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Charting spatial ligand-target activity
using Renoir

Narein Rao1, Tanush Kumar 2,16, Dina Kazemi3,16, Shaozhi Hou3,4,
Atefeh Khakpoor3,4, Merrin Mary Eapen3,4, Rhea Pai5,6, Liang Qiao 7,
Archita Mishra8,9,10, Florent Ginhoux 11,12, Jerry Kok Yen Chan13,
Jacob George 7, Ankur Sharma 3,4,5,6,13 & Hamim Zafar 1,14,15

The advancement of single-cell RNA sequencing and spatial transcriptomics
has enabled the inference of cellular interactions in a tissue microenviron-
ment. Despite advances in cell-cell interaction inference, methods capable of
mapping the influence of ligands on downstream target genes across spatial
niches harboring specific cell type composition, crucial for resolving niche-
specific relationship between ligands and their downstream targets are still
lacking. Here, we present Renoir for charting the ligand-target activities across
a spatial topology, delineating spatial communication niches harboring spe-
cific ligand-target activities and spatially mapping pathway-level activity of
genesets. Across spatial datasets with varying resolution (spot to single-cell)
ranging from development to disease, Renoir infers cellular niches with dis-
tinct ligand-target interactions, spatially maps pathway activities, and identi-
fies context-specific cell-cell interactions, including hepatocyte-macrophage
interactions in fetal liver and interactions between onco-fetal and bipotent
cells in hepatocellular carcinoma. Renoir uncovers biological insights and
therapeutically-relevant cellular crosstalk from spatial transcriptomics data.

Coordination among the cells drives various functions in a multi-
cellular tissue, where cellular decision making is influenced by inter-
actions with the environment composed of extrinsic stimuli and other
cells. These interactions, also known as cell-cell communication (CCC)
play a crucial role in tissue development, biological processes, and
functions1. Recently emerged single-cell RNA sequencing (scRNA-seq)
technologies have made it possible to analyze tissue architecture and

developmental trajectories at the resolution of individual cells2–4 and
have shown great potential in investigating CCC5. Computational
methods have been developed for inferring cell-cell communication
and mediating ligand-receptor (LR) pairs from scRNA-seq datasets by
utilising ligand-receptor databases6,7. These methods, including
CellChat7, CellphoneDB6, iCELLNET8, NATMI9, scTensor10, and
SingleCellSignalR11 mostly rely on defining functions based on the
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expression of ligand and receptor pair. Beyond ligand-receptor inter-
actions, methods such as NicheNet12, Cytotalk13, SoptSC14 and
CCCExplorer15 focused on inferring the effects of ligand-receptor
interactions on possible downstream target gene expression in the
receiving cells. While these methods have provided biological insights
based on single-cell datasets, they often generate false-positives by
failing to account for the spatial context of cell type arrangement in the
tissue, as the spatial location information is not captured in scRNA-seq
data. Retaining the spatial context is of paramount importance in CCC
inference as cellular communications are often spatially constrained,
where signalling pathways are activated when ligands diffuse from
sender cells to neighbouring receiver cells in close proximity10.

Recent breakthroughs in sequencing16,17 and imaging-based18

spatial transcriptomic technologies have enabled the measurement of
gene expression profiles at varying cellular resolutions from single-
cells to spots consisting of multiple or fractions of cells while preser-
ving the spatial context information for the cells or spots. Such data-
sets have beenutilized for spatiallymapping cells fromscRNA-seq data
for inferring ligand-target interactions (e.g., SpaOTsc19). Moreover,
CCC inferencemethods that specifically use spatial data have also been
developed. Methods such as Giotto20 and NCEM21 use a spatial neigh-
bor graph for inferring cell-cell interactions; CellPhoneDB v322 uses the
spatial information to define microenvironments within which inter-
actions are restricted; stLearn23 and SpatialDM24 rely on the co-
expression of ligand and receptor genes in relation to the spatial
location diversity; SVCA25, MISTy26 and COMMOT27 use probabilistic
model, machine learning model and optimal transport, respectively
for identifying spatially restricted ligand-receptor interactions. How-
ever, most of these methods focus on ligand-receptor interactions;
they do not examine the effect of the cell-cell interaction on the
downstream target gene expression. Moreover, most of these meth-
ods aim to uncover the interacting cell types globally and thus may be
less sensitive in identifying local interactions. While a handful of
methods, including COMMOT, stLearn, and SpatialDM can compute
ligand-receptor interactions at the resolution of a spatial location, they
fail to quantify the activity of ligand-target gene pairs at equivalent
resolution given a specific spatial context, even after the adoption of a
ligand-target database. Robust estimation of ligand-target activity
requires consideration of the abundance of sender and receiver cell
types at a spatial context and the expression of the cognate receptors
by the receiver cell type28. Ligand-mediatedmodulation of target gene
expression can only occur if a cognate receptor of the ligand is
expressed by the recipient cell. Furthermore, the existing methods
employing low-resolution spatial datasets (e.g., 10x Visium) cannot
quantify cell type-specific interactions from the heterogeneous mix-
ture of cell types within individual spots1,28. This represents a critical
limitation, as different signaling pathways exhibit strong cell type-
specificity29. For example, tumor necrosis factors (TNFs), multi-
functional pro-inflammatory cytokines, are known to regulate
expression of a large number of genes in a cell-type-specificmanner by
binding to and activating two distinct receptors: TNF receptor 1
(TNFR1) and TNFR230. Finally, as existing computationalmethods were
primarily developed for low-resolution spatial datasets, their applica-
tion to emerging single-cell resolution platforms, such as NanoString
CosMx and 10xXenium,may yield suboptimal results. Deciphering the
influence of ligands on target gene expressions in receiving cells in a
tissue microenvironment with unique cell type composition remains a
central challenge, underscoring the need for robust computational
approaches capable of elucidating such context-specific signaling
dynamics.

