, right).
While similar gene markers were identified and shared among these
clusters (Supplementary Fig. 3d), indicating that they are all replicating
B cells, we identified genes with significantly differential expression
levelsacross cc7 and ccl5, including higher expression of TCL1A, BASP1
and CD79A in cc7. Consistent with the previous literature, this
indicates that these spatially distinct subgroups have alternative
functionalities®*”. Replication across the Xenium and CODEX data-
sets highlights CellLENS robustness across spatial omics technol-
ogies. Given the larger number of features available in the Xenium
RNA panel over the CODEX antibody panel, the improvement
of CellLENS over other methods and beyond features alone is evi-
dent, highlighting the utility of additional leverage of location and
image domains.

Application to lymph node tissue Xenium data with the 5k
gene panel

We continued to evaluate the performance of CellLENS on delineating
low-frequency immune cell populations. We tested the pipeline on
a human formalin-fixed paraffin-embedded lymph node (LN) tissue
measured using Xenium with a gene panel of 5k (ref. 38, Fig. 3e). As
in the previous examples, we generated cell embeddings from both
the CellLENS and conventional feature-only expression profiles, and
both were followed by Leiden clustering and cell-type annotation.
The general immune cell populations, including T cells, Band GC B
cells, macrophages and others, can be identified using both methods
(Extended Data Fig. 3a-c). However, CellLENS enabled the unique
delineation of rare but canonicalimmune cell types of follicular helper
T (Tyy) cells, tingible body macrophages (TBMs) and follicular den-
dritic cells (FDCs) by augmenting the identification power with fused
spatial and tissue morphological information (Fig. 3f). In contrast,
the conventional method failed to discern these low-frequency
cell types with information from the measured transcripts only
(Supplementary Fig. 4a), even when the panel size is as large as 5k.
This example further highlights the novelty and robustness of our
CellLENS pipeline.

Application to classic Hodgkin lymphoma cancer tissue
CODEX data

We next evaluated CellLENS in the classic Hodgkin lymphoma (cHL)
tumor microenvironment (TME). We applied CellLENS on a CODEX
cHL dataset (45 markers, 143,730 cells)*. We quantitatively compared
CellLENS and four other methods (Fig. 4a), performing cellannotation
on CellLENS and feature-only representations (Fig. 4b and Supple-
mentary Fig. 5a). We previously linked systemic T cell dysfunctionin
cHL TMEs directly to tumor proximity using spatial proteomics and
transcriptomics™. We postulated that CellLENS would be an effective
approachtofacilitate the finer delineation of T cell subpopulationsin
the context of cHL. Clustering on the CellLENS representation gener-
atedsix distinct CD4 T cell subpopulations, each occupying distinctive
spatial regions relative to the tumor in the TME (Fig. 4c,d). In contrast,
CDA4T cells obtained from clustering on the feature-only representation
did not exhibit these diverse spatial localizations and niche profiles
(Supplementary Fig. 5b). Two interesting CD4 T cell subpopulations

Fig. 3 | Refined immune cell subpopulations discovered by CelILENS in a tonsil
and LN Xenium dataset. a, Metrics evaluation of clustering performances on
CODEX human tonsil tissue. Embeddings and representations of cells, from seven
different methods, were used as input: CellLENS; feature (protein expression
table); concact (protein expression + neighborhood composition table); CCA;
MOFA+; SPICEMIX; and MUSE. Clusters (for the calculation of the silhouette
score, and the Calinski-Harabasz and Davies-Bouldin indices) were generated
with Leiden clustering using the same parameters. The solid line indicates the
average and the shadingindicates the 95% Cl of the scores. b, Zoom-in of the
UMAP visualization of B cells (green), GC B cells (purple) and replicating non-GC
cells (red) on CellLENS embedding (left) and feature-only embedding (right).
Cells are colored according to the cell populations identified using the CellLENS

clusters in both UMAPs. ¢, Zoom-in of the UMAP visualization of the same cell
types shownincbut colored according to the cluster numbers from CellLENS
embedding (left) and feature-only embedding (right). d, Visualization of the
B-proliferating cluster locations. Left, B-proliferating cells from the feature-

only representation clustering (fc3), showing a mixed spatial pattern. Middle,
B-proliferating cells from the CellLENS representation clustering (cc7), showing a
GCspatial pattern. Right, B-proliferating cells from the CelILENS representation
clustering (cc15), showing a non-GC spatial pattern. e, General cell-type locations
on the Xenium human LN data (5k gene panel). f, Uniquely identified rareimmune
cell populations using CellLENS and their corresponding locations with the GC
boundaries outlined in black.
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acHL tumor CODEX dataset. a, Metric-based evaluations of cell population
delineation performances on CODEX human cHL tissue. Representations of cells,
from seven different methods, were used as input: CellLENS; feature (protein
expression table); concact (protein expression + neighborhood composition
table); CCA; MOFA+; SPICEMIX; and MUSE (Methods). Five batches, each with
10,000 randomly selected cells were tested. The solid line indicates the average
and the shading indicates the 95% Cl of the scores. b, UMAP visualization of
therepresentations and Leiden clustering (cc, CellLENS clusters; fc, feature-
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representation. Right, feature expression. ¢, Visualization of cell-type spatial
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clusters. The black regions are empty spaces. The white outlines indicate the
borders of the cHL tumor regions. d, Visualization of the spatial locations of
different CD4 T cell subpopulations identified by the CellLENS representation
clusters. The black outlines indicate the borders of the cHL tumor regions.

identified using CellLENS representation are (Fig. 4d): CellLENS cc8
(top row, middle), a subpopulation that occupies the boundary of
the cHL tumor patch; and CellLENS cc20 (bottom row, right), a sub-
population that infiltrated inside the cHL tumor patch. We further
observed that only the tumor-infiltrated CD4 T cell subpopulation
(CelILENS cc20), but not the tumor boundary CD4 T cell subpopu-
lation (CellLENS cc8), exhibited an elevated expression of the T cell

dysfunctional markers LAG3 and PD-1 (Supplementary Fig. 5c). These
results further elucidate the importance of understanding T cell dys-
regulation in the cHL TME***, Moreimportantly, the CellLENS-enabled
analysis, alongside other recent spatial omics studies™, shed light
on the importance of spatial aspects in dysfunctional T cell-cHL TME
interactions in the orchestrated immunological responses to tumor
in cHL and beyond.
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Application to hepatocellular carcinoma tissue CosMx SMI
datawith the 6k gene panel

We extended CellLENS from spatial proteomics to spatial transcrip-
tomics in a hepatocellular carcinoma (HCC) CosMx SMI dataset. We
deployed CellLENS and other methods on an HCC tumor CosMx SMI
dataset (54,867 cells, 997 genes)**. CellLENS outperformed feature-
only embeddings across all quantitative clustering metrics (Fig. 5a).
We then performed cell-type annotation based on the Leiden clus-
tering results, either from CellLENS representation or feature-only
representation (Extended Data Fig. 4a,b). Between the two methods,
CellLENS allowed finer delineation of cell subpopulations. For instance,
two clusters of macrophages were identified using feature-only repre-
sentation (Extended DataFig.4a,b). In contrast, anincreased number
of macrophage clusters, each with adistinctive niche occupation, were
obtained from the CellLENS representation (Fig. 5b). We observed
that the macrophage subpopulation CellLENS cc6 exhibited a
unique spatial occupation of the tumor-immune interface, whichwas
missinginthe feature-only results (Fig. 5b and Extended Data Fig. 4c).
Further investigation consolidated the functional differences of
subpopulation CellLENS cc6 from other macrophagesin this dataset.
Differential expression analysis showed cc6 uniquely upregulated
genes, including CIQA, C1QB, C1QC, LYZ and HLA family members
(HLA.DQA1, HLA.DPAI) (Fig. 5c).