To address these challenges, here we introduce Renoir (ligand-
taRget interactions across spatial topography), an end-to-end com-
putational framework for spatially charting the ligand-target activities
and inferring spatial communicationniches thatharbor specific ligand-
target activities and cell type composition. Renoir requires single-cell

resolution spatial transcriptomic data or matched low-resolution
spatial transcriptomic data and scRNA-seq data from the same tissue
to delineate the spatial activity of candidate ligand-target pairs curated
from an existing database12. Therefore, Renoir allows one to determine
which ligands lead to the activation of which target genes in a given
spatial context. For each curated ligand-target pair, Renoir quantifies a
neighborhood activity score for each spatial location in the spatial
transcriptomicsdata by integrating the cell type abundances, cell type-
specific mRNA abundance values of the ligand and target genes,
expression of suitable receptors for the ligand in the cell type har-
boring target gene, cell type-specific gene entropymeasures, and a cell
type-specific mutual information between the ligand-target pairing as
obtained from single-cell resolution spatial data or scRNA-seq data.
The neighborhood activity score computed by Renoir denotes the
strength of the ligand-target activity within the context of a spot’s
neighbourhood. In addition to mapping potential ligand-target rela-
tionships throughout a spatial topology, the neighborhood scores
computed by Renoir further enable a wide variety of downstream
analyses. Using the neighbourhood scores, Renoir can infer commu-
nication niches, which constitute tissuemicroenvironments harboring
specific ligand-target activities pertaining to major co-localized cell
types. The neighborhood scores also allow for the spatial mapping of
the total activity of gene sets corresponding to well-established sig-
naling pathways, as well as inferred de novo through unsupervised
clustering. Renoir can also identify the major ligands active in a com-
munication niche and rank them based on their cumulative activity
across the target genes expressed in the niche. Using a wide range of
synthetic datasets generated across a variety of tissue types (brain,
cancer, and intestine) as well as real datasets, we demonstrate that
Renoir outperforms the state-of-the-art methods in inferring spatial
activity of ligand-target pairs and communication niches. To demon-
strate Renoir’s ability to generate spatial maps of ligand-target activ-
ities across diverse tissue contexts and spatial transcriptomics
platforms, we apply it to datasets spanning development and disease,
including adult mouse brain and human triple-negative breast cancer
(TNBC) profiled with 10x Visium, as well as human fetal liver profiled
with the higher-resolution 10xVisiumHD technology, forwhichRenoir
uncovers distinct spatial domains characterized by specific ligand-
target activities. Renoir characterizes the interactions of regional
astrocyte subtypes with other spatially co-localized cell types in the
mouse brain, identifies several spatially restricted interactions
between cancer, stromal, and immune cell populations in TNBC, and
uncovers hepatocyte-macrophage interactions in developing fetal
liver. To further demonstrate Renoir’s ability to handle single-cell
resolution spatial datasets, we apply it on NanoString CosMx and 10x
Xenium datasets from hepatocellular carcinoma, for which Renoir
identifies interactions between onco-fetal cells and bipotent stem like
cells mediated by interleukins, which we validate using cell line
experiments.

Results
Charting spatial ligand-target interactions using Renoir
In order to build a comprehensive computation framework to inves-
tigate spatial cell-cell interactions, we developed Renoir. As shown in
Fig. 1a, Renoir is anend-to-end computational framework for exploring
the spatial map of ligand-target activities either by integrating spatial
transcriptomics and scRNA-seq datasets from the same tissue or by
employing single-cell resolution spatial transcriptomics data. Renoir
first curates a set of ligand-target pairs usingNATMI’s ConnectomeDB9

and NicheNet12. For a low-resolution spatial transcriptomic dataset
(e.g., 10x Visium), using a cell type-annotated scRNA-seq data, Renoir
quantifies a neighborhood activity score for each curated ligand-target
pair for each spot in the spatial transcriptomic data. For a single-cell-
resolution spatial transcriptomic data, Renoir quantifies the neigh-
borhood activity score for each curated ligand-target pair for each cell

Article https://doi.org/10.1038/s41467-026-72388-7

Nature Communications |         (2026) 17:3983 2

www.nature.com/naturecommunications


Fig. 1 | Overview of Renoir. a Renoir utilizes either spot-resolution spatial tran-
scriptomic data and cell type-annotated scRNA-seq data from the same tissue or
single-cell resolution spatial transcriptomic data to infer spatial neighborhood
activity scores for a set of curated ligand-target pairs at each spot.bToestimate the
neighborhood activity score for a ligand-target pair l − t at a given spot S1; Renoir
utilizes cell type abundance, cell type-specific mRNA abundance for each spot as

inferred by a cell type deconvolution module, expression of the receptor at the
target cell types, gene entropy andmutual information between l − t specific to cell
types. c Renoir performs various downstream tasks based on the ligand-target
neighborhood scores - inference of spatial communication domains and domain-
specific ligand-target activities, spatial mapping of pathway activity and ranking of
ligand activity.
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with a spatial context. The quantification of the neighborhood activity
score for a specific ligand-target pair for a particular spot is performed
using the cell type proportions and cell type-specific mRNA abun-
dances present in each spot/cell within the defined neighborhood of
the spot/cell (see Methods for details). The activity between a ligand-
target pair for the given spot and another spot in the neighborhood is
scored based on the cell type-specific mRNA abundances of the two

genes weighted by the cell type proportions as well as the mutual
informationbetween the twogenes across the cell types presentwithin
the two spots (Fig. 1b). Thus, Renoir generates a neighborhood activity
score matrix (of dimensions number of ligand-target pairs × number
of spots). Using the ligand-target neighborhood activity score matrix,
Renoir performs several downstream analyses (Fig. 1c). First, Renoir
infers spatial communication domains through unsupervised
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clustering of spots based on ligand-target neighborhood activity
scores and determines communication domain-specific ligand-target
activities. Moreover, Renoir can infer cell type-specific ligand-target
activities within a communication domain. Renoir further provides an
algorithm for ranking the ligands within a communication domain
basedon their cumulative activity across target genes expressedby the
major cell types in the domain. Renoir also provides a mapping of
pathway-level activity across spots and communication domains.
Finally, Renoir encompasses a visualization module for the visualisa-
tion of ligand-target activity across spots as well as a Sankey plot that
provides an overview of user-specified ligand-target activities across
cell types and communication domains.