To explore functional differences, we performed module scor-
ing using pan-specific and liver-specific macrophage gene lists****
(Fig. 5d). We found that CellLENS cc6 macrophages skewed toward
amore ‘M1-like” and pro-inflammatory phenotype, while the other
macrophages displayed amoreimmunoregulatory phenotype. Given
their proximity and pro-inflammatory nature, we hypothesized active
cc6 macrophage-tumor interactions. Spatial ligand-receptor (LR)
analysis using SpatiaDM* revealed enriched LR interactions spe-
cifically at the cc6 macrophage-tumor boundary (Fig. 5e). We fur-
ther performed differential expression analysis on LR pairs between
CelILENS cc6 and other macrophages, to further support a model
in which the CellLENS cc6 macrophages had increased LR interac-
tion profiles (P,g < 0.05, Benjamini-Hochberg correction), including
integrin receptors and their respective ligands compared to other
macrophages (Fig. 5f). CellLENS identified cc6 as tumor-bound-
ary macrophages with unique functions, LR profiles and improved
tumor delineation (Supplementary Fig. 6). We next postulated that the
HCC tumor subpopulations infiltrated by these CellLENS cc6 macro-
phages (CellLENS cc7, cc8, cc17) would also possess different gene
programs and pathway usages compared to other tumor populations
eveninthesame tissue. To test this, we performed unsupervised gene
expression program (GEP) identification using consensus nonnegative
matrix factorization (c(NMF)*¢ (Supplementary Fig. 7a) and selected the
most significantly upregulated or downregulated GEPs for comparison
between tumor clusters with macrophage infiltrates (CellLENS cc7,

cc8, ccl7), compared to other tumor cells in the same tissue. We then
annotated the GEPs according to their top 20 contributing genes,
using Gene Ontology analysis (Fig. 5g), and observed elevated gene
program activation and usage related to immune cell chemotaxis,
cytokine signaling and extracellular matrix (ECM) disassembly in
macrophage-infiltrated tumor cells. In contrast, other tumor cells
showed enhanced gene program usage related to NOS (nitric oxide
synthase) synthesis, interleukin-10 (IL-10) regulation and prolifera-
tion (Supplementary Fig. 7b). In summary, we demonstrated that
CellLENS representation facilitated the delineation and identifica-
tion of a tumor-associated macrophage (TAM) subpopulation with
infiltration tendencies and pro-inflammatory functionalities. This
TAM subpopulation was potentially altering tumor programs via
spatial interactions, consistent with findings from previous studies
in HCC tissues*”*%, Remarkably, the discovery of this TAM subpopula-
tion was entirely unsupervised; no training or reference dataset has
beeninvolved.

Comprehensive benchmarking

To evaluate the robustness of CellLENS with respect to different tuning
parameter choices, we tested ranges of values for four different tun-
ing parameters on the mouse spleen CODEX dataset (Supplementary
Fig. 8): (1) resolution used in Leiden clustering for acquiring the cell
identity cluster numbers and cell neighborhood composition; (2) num-
ber of neighbors (K) used when searching the nearest neighborhood to
calculate the cell neighborhood composition; (3) image size (in pixels)
for acquiring the LENS-CNN encoding; and (4) binarization threshold
value foracquiringthe LENS-CNN encoding. To evaluate the advantage
ofthe LENS-GNN-duo architecture, we benchmarked the model train-
ing performance, using LOSS values calculated on randomly selected
test datasets as a proxy, of the full LENS-GNN-duo pipeline against the
single-GNN alternatives (that is, using only the expression GNN or the
spatial GNN with an MLP head) (Supplementary Fig. 9).

While CelILENS provides an unsupervised approach for de novo
identification of delineated cell types from spatial omics data, super-
vised methods, for example, label transfer from single-cell RNA
sequencing annotations*~*!, may also be useful in certain scenarios.
However, their performance can be influenced by several factors,
sometimes resulting in subpar labeling accuracy for specificimmune
cell populations (Supplementary Fig. 10).

The CellLENS pipeline allows users to directly inputinitial cell-type
labels (for example, labels predicted using label transfer) instead
of performing coarse Leiden clustering at the start. While CellLENS
still performs as expected, we advise caution because results may be
influenced by the accuracy of theinputlabels (Supplementary Fig. 11).
We further examined the impact of the resolution level of Leiden
clustering used during CellLENS initialization. The performance of
CellLENS remained stable with respect to this initialization tuning

Fig. 5| CellLENS-enabled delineation of biologically distinct macrophage
subpopulations in an HCC tumor CosMx SMI dataset. a, Metric-based
evaluation of cell population delineation performances on CosMx SMI human
HCCtissue. Representations of cells, from seven different methods, were

used asinput: CellSNP; feature (protein expression table); concact (protein
expression + neighborhood composition table); CCA; MOFA+; SPICEMIX; and
MUSE (Methods). Five batches, each with 10,000 randomly selected cells were
tested. The solid line indicates the average and the shading indicates the 95% CI
ofthe scores. b, Visualization of spatial locations of different cell populations,
includingall cell types (first panel colored according to the cell-type annotation
obtained from the CellLENS clusters; black regions indicate empty spaces) and
different macrophage subpopulations identified by the CellLENS representation
clusters (second to fourth panels). In each of the second to fourth panels, all tumor
cells, and macrophage cells from a specific CelILENS cluster, are colored, while
other cells and empty spaces are shown in black. ¢, Volcano plot of differentially
expressed genes between the CellLENS ccé6 cluster and other macrophage

clusters. Statistics were generated using Limma. d, Comparison of module

score values’ between CellLENS ccé6 (n =2,569) and all other macrophage cells
(n=5,089).‘M1-like’ and ‘M2-like’ scores were calculated using genes fromref. 43.
Splenic macrophage-specific ‘pro-inflammatory’ and ‘immunoregulatory’ scores
were calculated using the genes from ref. 44. An unpaired two-sided Wilcoxon
rank-sum test was used to determine the Pvalues. The box plotindicates the

25th to 75th percentiles (box boundary), the median values (line in the box), and
the minimum and maximum values (whiskers). e, Visualization of the spatial
distribution of allmacrophages and their respective LR interaction detection
score levels. The detection score was calculated based on significant LR
interaction pairs between macrophages and tumor cells . f, Top ten most frequent
LR interaction pairs associated with CellLENS cc6é macrophages. g, GEP usage
scores*® among tumor cells, stratified according to infiltration (by macrophage)
status. Infiltrated tumors n =5,953; other tumors n = 18,737. An unpaired two-sided
Wilcoxon rank-sum test was used to determine the Pvalues. The setup of the box
plotsisthe sameasind.LSEC, liver sinusoidal endothelial cell.
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parameter on both the CODEX spleen and Xenium tonsil datasets,
except at extreme resolution levels (Supplementary Figs. 12 and 13).
In our comparisons presented in the previous sections, we fixed
the resolution level (resolution =1) for the final Leiden clustering on
both CellLENS and feature-only embeddings. Alternatively, we also
tested fixing the total number of resulting clusters across comparisons
onboth the CODEX mouse spleen and Xenium human tonsil datasets

byincreasingtheresolutionlevels for feature-only embeddings. Strik-
ingly, we observed that further increasing the resolution in Leiden
clustering of feature-only embeddings did not recover the initially
missed populations (Supplementary Figs. 14 and 15).

To evaluate the stability of the CellLENS results, we next tested
the pipeline on two adjacent human tonsil sections, both investi-
gated using CODEX (Supplementary Fig.16). While these two sections
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underwent different epitope retrieval conditions®, which resulted
in different expression intensity distributions across measured bio-
markers, CellLENS identified largely consistent cell populations
between these sections (Extended Data Fig. 5), showcasing the
stability of the algorithm.

In addition to the methods outlined in Figs. 2a, 3a, 4a and 5a, we
benchmarked CellLENS against multiple other state-of-the-art algo-
rithms for cell population discovery, using four clustering evaluation
metrics. The additional methods are SpaGCN??, stLearn’*, SEDR®,
BANKSY?*® and CellCharter®’. While some of these methods were not
originally designed for single-cell-level cell-type identification (thatis,
they were developed for spot-level data or focused on spatial domain
identification), we found it pertinent to include them during bench-
marking. Thus, we assessed 11 methods across five spatial omics data-
sets: CODEX mouse spleen; Xenium tonsil; CODEX tonsil; CODEX
cHL; and CosMx SMIHCC. CelILENS consistently outperformed other
methods across these datasets (Extended Data Fig. 6 and Supplemen-
tary Figs.17-19).

SpaGCN, ranked second, also had a consistently high performance
across the board, although it was limited to no more than approxi-
mately 50k cells at the time of testing. (Thus, we were only able to
perform the analysis on a subregion of the data when the number of
cells exceeded this threshold.) To further investigate the difference
of biological insights provided by SpaGCN and CelILENS in cell-type
delineation, we analyzed the identified cell types from Leiden clus-
tering on SpaGCN’s embeddings, where it was feasible to run on the
full dataset (thatis, CODEX mouse spleen and CosMx SMIHCC), accord-
ing to the approach described in the previous sections. We found
that while SpaGCN had good metric performances, it was unable to
identify critical spatially resolved cell subpopulations specifically
identified by CellLENS (Extended Data Figs. 7 and 8).

We benchmarked the influence of several factors on image mor-
phology feature extraction in the context of the LENS-CNN model on
the CODEX mouse spleen dataset. First, we quantified model losses
when using ‘none’, ‘single-channel’ or ‘dual-channel’ image informa-
tion: (1) CellLENS without the CNN component, that is, completely
ignoring the image domain; (2) CellLENS with nuclear-only images; and
(3) CellLENS with both nuclear and membrane images (the default in
this study) (Supplementary Fig. 20). Second, we tested whether more
sophisticated computer vision models (ResNet50 (ref. 58), ViT*®) with
frozen pretrained weights could be used to extract image features
for CellLENS instead of retraining weights in the simpler AlexNet-like
architecture (the default in CellLENS) on the spatial omics data
(Extended Data Fig. 9a). Third, we evaluated the impact of replac-
ing the original AlexNet-like CNN architecture with more complex
architectures (ResNet50 and ViT) when training the CNN encoder in
CellLENS (Extended Data Fig. 9b). We found that simply using pre-
trained ResNet50 or ViT led to worse performance. In addition, replac-
ing the AlexNet-like CNN encoder in CellLENS with a retrained ViT
resulted in comparable performance but with a higher training time
(Extended DataFig.10) because of the extramodel complexity, whereas
replacingit with aretrained ResNet50 resulted in worse performance.
For all these reasons, the dataset underwent an 80/20 training/test
split. Training was performed on the training set only and predic-
tion performances were evaluated using the test set only. All analyses
described in this paragraph were done on the Xenium tonsil dataset.

We evaluated the scalability of the CelILENS pipeline to large spa-
tial datasets. To this end, we generated a series of datasets with varying
cellcounts (approximately 10k, 50k, 150k, 500k and 1,500k) by spatially
aware subsetting or duplication of the Xenium human tonsil dataset.
Benchmarking was performed onan NVIDIA A5000 graphics process-
ing unitand a PCle 4.0 solid-state drive disk. Our results demonstrate
that CellLENS can process several million cells within areasonable time
frame using affordable, easy-to-access computational resources for
most biological laboratories (Extended Data Fig. 10).

Discussion

In this study, we developed a new geometric deep learning pipe-
line, CellLENS, which integrates complementary information
from feature expressions (including proteins or RNAs), neighbor-
hood context and local tissue image, to produce for each cell a
comprehensive representation vector suitable for a wide range of
downstream analyses, including but not limited to clustering analysis
for spatial-and-tissue-context-aware cell population delineation and
identification, and the analysis of their functional differences.

The CellLENS pipeline uses anew architecture that consists of two
GNNs s for coding expression similarity and spatial proximity among
cells in parallel, thus allowing smooth information diffusion of bio-
marker expressions and local tissueimagesin their respective natural
domains for better information fusion. CelILENS exhibits robustness
inenhancing cell population delineation across diverse spatial omics
datasets collected from different tissues and disease settings using
diverse technologies and different panel sizes. Notably, CelILENS’s
compatibility with current de novo cell-type identification processes
allows for straightforward applications of existing clustering algo-
rithms tothelearned representations. Thus, we anticipate theadoption
of CellLENS in the spatial omics community.

We showcased the application of CellLENS on imaging-based
spatial modalities (CODEX, CosMx SMI and Xenium). It is conceiv-
able that this pipeline would also be compatible with sequencing-
based spatial modalities (for example, Slide-seq, Stereo-seq, high-
definition spatial transcriptomics®®~%?), as such datasets are usually
accompanied by H&E or fluorescent images of the same or an adjacent
tissue section, on top of the spatially resolved genomic readouts;
hence, inputs to the CellLENS pipeline can be further curated and
tested in the future.

While the current study focused on showcasing the efficacy of
CellLENS indelineatingimmune cell populations and their associated
functional states, the utility of the learned representation vectors can
be generalized to other biological contexts. Forinstance, they canserve
asengineered featuresin diagonal integration tasks, complementing
other recently developed methodologies™*. In addition, they canserve
as inputs to spatial neighborhood analysis pipelines®*®* to identify
different tumor-immune microenvironments and other neighbor-
hoods of biological interest. Furthermore, the representation vectors
can serve as inputs to machine learning models aimed at predicting
disease outcomes directly from single-cell information. Overall, the
learned all-encompassing cell representation that integrates expres-
sion, location and image domains summarizes key information pro-
vided by spatial omics datasets and holds great promise forimproved
and better-informed downstream analyses with diverse biological
objectives.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41590-025-02163-1.

References

1.  Giesen, C. et al. Highly multiplexed imaging of tumor tissues
with subcellular resolution by mass cytometry. Nat. Methods 11,
A17-422 (2014).

2. Goltsey, Y. et al. Deep profiling of mouse splenic architecture with
codex multiplexed imaging. Cell 174, 968-981 (2018).

3. Chen, K. H., Boettiger, A. N., Moffitt, J. R., Wang, S. & Zhuang, X.
Spatially resolved, highly multiplexed RNA profiling in single
cells. Science 348, aaa6090 (2015).

4. Wang, X. et al. Three-dimensional intact-tissue sequencing of
single-cell transcriptional states. Science 361, eaat5691(2018).

Nature Immunology | Volume 26 | June 2025 | 963-974

972


http://www.nature.com/natureimmunology
https://doi.org/10.1038/s41590-025-02163-1

Technical Report

https://doi.org/10.1038/s41590-025-02163-1

10.

n

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Greenwald, N. F. et al. Whole-cell segmentation of tissue
images with human-level performance using large-scale data
annotation and deep learning. Nat. Biotechnol. 40, 555-565
(2022).

Samusik, N., Good, Z., Spitzer, M. H., Davis, K. L. & Nolan, G. P.
Automated mapping of phenotype space with single-cell data.
Nat. Methods 13, 493-496 (2016).

Levine, J. H. et al. Data-driven phenotypic dissection of AML
reveals progenitor-like cells that correlate with prognosis. Cell
162, 184-197 (2015).

Traag, V. A., Waltman, L. & Van Eck, N. J. From Louvain to

Leiden: guaranteeing well-connected communities. Sci. Rep.
https://doi.org/10.1038/s41598-019-41695-z (2019).

Bhate, S. S., Barlow, G. L., Schiirch, C. M. & Nolan, G. P. Tissue
schematics map the specialization of immune tissue motifs and
their appropriation by tumors. Cell Syst. 13, 109-130 (2022).
Schiirch, C. M. et al. Coordinated cellular neighborhoods
orchestrate antitumoral immunity at the colorectal cancer
invasive front. Cell 182, 1341-1359 (2020).