Renoir outperforms state-of-the-artmethods in inferring ligand-
target interactions
We first evaluated Renoir’s performance in inferring the spatial activity
of ligand-target pairs using simulated datasets generated using a semi-
synthetic enrichment-based simulation workflow (Fig. 2a, seeMethods
for details). Specifically, based on paired single-cell and spatial data-
sets, we simulated new spatial datasets, where activity of a ligand-
target pair was simulated in reference spatial locations (positive
reference spots) through the enrichment of cell types associated with
the ligand and target gene. Moreover, the simulated datasets also
contained spatial locations which did not harbor any activity between
the ligand and target (negative reference spots). To comprehensively
cover the range of interactions across tissue types, we used three
referencematched scRNA-seq and ST datasets from human intestine31,
triple negative breast cancer (TNBC)32 and dorsolateral prefrontal
cortex (DLPFC)33 for simulation. The simulation workflow as described
in Fig. 2a was applied to generate 43, 15, and 26 simulated datasets
corresponding to the human intestine, TNBC, and DLPFC datasets,
respectively, where each simulated dataset enriched a specific ligand-
target interaction. Since Renoir quantifies ligand-target activity at a
specific spatial context and is the only method (to the best of our
knowledge) to do so, contrary to the other cell-cell interaction meth-
ods, which infer ligand-receptor interactions by employing the spatial
data, as competitor methods, we selected state-of-the-art ligand-
receptor interaction inference methods COMMOT27, stLearn34 and
SpatialDM24. These three methods are capable of quantifying ligand-
receptor interactions at the resolution of spatial spots, andweadopted
them for quantifying ligand-target activity fromour simulateddatasets
(Supplementary Table 1). The performance of each method was eval-
uated based on a spatial activity accuracy metric that computes the
Pearson correlation of the spot-level ligand-target activity score
quantified by a method with the true simulated activity of the ligand-
target pair in the positive and negative reference spatial locations (see
Methods for details). In addition, we also compared the methods in
terms of precision and recall (see Methods) for the ligand-target pairs
to evaluate their ability to distinguish the spots harboring ligand-target
interactions from the spots devoid of such interactions.

In each simulated dataset across the tissue types, Renoir was able
to capture the ligand-target interactions more precisely. To illustrate,
we consider the ligand-target pair A2M-MYC, simulated from the

human intestine dataset (Fig. 2b), where the positive (blue) and
negative (red) reference spots included enrichment and abatement of
said ligand-target pair interaction, respectively, as is also evident from
the spatial expression plot of the two genes. Amongst the positive
spots,we observedRenoir’s ligand-target activity scores to truly reflect
the enriched spots with high scores as compared to COMMOT and
stLearn.While SpatialDMhad high scores for positive spots, it also had
scores all across the tissue and failed to differentiate the positive and
negative spots appropriately. Renoirwas also able to correctlyquantify
the absence of ligand-target interactions in the negative reference
spots. In comparison, all three competitor methods showed false-
positive activity of the gene pair in multiple negative spots (red
bounded regions labeled 1, 2 and 3) with near obsolete A2M and MYC
expression. Renoir is capable of computing the activity of a ligand-
target by considering the expression of a suitable receptor at the
receiving cell. To showcase this, we considered the pair IFNG:JCHAIN,
simulated using the TNBC dataset, where IFNG was associated with
Natural Killer T Cells (NKT Cells) and CD8+ T Cells; and JCHAIN was
associated with B Cells and Dendritic Cells (DCs). However, B cells do
not express a receptor for IFNG (Supplementary Fig. 1a) and thus the
IFNG secreted fromNKTCells or CD8+ TCells cannot activate JCHAIN in
B cells. Therefore, the positive reference spots harbored interactions
with DCs as the target cell type, whereas the negative spots contained
the enrichment of B cells as the target cell type (see Methods section
for more details). In this scenario, by accounting for the presence of
suitable receptors while calculating ligand-target activity scores,
Renoir correctly scored the negative spots with negligible scores;
whereas other methods failed to consider such scenarios and there-
fore incorrectly gave high scores to the negative spots as depicted by
the red bounded regions (Supplementary Fig. 1a). Similarly, for the
DLPFC dataset (e.g., for the pair NPY:CARTPT) also, Renoir’s spatial
scores for the ligand-target activity weremore precise as compared to
the other methods (Supplementary Fig. 1b). SpatialDM and COMMOT
had less distinction between the positive and non-positive spots and
stLearn failed to capture the activity pattern due to the high range of
NPY expression and relatively low range of CARTPT expression.
Quantitatively, Renoir outperformed other CCC inference methods in
inferring spatial ligand-target activity byachieving45.8, 98.5, and 12.4%
improvement in themedian spatial activity accuracy across the human
intestine, TNBC, and DLPFC datasets (Fig. 2c), indicating Renoir’s
superiority in capturing the spatial variation of the ligand-target
activity. Furthermore, in terms of average precision and recall over the
ligand-target pairs, Renoir outperformed SpatialDM, COMMOT, and
stLearn across the tissue types across different threshold values used
for calculatingprecision and recall (Supplementary Fig. 1c). For varying
threshold values, Renoir was able to consistently maintain high pre-
cision and recall values across the tissue types. In comparison, the
precision and recall values for the other methods varied across data-
sets, with a method having high precision-recall for one dataset but
low precision-recall for another.