Kumar, V., Abbas, A. & Aster, J. Robbins & Cotran Pathologic Basis
of Disease (Robbins Pathology) (Saunders, 2014).

Eroschenko, V. P. DiFiore's Atlas of Histology with Functional
Correlations (Lippincott, Williams & Wilkins, 2013).

Phillips, D. et al. Immune cell topography predicts response to
PD-1 blockade in cutaneous T cell lymphoma. Nat. Commun. 12,
6726 (2021).

Yeo, Y. Y. et al. Epstein-Barr virus orchestrates spatial reorgani-
zation and immunomodaulation within the classic Hodgkin
lymphoma tumor microenvironment. Preprint at bioRxiv
https://doi.org/10.1101/2024.03.05.583586 (2024).

Chen, S. et al. Integration of spatial and single-cell data across
modalities with weakly linked features. Nat. Biotechnol. 42,
1096-1106 (2024).

Zhu, B. et al. Robust single-cell matching and multimodal analysis
using shared and distinct features. Nat. Methods 20, 304-315
(2023).

Brbic¢, M. et al. Annotation of spatially resolved single-cell data
with STELLAR. Nat. Methods 19, 1411-1418 (2022).

Amitay, Y. et al. CellSighter: a neural network to classify cells in
highly multiplexed images. Nat. Commun. 14, 4302 (2023).

Bao, F. et al. Integrative spatial analysis of cell morphologies and
transcriptional states with MUSE. Nat. Biotechnol. 40,1200-1209
(2022).

Chidester, B., Zhou, T., Alam, S. & Ma, J. SPICEMIX enables
integrative single-cell spatial modeling of cell identity. Nat. Genet.
55, 78-88 (2023).

He, S. et al. High-plex imaging of RNA and proteins at subcellular
resolution in fixed tissue by spatial molecular imaging. Nat.
Biotechnol. 40, 1794-1806 (2022).

Janesick, A. et al. High resolution mapping of the tumor
microenvironment using integrated single-cell, spatial and in situ
analysis. Nat. Commun. 14, 8353 (2023).

Kipf, T. N. & Welling, M. Semi-supervised classification with
graph convolutional networks. Preprint at https://arxiv.org/abs/
1609.02907 (2016).

Goodfellow, I., Bengio, Y. & Courville, A. Deep Learning

(MIT, 2016).

Krizhevsky, A., Sutskever, |. & Hinton, G. E. ImageNet classification
with deep convolutional neural networks. In Advances in Neural
Information Processing Systems 25 https://proceedings.neurips.
cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e€924
a68c45b-Paper.pdf (NeurlPS, 2012).

Krizhevsky, A., Sutskever, |. & Hinton, G. E. ImageNet classification
with deep convolutional neural networks. Commun. ACM 60,
84-90 (2017).

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

4.

42.

43.

44,

45,

46.

47.

48.

49.

Rousseeuw, P. J. Silhouettes: a graphical aid to the interpretation
and validation of cluster analysis. J. Comput. Appl. Math. 20,
53-65 (1987).

Davies, D. L. & Bouldin, D. W. A cluster separation measure.

|EEE Trans. Pattern Anal. Mach. Intell. 2, 224-227 (2009).

Calinski, T. & Harabasz, J. A dendrite method for cluster analysis.
Commun. Stat. Theory Methods 3, 1-27 (1974).

Newman, M. E. J. Modularity and community structure in
networks. Proc. Natl Acad. Sci. USA 103, 8577-8582 (2006).
Argelaguet, R. et al. MOFA+: a statistical framework for
comprehensive integration of multi-modal single-cell data.
Genome Biol. https://doi.org/10.1186/s13059-020-02015-1 (2020).
Cumpelik, A. et al. Dynamic regulation of B cell complement
signaling is integral to germinal center responses. Nat. Immunol.
22, 757-768 (2021).

Steiniger, B. S. Human spleen microanatomy: why mice do not
suffice. Immunology 145, 334-346 (2015).

Kennedy-Darling, J. et al. Highly multiplexed tissue imaging using
repeated oligonucleotide exchange reaction. Eur. J. Immunol. 51,
1262-1277 (2021).

Human tonsil data: Xenium human multi-tissue and cancer
panel 1 standard. 70x Genomics www.10xgenomics.com/datasets/
human-tonsil-data-xenium-human-multi-tissue-and-cancer-
panel-1-standard (2024).

Herling, M. et al. High TCL1 levels are a marker of B-cell receptor
pathway responsiveness and adverse outcome in chronic
lymphocytic leukemia. Blood 114, 4675-4686 (2009).

Papa, |. & Vinuesa, C. G. Synaptic interactions in germinal centers.
Front. Immunol. 9, 1858 (2018).

FFPE human lymph node with 5k pan tissue and pathways panel.
10x Genomics www.10xgenomics.com/datasets/preview-data-
xenium-prime-gene-expression (2024).

Shaban, M. et al. MAPS: pathologist-level cell type annotation
from tissue images through machine learning. Nat. Commun. 15,
28 (2024).

Veldman, J. et al. CD4" T cells in classical Hodgkin lymphoma
express exhaustion associated transcription factors TOX and
TOX2: characterizing CD4" T cells in Hodgkin lymphoma.
Oncoimmunology 1, 2033433 (2022).

Nagasaki, J. et al. The critical role of CD4" T cells in PD-1 blockade
against MHC-llI-expressing tumors such as classic Hodgkin
lymphoma. Blood Adv. 4, 4069-4082 (2020).

CosMx SMI human liver FFPE dataset. NanoString https://
nanostring.com/products/cosmx-spatial-molecular-imager/
ffpe-dataset/human-liver-rna-ffpe-dataset/ (2025).

Cheng, S. et al. A pan-cancer single-cell transcriptional atlas of
tumor infiltrating myeloid cells. Cell 184, 792-809 (2021).
MacParland, S. A. et al. Single cell RNA sequencing of human
liver reveals distinct intrahepatic macrophage populations.

Nat. Commun. 9, 4383 (2018).

Li, Z., Wang, T,, Liu, P. & Huang, Y. SpatialDM for rapid identification
of spatially co-expressed ligand-receptor and revealing cell-cell
communication patterns. Nat. Commun. 14, 3995 (2023).

Kotliar, D. et al. Identifying gene expression programs of cell-type
identity and cellular activity with single-cell RNA-seq. eLife 8,
e43803 (2019).

Yuan, Y. et al. Mechanisms of tumor-associated macrophages
affecting the progression of hepatocellular carcinoma. Front.
Pharmacol. 14, 1217400 (2023).

Tian, Z., Hou, X., Liu, W., Han, Z. & Wei, L. Macrophages and
hepatocellular carcinoma. Cell Biosci. https://doi.org/10.1186/
s13578-019-0342-7 (2019).

Mages, S. et al. TACCO unifies annotation transfer and
decomposition of cell identities for single-cell and spatial omics.
Nat. Biotechnol. 41,1465-1473 (2023).

Nature Immunology | Volume 26 | June 2025 | 963-974

973


http://www.nature.com/natureimmunology
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1101/2024.03.05.583586
https://arxiv.org/abs/1609.02907
https://arxiv.org/abs/1609.02907
https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://doi.org/10.1186/s13059-020-02015-1
https://www.10xgenomics.com/datasets/human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://www.10xgenomics.com/datasets/human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://www.10xgenomics.com/datasets/human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel-1-standard
https://www.10xgenomics.com/datasets/preview-data-xenium-prime-gene-expression
https://www.10xgenomics.com/datasets/preview-data-xenium-prime-gene-expression
https://nanostring.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/human-liver-rna-ffpe-dataset/
https://nanostring.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/human-liver-rna-ffpe-dataset/
https://nanostring.com/products/cosmx-spatial-molecular-imager/ffpe-dataset/human-liver-rna-ffpe-dataset/
https://doi.org/10.1186/s13578-019-0342-7
https://doi.org/10.1186/s13578-019-0342-7

Technical Report https://doi.org/10.1038/s41590-025-02163-1

50. Aran, D. et al. Reference-based analysis of lung single-cell 59. Dosovitskiy, A. An image is worth 16x16 words: transformers
sequencing reveals a transitional profibrotic macrophage. forimage recognition at scale. Preprint at https://arxiv.org/
Nat. Immunol. 20, 163-172 (2019). abs/2010.11929 (2020).
51. Hao, Y. et al. Integrated analysis of multimodal single-cell data. 60. Rodriques, S. G. et al. Slide-seq: a scalable technology for
Cell 184, 3573-3587 (2021). measuring genome-wide expression at high spatial resolution.
52. Lee, J. L. & Schaffenrath, L. Benchmarking_tissue_preparation_ Science 363, 1463-1467 (2019).
pilotdata. Zenodo https://doi.org/10.5281/zenodo.11410274 61. Chen, A. et al. Spatiotemporal transcriptomic atlas of mouse
(2024). organogenesis using DNA nanoball-patterned arrays. Cell 185,
53. Hu, J. et al. SpaGCN: integrating gene expression, spatial 1777-1792 (2022).
location and histology to identify spatial domains and spatially 62. Vickovic, S. et al. High-definition spatial transcriptomics for in situ
variable genes by graph convolutional network. Nat. Methods 18, tissue profiling. Nat. Methods 16, 987-990 (2019).
1342-1351(2021). 63. Kim, J. et al. Unsupervised discovery of tissue architecture in
54. Pham, D. et al. Robust mapping of spatiotemporal trajectories multiplexed imaging. Nat. Methods 19, 1653-1661 (2022).
and cell-cell interactions in healthy and diseased tissues. 64. Hu, Y. et al. Unsupervised and supervised discovery of tissue
Nat. Commun. 14, 7739 (2023). cellular neighborhoods from cell phenotypes. Nat. Methods 21,
55. Xu, H. et al. Unsupervised spatially embedded deep 267-278 (2024).
representation of spatial transcriptomics. Genome Med. 16, 12
(2024). Publisher’s note Springer Nature remains neutral with regard to
56. Singhal, V. et al. BANKSY unifies cell typing and tissue domain jurisdictional claims in published maps and institutional affiliations.
segmentation for scalable spatial omics data analysis. Nat. Genet.
56, 431-441(2024). Springer Nature or its licensor (e.g. a society or other partner) holds
57. Varrone, M., Tavernari, D., Santamaria-Martinez, A., Walsh, L. A. & exclusive rights to this article under a publishing agreement with
Ciriello, G. CellCharter reveals spatial cell niches associated the author(s) or other rightsholder(s); author self-archiving of the
with tissue remodeling and cell plasticity. Nat. Genet. 56, 74-84 accepted manuscript version of this article is solely governed by the
(2024). terms of such publishing agreement and applicable law.
58. He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for
image recognition. In Proc. IEEE Conference on Computer Vision © The Author(s), under exclusive licence to Springer Nature America,
and Pattern Recognition 770-778 (IEEE, 2016). Inc. 2025

'Ragon Institute of MGH, MIT, and Harvard, Cambridge, MA, USA. 2Broad Institute of MIT and Harvard, Cambridge, MA, USA. *Massachusetts Institute
of Technology, Cambridge, MA, USA. *Department of Statistics and Data Science, The Wharton School, University of Pennsylvania, Philadelphia, PA,
USA. ®Center for Virology and Vaccine Research, Beth Israel Deaconess Medical Center, Harvard Medical School, Boston, MA, USA. ®Department of
Computer Science, City University of Hong Kong, Hong Kong, People’s Republic of China. ‘Dana-Farber Cancer Institute, Boston, MA, USA. 8Center of
Hepato-Pancreato-Biliary Surgery, The First Affiliated Hospital of Sun Yat-sen University, Guangzhou, People’s Republic of China. °Division of Genetics
and Genomics, Boston Children’s Hospital, Harvard Medical School, Boston, MA, USA. °Program in Biological and Biomedical Sciences, Harvard Medical
School, Boston, MA, USA. "Division of Gastroenterology/Liver Center, Beth Israel Deaconess Medical Center, Harvard Medical School, Boston, MA, USA.
“Department of Pathology, Brigham and Women'’s Hospital, Harvard Medical School, Boston, MA, USA. ®Institute for Medical Engineering and Science,
Massachusetts Institute of Technology, Cambridge, MA, USA. “Department of Chemistry, Massachusetts Institute of Technology, Cambridge, MA, USA.
>Koch Institute for Integrative Cancer Research, Massachusetts Institute of Technology, Cambridge, MA, USA. ®Department of Pathology, Stanford
University, Stanford, CA, USA. "Department of Statistics and Data Science, Yale University, New Haven, CT, USA. ®These authors contributed
equally: Bokai Zhu, Sheng Gao, Shuxiao Chen. ®These authors jointly supervised this work: Garry P. Nolan, Sizun Jiang, Zongming Ma.

e-mail: gnolan@stanford.edu; sjiang3@bidmc.harvard.edu; zongming.ma@yale.edu

Nature Immunology | Volume 26 | June 2025 | 963-974 974


http://www.nature.com/natureimmunology
https://doi.org/10.5281/zenodo.11410274
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929
mailto:gnolan@stanford.edu
mailto:sjiang3@bidmc.harvard.edu
mailto:zongming.ma@yale.edu

Technical Report

https://doi.org/10.1038/s41590-025-02163-1

Methods

CellLENS input preparation

CellLENS integrates single-cell feature expressions (for example,
protein or mRNA), cell neighborhood context and local tissue
image information for cell population differentiation and disco-
very. We first describe how to curate inputs to the CellLENS pipeline
from a typical spatial omics dataset with single-cell or subcellular
resolution.

Assume there are n cells in the dataset and we have the following
information. First, we have a cell-by-feature matrix X € R™?recording
dbiomarkers (for example, protein, gene expression) for each cell.
The ith row of X, x; € R?, records these biomarkers for the ith cell. In
addition, we have the spatial locations of the cells. When all cells are
within the same field of view (FOV), the spatial locations can be repre-
sented asan x 2matrix storing thexandy coordinates of cell centroids
within the FOV. When the dataset encompasses multiple FOVs, a FOV
identifier is alsorecorded for each cell.

Spatial proximity and feature similarity graphs. We construct two
graphs that share the same set of nodes; each node corresponds
to a cell in the dataset. The first graph is a spatial proximity graph
among cells. In this graph, each cell is connected to k, spatial nearest
neighbors within the same FOV, based on the spatial coordinates of
cells. We denote this graph by G, and its adjacency matrix A,.

The second graph is a feature similarity graph among cells. For
its construction, we first perform principal component analysis
(PCA) on the feature matrix X to obtain a reduced-dimension repre-
sentation X*¢ e R™%. We denote its ith row by x{“ fori=1, ..., n.
Then, we calculate the pairwise similarity of cells using Pearson
correlations (or other similarity measure that the user chooses)
between row pairs of X*“ and form a ki-nearest-neighbor graph by
connecting each cell to k; cells whose expression profiles are most
similar. We denote this graph as Grand its adjacency matrix by A;.

Cellular neighborhood composition. We partition all cells into
disjoint clusters by applying a clustering method on the feature simi-
larity graph G.. Ifhuman expert cell-type annotations are available, we
can regard them as cluster labels and skip the clustering step. For
all results reported in this study, we used Leiden clustering® with a
resolution level of 0.5 on G; without human intervention for initial
cell cluster label generation. These initial labels were in turn used for
the cellular neighborhood composition calculations.