To ensure that Renoir can capture the activities of the ligand-
target pairs involved in canonical signaling pathways where the ligand
and target genes can be expressed by multiple cell types, we

Fig. 2 | Renoir outperforms state-of-the-art CCC inferencemethods in inferring
ligand-target activities. a Overview of the simulation strategy used for bench-
marking. b Comparison of Renoir, SpatialDM, COMMOT, and stLearn for the
simulated dataset for the ligand-target pair A2M-MYC simulated based on the
human intestine dataset. Positive and negative reference spots are shown in the
tissue. Regions 1, 2 and 3 contain negative spots for which SpatialDM, COMMOT,
and stLearn falesly inferred activity of the pair but Renoir correctly inferred the
absence of activity. For each method, the numerical value above the spatial plot
denotes the spatial activity accuracy of themethod for the given ligand-target pair.
c Comparison of Renoir, SpatialDM, COMMOT, and stLearn in terms of spatial
activity accuracy across all ligand-target pairs for three tissue types: Human

Intestine (n = 43), Breast Cancer (n = 15), and DLPFC (n = 26). The box denotes the
interquartile range (IQR, the range between the 25th and 75th percentile) with the
median value, whiskers indicate the maximum andminimum value within 1.5 times
the IQR. d ARI and NMI comparison of the spatial communication domains com-
puted across DLPFC samples (n = 12) based on the ligand-target activity scores
inferred by Renoir, SpatialDM, COMMOT, and stLearn. The box denotes the
interquartile range (IQR, the range between the 25th and 75th percentile) with the
median value, whiskers indicate the maximum andminimum value within 1.5 times
the IQR. e Qualitative comparison of the spatial communication domains inferred
byRenoir, SpatialDM,COMMOT, and stLearn forDLPFCsample 151675. Sourcedata
are provided as a Source Data file.
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performed another benchmarking based on validated pathways from
CellChatDB7 and used our enrichment-based simulation workflow to
generate 111, 71, and 81 simulated datasets corresponding to the
human intestine, TNBC, and DLPFC tissue types, respectively. For each
dataset, we selected pathways for which at least one ligand, receptor,
and target gene were expressed in the paired scRNA-seq data. For

these simulated datasets, interactions were simulated spatially by
enriching all the cell types associated with the ligand and target genes
in the positive reference spots. A qualitative comparison of the
methods for candidate pathways (Supplementary Fig. 2a-c) for the
three tissue types, respectively, demonstrates how Renoir was more
accurate in capturing the ligand-target activities in the positive spots
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and the lack of activity in the negative spots as compared to the other
methods, which often reported false-positive activities. Quantitatively,
Renoir outperformed other CCC inferencemethods in terms of spatial
activity accuracy (63.99, 94.72, and 83.98% improvement across the
human intestine, TNBC, and DLPFC datasets) (Supplementary Fig. 3a-
c) and average precision and recall across different threshold values
(Supplementary Fig. 3d-f) across the tissue types.

We further simulated datasets (using pathways from CellChatDB)
where, instead of enrichment of ligand and target cell types, spatial
activity was simulated by directly enriching ligand and target expres-
sion values in the positive spots. The negative spots were determined
on the basis of the lack of ligand and target gene expression. For these
datasets also, Renoir outperformed the other methods by achieving
higher average precision and recall across different threshold values
(Supplementary Fig. 4a-c) across the tissue types.

Since the quality of ST data can be affected by low UMI count, we
evaluated the robustness of Renoir to variations in UMI count by
performing a downsampling experiment where the raw total UMI
counts of the spotsweredownsampled to predefinedquantiles of their
original distribution.We simulatedmultiple downsampleddatasets for
varying degrees of data sparsity (90%, 75%, and 60%) across the three
tissue types (TNBC, human intestine, and DLPFC). Renoir was able to
maintain high spatial activity accuracy for the ligand-target pairs even
for downsampled datasets with 60% of the original UMI count (Sup-
plementary Fig. 5a). To further evaluate Renoir’s tolerance to errors in
cell type annotations, we performed an additional experimentwith the
TNBC dataset where we artificially shuffled single-cell annotations at
varying degrees of perturbation, and the shuffled single-cell annota-
tions were used for computing Renoir’s ligand-target activity scores.
Renoir was able to maintain stable performance across varying levels
of cell label perturbation (10–30%), indicating its robustness against
moderate level of noise in cell type annotation (Supplemen-
tary Fig. 5b).

Finally, we evaluated the accuracy of the spatial communication
domains inferred based on the ligand-target interaction scores infer-
red by a CCC inference method. For this, we utilized 10x Visium
datasets from 12 dorsolateral prefrontal cortex (DLPFC) samples33, in
which the authors manually annotated six cortical layers and white
matter for each sample based on cytoarchitecture and selectedmarker
genes, and also showed that specific signaling pathways exhibit layer-
specific activity in DLPFC. Considering the manual annotations as
ground truth, we evaluated the domains inferred using Renoir’s ligand-
target scores with respect to howwell they align with knownbiological
structures and compared its performance against that of COMMOT,
SpatialDM, and stLearn. Eachmethodwas evaluated based on adjusted
Rand index (ARI) and normalized mutual information (NMI) scores
calculated by comparing the communication domains inferred by the
method against the ground truth annotations over all 12 DLPFC sam-
ples (see Methods for details). Renoir achieved the highest ARI and
NMI scores considering all the samples and outperformed all the other
methods (Fig. 2d), indicating that it is able to capture spatial variation
and architecture better than the other CCC inferencemethods. Figure
2e shows how the communication domains inferred by Renoir cap-
tured the underlying spatial structure for the sample 151675 better

than the other methods, for which the inferred communication
domains were much noisier.

Renoir identifies distinct communication domains in
mouse brain
To demonstrate Renoir’s ability to uncover region-specific ligand-tar-
get interactions, we first applied Renoir to 10x Visium data from two
Mouse brain sections (samples S1 and S2) and its corresponding single
nuclei data35 (see data availability). Renoir identified 9409 (S1) and
9405 (S2) ligand-target pairs that were expressed in this dataset and
quantified their spatial neighborhood activity scores for both samples.
Based on the ligand-target neighborhood activity scores, Renoir clus-
tered the ST spots across the two tissue sections and identified
20 spatial communication domains which had distinct latent space
embeddings (Fig. 3a) andwere similarly distributed across the sections
(Fig. 3a). We further quantified the distribution of the spatial com-
munication domains across different anatomical brain regions and
found that the domains across both samples primarily corresponded
to the same anatomical regions andwere highly concordant across the
two samples in terms of their distribution in anatomical brain
regions (Fig. 3b).

The communication domains were found to harbor diverse cell
types that were spatially localized and abundance pattern concordant
across the replicates (Supplementary Fig. 6a-b). The domains further
harbored differential activity of specific ligand-target pairs (Fig. 3c,
Supplementary Fig. 7b-c). For instance, domain 1, specific to white
matter exhibited Il33 and Csf1 activity, which are known to be required
for microglia development and maintenance in white matter36,37, and
domain 3, specific to the hypothalamus, exhibited Dlk1 activity known
to be expressed in hypothalamic arginine vasopressin and oxytocin
neurons38. We also noticed the existence of ligand or target-specific
activity pertaining todistinct anatomical regions, wherein the ligandor
target was known to be abundant within the brain regions corre-
sponding to thedomain. For example, domain 9 exhibited high activity
of Rspo1, which is known to be highly expressed within the cortex39,40,
domain 7 exhibited high activity of hippocampal marker Crlf1, and
domain 13 exhibited high activity of Ccnd1 andNr2f2, which are known
to be highly expressed within the Amygdala region41,42. Supplementary
Table 2 lists the domain-specific ligand-target interactions with litera-
ture support for the associated brain region.

Kleshchevnikov et al.35 identified and molecularly characterized
10 regional astrocyte subtypes using this spatial and matched single-
cell data. However, interactions of these regional astrocyte subtypes
with other spatially co-localized cell types were not explored. We
applied Renoir to characterize the interaction of these regional
astrocyte subtypes with other cell types. Figure 3d and Supplementary
Fig. 7d illustrate the interactions where ligands expressed by regional
astrocyte subtypes activate other target genes in other cell types
across samples S1 and S2, respectively. Figure 3e and Supplementary
Fig. 7e demonstrate the interactions where ligands expressed by other
cell types activate specificmarker genes in astrocyte subtypes. Ligands
expressed by the telencephalic astrocytes in Cortex and Amygdala
were found to activate genes in excitatory neurons in Layer 6b (Veg-
fa:Ctgf) and Amygdala (Ptn:Nr2f2) respectively. On the other hand, Agt

Fig. 3 | Renoir identifies distinct communication domains in mouse brain.
a Spatial communication domains with distinct latent embeddings inferred by
Renoir based on ligand-target neighborhood scores for two mouse brain sections.
Black scale bars, 1mm. b Distribution of spots in spatial communication domains
across different anatomical regions of the mouse brain. The rows correspond to
spatial communication domains (in both S1 and S2), and columns correspond to
known brain regions. Each cell represents the proportion of spots of a commu-
nication domain in the corresponding anatomical brain region. c Differentially
active ligand-target interactions across the communication domains for sample S1.
d, e Characterization of ligand-target interactions between regional astrocyte

subtypes and other co-localized cell types in sample S1. d Ligands expressed by
regional astrocyte subtypes activating target genes in other cell types. e Target
genes in regional astrocyte subtypes activated by ligands expressed by other co-
localized cell types. f Communication domain-specific ranking of ligands based on
cumulative activities over target genes expressed bymajor cell types in the domain
for sample S1. Top five ligands for each of eight communication domains are
represented. Stacked color bars represent the cell types that express the ligand
(right) and target (top). g Spatial map of MAPK SIGNALING and NEUROTROPHIN
SIGNALING pathway activity across the spots in sample S1. Source data are pro-
vided as a Source Data file.
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expressed by diencephalic astrocytes (Thalamus) was found to acti-
vate genes in inhibitory neurons (Psap:Pde4dip). White matter astro-
cytes interacted with oligodendrocytes via Tnc, which activated gene
Adamts4. Similarly, different genes in telencephalic astrocytes in
Amygdala, Cortex, and Hippocampus were found to be activated by
ligands expressed by excitatory neurons in Layer 4 (Rspo1:Vegfa),

Amygdala (Slit1:Nr2f2), and Hippocampus DG (Crlf1:Ccnd3, Slit1:Tcf4),
respectively. Excitatoryneurons in the thalamuswere found to activate
genes in diencephalic astrocytes (Ntng1:Gpld1, Nxph1:Tcf7l2).