Suppose there are in total p different initial cell cluster labels.
Fix a positive neighborhood size k. For the ith cell, its cellular neigh-
borhood compositionvectoris y; € R?, whichrecords the proportions
of its k; spatial nearest neighbors belonging to each of the p clusters.
The spatial nearest neighbors of each cell are determined using
the spatial coordinates of cells in the same FOV. We stack the y; values
asrow vectors to formY e R,

The generated fixed dimensional cellular neighborhood composi-
tion vector for each cell will then be concatenated with each
cell’sone-hot cluster label vector. The stacked 2p-dimensional vectors
{y?g : i=1,...,n} willbeused as the self-supervising target of prediction
inthe later LENS-GNN-duo model.

Local tissue image tensor. For the ith cell, we cropits corresponding
FOV at each channel c of interest, centered at the centroid of the
celland withawindow size of L x L, resulting in a matrix 7‘06? € Rt We
then dichotomize the cropped image at each channel c at the ath
quantile s, of all values in 7(052 to obtain an L x L matrix whose (a, b)th
entryis:

(1) s

0, otherwise

@

We concatenate the cropped and dichotomized images for all selected
channels centered at each cell to generate the final output of this step:
a 0-1-valued local tissue image tensor T, € R™*L for each cell
ie{l,2...,n},where Cisthe total number of image channels used. In this
study, the a value was set to 0.9.

Default tuning parameter choices for input curation. By default,
weset d, =25and k;=15to construct the feature similarity graph, and
k, =15 for the spatial proximity graph. For initial cell clustering, we
apply Leiden clustering with a resolution of 0.5. In addition, we set
k; =20 when computing cellular neighborhood composition vectors.
For image processing, the default choices are #=0.9, L =512 (corres-
pondingto 50-100 pum) and C = 2 (corresponding to nucleus and mem-
brane channels only to achieve robustness with respect to spatial omics
technology).

LENS-CNN for encoding local tissue image

Thefirststep of the CelILENS pipeline trainsa CNN*, called LENS-CNN,
that predicts each cell’s neighborhood composition vector y, with its
local tissue image tensor T;. After LENS-CNN is trained, we take the
fitted hidden state of each cell as an encoding vector of the cell’s local
tissue image information.

LENS-CNN encoder architecture. The LENS-CNN encoder enc( - )
maps each local tissue image tensor 7;to a code z; € RY, thatis:

z; =enc(T;) € RY 2)

We adapt the architecture of AlexNet* to form a six-layer CNN as the
encoder. The kernel sizes of the convolutional layers are 2, 3,4, 2,2
and 2, respectively, with the corresponding feature map dimensions
512,128, 63,45, 7, 3 and 2, and channel dimensions 2,16, 32, 64, 128,
256 and 512. The architecture also includes a 2 x 2 max-pooling
function after each of the first five convolution layers. Following the
convolution layers, we flatten the feature map and add three fully con-
nected layers with the output dimensions of 1,024, 512 and 128, respec-
tively. The final output dimension of the LENS-CNN encoder is thus
g =128. To map z;to a predicted neighborhood composition vector
y: € R?, we add a fully connected layer and a nonlinear activation
function on top.
In particular, we set:

Ji=Wz)+b €))

where W € R and b € R? are learnable parameters and ¢ is the
rectified linear unit (ReLU) function:

@(x) = max(x,0) 4)

(see Extended Data Fig. 1 for a schematic plot of the LENS-CNN
architecture).

After training, this step outputs fitted coding vectors
{z; € R9 : i=1,...,n}forusein the subsequent steps of CellLENS.

LENS-CNN training. The learnable parameters in enc(-) and in
equation (3) are trained jointly by minimizing the mean squared
error between the true and predicted neighborhood composition
vectors. In other words, the loss function for training LENS-CNN is

1S
LY.V = = 30113 =yilly ®)
i=1

In our implementation, LENS-CNN is trained by the Adam opti-
mizer with a learning rate of 10, weight decay of 0 and batch size of
64 for 400 epochs.
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LENS-GNN-duo for learning cell population representation
Inthe second step of CellLENS, which we call LENS-GNN-duo, we train
a pair of GNNs with an overarching MLP head* to predict each cell’s
neighborhood-composition-plus-cell-cluster vectors, using both its
feature expressions and its local tissue image encoding. The nodes of
the graphsunderlying the two GNNs are shared and correspond to the
individual cellsin the dataset. The underlying edge structures among
thenodes are different and are given by the feature similarity graph G;
and the spatial proximity graph G, respectively. For the ithnode (that
is, cell), its nodal covariates in G;include feature expressions x; € R%;
its nodal covariatesin G;include local tissue image encoding z; € RY.

By training these learnable parameters in the LENS-GNN-duo
architecture, we aim to smooth feature expression and local tissue
image information based on message passing on G;and G,, respectively,
and to integrate them via the overarching MLP to predict the target
vector foreachcell. The cell state representation will be the concatena-
tion of the outcomes of message passing on the pair of graphs after
the modelis properly trained.

LENS-GNN-duo architecture. For message passing on the feature
similarity graph G, we first curate theinitial nodal covariate at node i as

ADT = p(W O x, 1 O ©)

Here, WOf ¢ pdxn and b(@f ¢ R are learnable parameters, and the
RelUactivation function ¢ (defined in equation (4)) is applied element-
wisely on the entries of the vector in parentheses.

The collection of the initial nodal covariate vectors
{h"" : i=1,....n}isused as theinput toa GNN with network structure
G; (that is, expression GNN in Fig. 1). To enable message passing
across neighboring cells, we adopt the notion of graph convolution
layer fromref. 23, which can be viewed as alocalized first-order approxi-
mation to spectral graph convolution. We stack {h?)’f ti=1,..,n}as
the row vectors of HOf e rn, We define A¢ = A¢ + I,, where A, is the
adjacency matrix of G;and /, is the n-by-n identity matrix. The matrix
A¢ is the adjacency matrix of the graph G; obtained from adding
a self-loop to each node in G;. We further define Dy as the diagonal
matrix with (Dy),, = Z,’-;l (Ap)y, fori=1, ..., n, which records the degree
of each node in G;. With the foregoing definitions, the message-
passing convolution on G¢can be written as:

1 1
H®E = D2 4D, 2 HOSW O
@)
1 1
HOMW — bf‘i ;"fbf_iq)(l_,(z),f)w(z),f

Here, WO € rnx2 and W € R are learnable parameters. The
ReLU activation function ¢ is applied elementwisely on H®. The
row vectors of H¥*and H®" are denoted by (h®' : i=1,...,n} c R"
and {(h®* : i=1,....n} c R, respectively.

In an analogous way, we define G, A and D, based on the spatial
proximity graph G,. We stack the output of LENS-CNN for each cell
into Z € R™4, The initial nodal covariate and message passing on the
graph neural network with network structure G, (that is, spatial GNN
inFig.1) is defined as:

HOS = (2005 +1,60%))
1 1
H®s — 55‘5 A, 55‘ 2 OS5 (8)

1

_1
H(3),s - 55 ZZSBS 2¢(H(2)’S)W(2)'S

Here, 1,is the all-one vector in R”; b0 g R, Whs g Raxa, s g Raxt
and W®s ¢ Rz are all learnable parameters; and the ReLU function
¢ is applied elementwisely in both instances. The row vectors

of H?* and H®* are denoted by {h®*:i=1..,n}c Rz and
{h®* :i=1,....,n} c RS, respectively.

Giventhe outcomes of message passing on both graphs, we define
fori=1,...,n:

KO =60 ()] eres ©

as the input to the MLP head for predicting the neighborhood-
composition-plus-cell-cluster-annotation vector. Here p, = r; + t;. We
stack {/{” : i=1,...,n} as rows of H® e R™_ The next layers of the
MLP are defined as

HO = pHOYWO 4 1,(5©) ©
H® = p(HOWD +1,(6®)"

Here W© g groxp, WM ¢ rpx2, p© e gPrand b e R are all learn-
able parameters, and ReLU activation ¢ is applied elementwisely.
Finally, wedefine $® = h*as the predicted neighborhood-composition-
plus-cell-cluster-annotation vector for the ith cell, where 1 is the ith
row vector of H? and

u; = hEO) 12)
asitsrepresentation. The representationvectors{u:i=1,...,n} are used
inthe downstream analysis.