For each communication domain, based on the agreement of
neighborhood activity and prior regulatory potential scores, we
ranked the prominent ligands (Fig. 3f, Supplementary Fig. 7f) that are
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expressed by the major cell types in the domain (see Methods for
details), which further highlighted the region-specific enrichment of
certain ligands. For instance, Bdnf known to be associated with
numerous functions within the hippocampus43 displayed high activity
within domain 16 associated with the hippocampus. Nrg1, known to
have high impact on cortical functions44 exhibited high activity within
domain 5. Supplementary Table 3 lists such major ligands with their
corresponding literature support. Using Renoir, we spatially mapped
major pathway activities based on the activity scores of the ligand-
target pairs associated with the pathways (see Methods) (Fig. 3g,
Supplementary Fig. 7g and Supplementary Fig. 8). Consistent with
prior works45,46, cortex and hippocampus were highly enriched in
MAPK signalling and NEUROTROPHIN signalling pathways,
respectively.

Renoir uncovers intratumor spatial communication sub-
domains within triple negative breast cancer
To demonstrate Renoir’s ability to characterize complex hetero-
geneous tissues in terms of ligand-target interactions, we analyzed
single-cell and Visium datasets (Fig. 4a) from a triple negative breast
cancer (TNBC) patient32. Renoir quantified the spatial neighborhood
activity scores for 18654 ligand-target pairs based on which, it clus-
tered the spatial spots into six communication domains which in
addition to being distinct in low-dimensional embeddings (Fig. 4b),
were primarily associated with morphologically distinct pathological
regions (Fig. 4c). The domainswere further differentiated based on the
ligand-target activities and the composition and abundance of the cell
types they harbored (Fig. 4d-e, Supplementary Fig. 9a). Since two
(clusters 4 and 5) of the six domains had low overall UMI count (Sup-
plementary Fig. 9b), we focused on the first four communication
domains in our further analyses. In accordance with their respective
cell type compositions, interesting differential ligand-target activities
were observed across the six domains. For instance, domain 0, histo-
logically annotated as ductal carcinoma in situ (DCIS), harbored a high
abundance of cancer cycling and cancer basal SC cell types (Fig. 4c,
Supplementary Fig. 9a); cancer-associated fibroblasts (CAFs) and dif-
ferent T cell populations (Supplementary Fig. 9a); and demonstrated
differential activity of MYC and SAA1 (LAMB1:MYC, SERPINE2:MYC,
SAA1:ESRRA) known to be overexpressed in basal-subtype of breast
cancer47–49; and MDK (MDK:CCNA2), a known cancer progression
marker50. Domain 0 also harbored high activity of VEGF (VEGFA,
VEGFB) (known to be highly up-regulated in breast cancer51–53), and
other stromal ligands (COL18A1, COL4A1) (Fig. 4e). Domain 1 was
associated with the histological regions lymphocytes and invasive
cancer and majorly harbored cancer-associated myofibroblasts
(myCAF), macrophages, and T cells (cycling and CD8+) along with the
two cancer cell types (Fig. 4c, Supplementary Fig. 9a). Consequently,
interactions associated with tumor progression and invasion (e.g.,
CXCL10:MMP2, CCL3:ICAM154, FN1:MMP1055), as well as suppression
(e.g., CXCL9:IRF156) among these cell types were enriched in domain 1
(Fig. 4e). Domain 2 was associated with the histological region normal,
stroma and lymphocytes and harbored four major cell types including

inflammatory-like CAFs (iCAF-like) and myoepithelial cells (Fig. 4c,
Supplementary Fig. 9a). Interestingly, this domain harbored high
activity of the ligand CCL28 which is known to promote breast cancer
andmetastasis57, targetHES1whichplays a crucial role inmalignant cell
proliferation58 and AREGwhich is expressed bymyoepithelial cells and
loss of which can inhibit tumor proliferation, growth and
invasiveness59 (Fig. 4e). Domains 3 and 4, despite low UMI count,
showcased distinct ligand-target activities (e.g., IL6, IL33, IL1RN in
domain 3 and PENK in domain 4 (Fig. 4e)).

We further investigated the most prominent cell type-specific
ligand-target interactions (Fig. 4f, Supplementary Fig. 10a) within each
spatial communication domain (see Methods for details). By empha-
sizing domains with the highest ligand-target activities and UMI count
(0, 1, 2, and 3), we uncovered cell type-specific interactions such as
RARRES2:AEBP1, CXCL12-GSN (ligand and target are markers of iCAFs,
domain 2), CXCL16:CCND1 (domain 3). For each communication
domain, we further ranked the major ligands (expressed by the major
cell types in the domain) according to their activities (see Methods for
details). A key EMTmarker, TGFB360 was one of the top-ranked ligands
in both domains 0 and 1 (which harbored a high abundance of cancer
cells) and its top targets included FN1 (in myCAFs and macrophages)
and TNC (inmyoepithelial cells andmyCAFs)which are associatedwith
breast cancer metastasis30,61, (Fig. 4g). In domain 1, which contained
high abundance of macrophages, another top ligand was CCL2, which
is known to promote metastasis via retention of metastasis-associated
macrophages (MAMs)62 and it was found to target ICAM1 (a molecular
target for TNBC)54 in myoepithelial cells and macrophages, other
chemokines CCL3 and CCL4 as well as lymphocyte inhibitory molecule
LTB in CD4+ T cells (Fig. 4g). Within each communication domain, we
also found ligands that were specifically active in a single commu-
nication domain (Fig. 4h). For example, in domain 1, CD8+ T cells
secreted the ligand CCL5 (known to promote TNBC progression
through the regulation of immunosuppressive cells63) which activated
MMP9 and CCL2 in macrophages.

Since this dataset contained cell type labels at three different
hierarchical levels (lv1, lv2 and lv3), we leveraged this to evaluate
Renoir’s robustness to varying levels of cell type annotation granu-
larity. We applied Renoir using each level of annotation to compute
ligand-target activity scores. Renoir maintained consistent perfor-
mance across all levels of annotation. The inferred spatial commu-
nication domains across different levels of annotation were highly
similar (Supplementary Fig. 11a) and demonstrated similar distribu-
tions of pathological regions (Supplementary Fig. 11b), indicating
Renoir’s robustness to the granularity of cell type annotations. Fur-
thermore, we compared the differential ligand-target activities across
the spatial communication domains inferred using different levels of
cell type annotations. The differential ligand-target activities for each
communication domain were highly correlated across different levels
of cell type annotations (Supplementary Fig. 11c).

Subsequently, utilising cell type abundance values of spatial
locations, we sub-clustered each communication domain (domains 0,
1, 2, and 3) into subdomains that were unique in terms of cell type

Fig. 4 | Renoir uncovers intratumor spatial communication sub-domains in
triple negative breast cancer tissue. a The original histopathological annotations
of H& E-stained triple negative breast cancer tissue (CID4497132, n = 1322 spots)
showing six pathologically distinct regions. b Spatial communication domains
inferred by Renoir based on ligand-target neighbor activity scores. The commu-
nication domains display distinct latent embeddings as can be seen from UMAP.
Black scalebar, 500 μm.cDistributionof spots in inferred communicationdomains
across pathological annotations as in a. Each cell represents the proportionof spots
of a communication domain in the corresponding pathological region. d Spatial
map of neighborhood activity scores for the ligand-target pairs. e Differentially
active ligand-target pairs inferred by Renoir across all communication domains.
fCell type-specific ligand-target interactions for themajor cell types in domains 1, 2,

and 3. The inner color bar represents the cell types of the ligand (left) and target
(top) and the outer color bar represents the communication domain. Each cell
represents the average Pearson correlation between the ligand-target neighbor-
hood scores and the abundances of the cell types expressing the ligand and target
across the spots pertaining to the domain being considered. g, h Domain-specific
ligand ranking based on their cumulative activities over target genes expressed by
major cell types in thedomain.gTop six ligands for communicationdomains0, 1, 2,
and 3 are represented. h Unique ligand-target pairs within each domain are
represented. Stacked color bars represent the cell types that express the ligand
(right) and target (top). i Spatial map of four hallmark pathways - IL6 JAK STAT
SIGNALING, TGF BETA SIGNALING, WNT SIGNALING andMAPK signalling pathway
activity. Source data are provided as a Source Data file.
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Fig. 5 | Renoir identifies hepatocyte-macrophage interactions in developing
fetal liver. a Preparation of FFPE fetal liver tissue. Created in BioRender. Zafar, H.
(2026) (https://BioRender.com/gmj8e7g)b Spatial communication domains inferred
by Renoir based on ligand-target neighborhood scores obtained from the 10x
GenomicsVisiumHDdataset (sampleD1). Black scalebar, 1mm.cDistributionofUMI
count across the tissue section. d Spatial map of communication domains and
neighborhood activity scores for differentially active ligand-target pairs
(COL18A1:BCL6, PLG:MARCO, and MDK:KLF6). e Ranking of ligands based on their
cumulative activities over target genes expressed by major cell types in domain 0.

fUMAP plot of latent embedding for hepatocyte population in scRNA-seq data, cells
are colored as either PLG+ or PLG−. g Volcano plot depicting differentially expressed
genes between PLG+ and PLG− Hepatocytes calculated using non-parametric Wil-
coxon rank sum test ( − log10P threshold = 50 and log2foldchange threshold = 0.3).
h Spatial feature plot of PLG expression and cell type abundances of Hepatocytes
(PLG+ and PLG−) and FOLR2+Macrophages overlaid onto the spots in ST data. i Spatial
similarity measures between PLG:MARCO neighborhood activity scores and cell type
abundances of PLG+ and PLG− Hepatocytes across neighborhoods containing FOLR2+

Macrophages (n = 39651 spots). Source data are provided as a Source Data file.
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abundance and entailed distinct ligand-target activities (Supplemen-
tary Figs. 12-15). Amongst the six subdomains in domain 0 (Supple-
mentary Fig. 12), in subdomain 4 TGFB1 and FBN1 activated several
EMT-associated genes (FBN1, MMP2, COL5A1, PDGFRB, etc.)64 and
cancer progressionand regulationmarkers (DUSP1, JUNB, andMYC)65,66

respectively. In contrast, subdomain 1 which harbored different
immune cells (CD4+ and CD8+ T cells, DCs, NKT cells) as well as iCAFs,
showcased extensive chemokine activity (CCL5) which targeted dif-
ferent genes in different immune cells and iCAFs (e.g., EGR1). Domain 1
was segregated into 4 subdomains (Supplementary Fig. 13), of which
subdomain 2 abundant with immune cells showcased high RARRES2
activity (secreted by myCAFs) and subsequently a lower abundance of
cancer cells compared to other subdomains. This is coherent with
previous findings which show that RARRES2 serves as an immune-
dependent tumor suppressor by acting as a chemo-attractant to
recruit anti-cancer immune cells67–70. Similarly, subdomains of other
domains showcased interesting activity particular to the cell type
abundant across the subdomains (Supplementary Figs. 14–15).