LENS-GNN-duo training. Given the predicted and ground-truth
target vectors, thatis, (' : i=1,...,n}and ) : i =1,...,n}, we define
theloss function of LENS-GNN-duo as

. 14, .
Ly(ve, &) = = 3 |5 - ¥iElly 13)
i=1

where Y € R™% is the matrix of the concatenated neighborhood
composition and cell cluster vectors, and 78 € R™2 is a matrix with
the ith row being the predicted vector j)fg.

By default, the hidden dimensions of LENS-GNN-duo are set at
r=r,=t;=t,=32,r;=33,t;=11and p, = 33. By definitionp, = r; + t; = 44.
LENS-GNN-duo is trained by the Adam optimizer, with alearning rate
of 10 and weight decay of 0, and with asingle batch for 3,000 epochs.

To improve the stability of the learned embedding vectors
{uzi=1, ..., n}, we propose training LENS-GNN-duo for m rounds. In
the [th round, we stack the learned embeddings as row vectors of
Uy € R™Po, After obtaining Uy, [=1,...,m, we construct the following:

U= [Uy) - Ul € RX(mpo) (14)
Then, we compute the p, leading left singular vectors of U, collected
as the columns of L € R™o, and the corresponding singular values,
collected as the diagonal entries of the diagonal matrix D e RPoXPo, Our
final learned embedding vectors are taken to be the row vectors
of LD e R™o, that s,

(15)

(see Extended Data Fig. 1 for a schematic plot of the LENS-GNN-duo
architecture and the representation generation).

Cell population identification on CellLENS representations
The CellLENS representation vector of the ith cellis u; € RPe.It combines
complementary information from multiple domains in spatial
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omics data. The additional information provided by cellular neighbor-
hood and local tissue images enables improved cell population dif-
ferentiation and discovery at a finer granularity than that enabled by
feature expression alone.

To this end, we construct anew graph G, with cells as nodes. Each
celliisconnectedtoits k.-nearest neighbors measured using Euclidean
distance in the representation vector space. In other words, celljis
connected to i in G,, if u; is among the k, closest points to u; in RPo, or
vice versa. Then, we perform Leiden clustering® on G, to find cell clus-
ters, followed by cell-type annotation processes, similar to the proce-
dure performed in conventional single-cell studies. For benchmarking
purposes, all final clusters presented in this study used the same set of
parameters for Leiden clustering (resolution =1).

Recallthateach cell hasacoarseinitial cell populationlabel.Inthe
last step, werefine the clustering result on CellLENS representation by
singling out in each cluster any initial cell population that is primarily
containedinthe current cluster, provided that the current cluster also
includes a substantial fraction of cells from other initial cell popula-
tions (by default, when the composition of initial cell populations in
the currentcluster, when viewed as adiscrete probability distribution,
leads toaShannon entropy > 0.75). Further details are documentedin
function cluster_refineinthe GitHub repository (https://github.com/
sggao/celllens/).

Benchmarking against other methods
For all methods benchmarked initially: (1) for ‘feature’, the single-cell
expression profile first underwent PCA dimension reduction, and the
first 30 principal components (or maximum feature numbers) were
used as input; (2) for ‘concat’, the 30-component feature PCA was
directly concatenated with the neighborhood composition vector and
used asinput; (3) for ‘CCA’, the function cross_decomposition fromthe
Python package ‘sklearn’ were applied on the feature expression vec-
tor and the neighborhood composition vector; subsequently the CCA
embeddings of the feature datawere used as the CCA representation;
(4) for ‘MOFA+, the feature expression vector and the neighborhood
composition vector were used as the input for the R package ‘MOFA2’
with default parameters; (5) for ‘SPICEMIX’, single-cell expression
profiles along with cell spatial adjacency information were used as the
input for SPICEMIX?°, and default parameters were implemented and
trained with epochs =200; (6) for ‘MUSFE’, we first extracted images
from eachindividual cell, using the same nuclear and membrane chan-
nels asimplemented in CellLENS. The single-cell level whole-cell seg-
mentation masks were retrieved directly from the original datasource.
These images, alongside the single-cell expression profile, were used
asinput for MUSEY; the subsequent steps used default parameters.
During revision, we further expanded the collection of methods
to benchmark against, which includes: (7) for SpaGCN**, the nuclear
and membraneimages (combined together in RGB format) along with
the cell locations and expression profiles were used as the input and
run with default parameters (epoch = 250). Because of memory limit,
SpaGCN canonly be runon datasets with fewer than approximately 50k
cells; thus, for datasets exceeding this number, arandom subregion of
thetissue was cropped and used for benchmarking; (8) for stLearn**, cell
locations and expression profiles were used as the input and run with
default parameters (PCA =30 or maximum feature numbers); (9) for
SEDR¥, cell locations and expression profiles were used as the input and
runwith default parameters (PCA = 30) or maximum feature numbers);
(10) for BANKSY?, cell locations and expression profiles were used as
the input and run with default parameters (PCA =30) or maximum
feature numbers (lambda = 0.2; k_geom =15); (11) for CellCharter, cell
locations and expression profiles were used as the input and run with
default parameters (PCA =30) or maximum feature numbers; n_lay-
ers = 3). Finally, to calculate the quantitative metrics for clustering
performance evaluationin each dataset across methods, five batches,
eachwith10,000 randomly selected cells from the data, were used.

Evaluation metrics that do notrequire ground-truth labels were
used for benchmarking each embedding’s performance during clus-
tering. We used four metrics: the silhouette score”; the Davies-
Bouldin index®; the Calinski-Harabasz index®’; and the modularity
score®. For the silhouette score, Davies-Bouldin index and Calinski-
Harabasz index, the metrics were calculated by first generating a
subset of data containing 10,000 randomly selected cells; then,
we used Leiden clustering to produce K numbers of clusters on the
subset, where K spanned from 5to 30. Lastly, we used the functions
silhouette_score, davies_bouldin_score and calinski_harabasz_score
from the Python package sklearn.metrics to generate the respective
metrics with each k clustering result. This process was then repeated
five times. For the modularity score, the metric was calculated by
first generating a subset data containing 10,000 randomly selected
cells, thenwe used function find_partition (from the Python package
leidenalg) with partition_type = RBConfigurationVertexPartition
and different resolution y values to generate the graph partitions.
The y values ranged from 0.5 to 2.6. Then, the modularity scores
(based on the partition at each individual resolution value) were
extracted. Note that this clustering process does not optimize for the
modularity score itself. Lastly, the modularity score was extracted
from the find_partition results, and this process was then repeated
five times.

Scalability testing

We created a collection of datasets with ranging cell numbers by
subsetting and duplicating the Xenium tonsil dataset: datasets witha
size of approximately 10k and 50k were generated by randomly crop-
pingaregionin the whole tissue; a dataset of size approximately 150k
is the original version; datasets of size approximately 500k and 1,500k
were generated by duplicating the original dataset three times and
ten times, respectively. Subsequently, we implemented the CellLENS
process on these datasets, using an NVIDIA A5000 graphics process-
ingunitand aPCle 4.0 solid-state drive disk. The runtime and memory
usage during different CelILENS steps were recorded using the wandb
package and application programming interface interface.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

This study did not generate any new experimental data. The CODEX
spleen dataset was generated from ref. 2 and the original data can
be accessed at https://data.mendeley.com/datasets/zjnpwh8m5b/1.
The Xeniumtonsil dataset was generated fromref. 35, and the original
data can be accessed at https://www.10xgenomics.com/datasets/
human-tonsil-data-xenium-human-multi-tissue-and-cancer-panel
-1-standard. The Xenium LN dataset was generated from ref. 38, and
the original data can be accessed at https://www.10xgenomics.com/
datasets/preview-data-xenium-prime-gene-expression. The CODEX
tonsil dataset was generated from ref. 34, and the data can be found
in our Zenodo link https://doi.org/10.5281/zenodo0.14617085. The
CODEX cHL dataset was generated from ref. 39, and the original data
is available via Zenodo at https://doi.org/10.5281/zenodo.10067010
(ref. 66). The CosMx liver dataset was generated from ref. 42, and
the original data can be accessed at https://nanostring.com/
products/cosmx-spatial-molecular-imager/ffpe-dataset/human-
liver-rna-ffpe-dataset/. For convenient access to this study’s data,
the files are available via Zenodo at https://doi.org/10.5281/
zenodo.14617085 (ref. 65).

Code availability
The CellLENS Python package, along with the code used in this study,
isavailable via GitHub at https://github.com/sggao/celllens/.
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Extended Data Fig. 1| Detailed illustration of LENS-CNN and LENS-GNN-duo model architectures in the CelILENS pipeline. The simplified versions are presented
inFig. 1. Additional details on CellLENS model architectures are described in the Methods section. Related code is deposited in the GitHub repository with
documentation (see the Code Availability section for details).
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Extended Data Fig. 2| Refined B cell subpopulations discovered by CelILENS
inatonsil CODEX dataset. (A) Metrics evaluation of clustering performances

on CODEX human tonsil tissue. Embeddings/representations of cells, from

7 different methods, were used as input: CelISNP representation, feature (protein
expression table), concact (protein expression + neighborhood composition
table), CCArepresentation, MOFA+ representation, SpiceMix representation,
and MUSE representation. Clusters (for the calculation of Silhouette score, CH,
and DB index) were generated with Leiden clustering using the same parameters.
(B) UMAP visualization of the embedding and Leiden clustering result (cc:
CellLENS clusters; fc; feature-only clusters). Left panel: CellLENS embedding;
Right panel: feature expression table. (C) Zoom-in of the UMAP visualization of

B cells (green), germinal center B cells (purple), and replicating non-GC cells

(red) on CellLENS embedding (left) and feature-only embedding (right). Cells
colored according to cell populations identified using CellLENS clusters in both
UMAPs. (D) Zoom-in of the UMAP visualization of the same cell types shownin C,
but colored by cluster numbers from CellLENS embedding (left) and feature-only
embedding (right). CellLENS successfully separated replicating non-GC cells
from GC B cells (c10 and c8), where feature-only failed (c8 partial). (E) B celland
replication-related marker expression (z-normed) heatmap. Left panel: clusters
from CellLENS; Right panel: clusters from feature-only. (F) Visualization of cell
type locations: B cells (green), GC B cells (purple), and replicating non-GC cells
(red). Based on the location, replicating non-GC cells should not be mixed with
GCB cells, as shown in the clustering result from feature-only.
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Extended DataFig. 3 | Refined rare immune subpopulations discovered
by CellLENS ina lymph node Xenium dataset (5k gene panel). (A) UMAP
visualization of the embedding and Leiden clustering result (cc: CellLENS
clusters; fc; feature-only clusters). Left panel: CellLENS embedding; Right panel:

feature expression table. (B) Heatmaps of top 10 mRNA marker genes for each

cluster. Clusters from feature-only representation with Leiden
wereidentified via function ‘FindALLMarker’ in R package ‘Seu

clustering. Genes
rat’.(C) Same

heatmap setup but clusters from CellLENS representation with Leiden clustering.
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Extended Data Fig. 4 | Supplementary plots illustrating the application of
CelILENS on the human HCC CosMx-SMI data in Fig. 5. (A) UMAP visualization
ofthe embedding and Leiden clustering result (cc: CelILENS clusters; fc; feature-
only clusters). Left panel: CellLENS embedding; Right panel: feature expression
table. (B) Heatmaps of top 10 mRNA marker genes for each cluster. Genes
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Extended Data Fig. 6 | Comprehensive benchmarking with additional
methods. A total of 12 methods are benchmarked here: CellLENS (our method).
SpaGCN: Designed for spot-level spatial modalities (to identify spatial domains).
StLearn: Designed for spatial modalities (to identify cell populations). SEDR:
Designed for spatial modalities (to identify cell populations). MUSE: Designed
for single-cell spatial modalities (to identify cell populations). SpiceMix:
Designed for spatial modalities (to identify cell populations). BANKSY:
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CellCharter: Designed for spatial modalities (to identify spatial domains).
MOFA+: Designed for general modalities. CCA: General statistical procedure
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CelILENS and SpaGCN on CODEX mouse spleen data. While initially designed described in Fig. 2. SpaGCN failed to identify the various B cell subpopulations
for spot-level spatial-omics data, SpaGCN could run on the whole CODEX mouse captured by CellLENS.

spleendata (- 50k cells). We compared the cell type delineation ability between

Nature Immunology


http://www.nature.com/natureimmunology

Technical Report

https://doi.org/10.1038/s41590-025-02163-1

CosMx HCC (compare to SpaGCN)

A Leiden clustering (res=1) on CellLENS representation
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Extended Data Fig. 8| Comparison between embeddings generated by
CelILENS and SpaGCN on CosMx HCC data. While initially designed for
spot-level spatial-omics data, SpaGCN could run on the whole CosMx-SMI
human HCC data (- 50k cells). We compared the cell type delineation ability
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between the embeddings from CellLENS and SpaGCN. The figure setup is the
same as described in Fig. 5. SpaGCN failed to identify the various Macrophage
subpopulations captured by CellLENS.
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A CellLENS model loss compared to using pretrained models for image feature extraction
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Extended Data Fig. 9 | Loss quantification of the CellLENS model when using
differentimage feature extraction processes. (A) We compared the CellLENS
model training losses, across three CellLENS variations: 1) Default CellLENS,
where the imaging feature extraction partis done by training an Alex-Net like
CNN encoder (supervised by local cell type neighborhood composition vector).
2) CellLENS with a pre-trained ResNet50, where the image features were directly
extracted with the pre-trained ResNet 50 model, flattened, and reduced toa
vector with 128 dimensions. This vector is swapped with the originalimage
feature vector obtained from the retrained Alex-Net model, and the rest of the
CellLENS training process remains the same; 3) CellLENS with a pre-trained ViT

(transformer), using a similar process as the pre-trained ResNet50in (2).

(B) We compared the losses from three CelILENS variations: 1) CelILENS default
with Alex-Net as described above. 2) CelILENS but swapping out the Alex-Net
architecture with a ResNet50 architecture, and retraining its weights (initialized
at pretrained weights). 3) CellLENS but swapping out the Alex-Net architecture
witha ViT architecture, and retraining its weights (initialized at pretrained
weight). The model loss was calculated the same as described in the Methods
section paragraph ‘Information retrieval efficacy evaluation of the LENS-GNN duo
module’. In these cases, we implemented a 80/20 train test data split. Retraining
was only done on the train data, and loss values were calculated on test data.
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CellLENS run time and memory usage benchmark (with NVIDIA A5000 and SSD disk)

GPU memory usage (MB) during Run time (hrs) for Run time (hrs) for
different CellLENS stages different variation of LENS-CNN stages LENS-GNN stage
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Extended Data Fig. 10 | Memory and run-time benchmarking for training training stages of CellLENS, across variable cell numbers. Middle panel: Run-

CelILENS on datasets of different sizes. We ran CelILENS on increasing numbers times of CellLENS CNN training stage. Recorded run-time for both default
of cells: ~10k, ~50k, ~150k, ~500k, ~1.5 mil, and recorded the memory and run-time LENS-CNN or LENS-CNN with a ViT architecture. Right panel: Run-time of
statistics. The benchmarking was performed on an NVIDIA A5000 GPU with an CellLENS GNN training stage.

SSD disk (PCle 4.0) for I/0. Left panel: GPU memory usage during CNN and GNN
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