Using Renoir, we further spatially mapped the major pathway
activities based on the activity scores of the ligand-target pairs asso-
ciatedwith the pathways (seeMethods).While some pathways showed
activity across multiple communication domains, some other path-
ways were more active in specific communication domains (Supple-
mentary Fig. 10b). For example, theWNT signaling pathwaywas found
to be active in subdomain 1 of domain 0, and subdomain 2 of domain 1
which harbored a high abundance of cancer cell types (Fig. 4i). IL-6/
JAK/STAT3 signaling was highly active in subdomain 1 of domain 1
(Fig. 4i) that harbored a high abundance ofmyCAFs,macrophages and
myoepithelial cells along with cancer cells but lacked immune cells
other than cycling T-cells indicating a highly immunosuppressive
tumour microenvironment71. Taken together, Renoir was able to pro-
vide comprehensive insights into the spatial heterogeneity of ligand-
target activity and its implication in tumor biology.

Renoir identifies hepatocyte-macrophage interactions in devel-
oping fetal liver
Cell-cell communication shapes tissue functioning and organogenesis
during development. In order to evaluate the versatility of Renoir in
uncovering cell-cell interactions during development, we applied
Renoir to data from fetal liver development. We generated a 10x
Genomics Visium HD spatial transcriptomic dataset (see Methods for
details) from a fetal liver sample (D1) for which single-cell RNA
sequencing data was available72 (Fig. 5a) and applied Renoir on data
binned at 16-μm resolution. Renoir identified 16577 ligand-target pairs
active in the tissue, quantified their spatial neighborhood activity
scores and based on these scores, identified five spatial communica-
tion domains (Fig. 5b), which differed based on ligand-target activity
and distribution of UMI count across the tissue section (Fig. 5b-c and
Supplementary Fig. 16a). Domain 0 exhibited ligand-target activity
predominantly in regions with high UMI counts. In contrast, domain
1 showed sparse activity in low-UMI regions (Fig. 5c), whereas domains
2, 3, and 4 displayed moderate ligand-target activity with specificity
toward distinct subsets of target genes.While hepatocytes constituted
the majority of cells in all domains (Supplementary Fig. 16b), macro-
phages and fibroblasts were consistently observed across domains.
Activities pertinent to fetal liver were found to be widespread (Fig. 5d
and Supplementary Fig. 16a). For example, COL18A1 associated with
type XVIII collagen (a prominent component of the Extracellular
Matrix (ECM) in the liver73) was found to behighly expressed across the
tissue and activate multiple targets including hematopoietic tran-
scription factors BCL2L1 and BCL674. Higher CDKN1A activity was
observed, in line with the proliferative nature of hepatocytes in
developing fetal liver tissue.

We further utilized Renoir to perform ligand rankings for each
communication domain. Specifically, we observed prominent activity

of the ligands MDK, an important growth factor for fetal liver hema-
topoietic stem cells and multipotent progenitor expansion75 and
CXCL12 which helps in retaining hematopoietic stem cells in the fetal
liver76 (Fig. 5e). Importantly, we observed MARCO+ tissue-resident
macrophage population (Kupffer cells) interacting with APOB+ hepa-
tocytes.MARCO (MAcrophageReceptorwithCOllagenous structure) is
predominantly expressed in non-inflammatory Kupffer cells77 and
fetal-like reprogramming of livermacrophages plays an important role
in immunosuppressive phenotype in liver cancer72. As shown in Fig. 5e,
we observed that MARCO+ macrophages interact with PLG+/APOB+

subset of hepatocytes. The PLG (plasminogen) has been known to be
important for hepatic regeneration78,79 and PLG deficiency can lead to
impaired remodelling in mouse models after acute injury. Next, we
subdivided hepatocytes into two groups: ALB+APOA+PLG+ and
ALB+APOA+PLG− (Figs. 5f-g). As shown in Figs. 5g-h and Supplementary
Fig. 16c, these two subsets are transcriptionally and spatially distinct
from each other indicating heterogeneity of the fetal liver hepatocyte
population. We observed that the majority of ALB+APOA+ hepatocytes
(in the matched single-cell dataset) lack PLG expression, whereas a
distinct subset exhibits high PLG expression (Fig. 5f). In the Visium HD
dataset, the spots harboring ALB+APOA+PLG+ hepatocytes also con-
tained FOLR2+ macrophages (Fig. 5h). FOLR2+ macrophages are
embryonicmacrophages present in the fetal livermicroenvironment72.
We performed spatial correlation analyses using three different
metrics (Pearson correlation, Pearson correlation with spatial lag
adjustment, and Lee’s L statistic) between the cell type abundance of
ALB+APOA+PLG+ hepatocytes/PLG− hepatocytes and the PLG:MARCO
activity scores inferred by Renoir (see Methods for details).
PLG:MARCO activity showed stronger correlation with ALB+APOA+PLG+

hepatocytes than with PLG− hepatocytes in all neighborhoods con-
taining FOLR2+ macrophages across all three spatial correlation mea-
sures (Fig. 5i). To further validate this interaction, we generated and
analyzed an additional 10x Visium HD fetal liver dataset (sample A1).
Consistent with our previous findings, for the additional fetal liver
dataset also, similar communication domains were inferred, domain-
specific ligand-target activities were observed (Supplementary Fig. 17),
and PLG:MARCO was inferred by Renoir to be an important ligand-
target interactionwith better spatial correlationwith PLG+ hepatocytes
as compared to the PLG− hepatocytes (Supplementary Fig. 18a-c).
Taken together, these results provide important insights into the
macrophage-hepatocyte niche in the developing human liver.

Renoir identifies onco-fetal interactions in hepatocellular
carcinoma
To evaluate Renoir’s ability in handling single-cell resolution ST data-
sets, we applied it on a Nanostring CosMx dataset generated from a
hepatocellular carcinoma (HCC) patient80. The dataset consisted of
70166 cells distributed across 46 cell types and 959 genes.

We recently72,80 discovered the presence of onco-fetal tumor
microenvironment (TME) in hepatocellular carcinoma, where the
FOLR2+ TAMs, PLVAP+ ECs and POSTN+ CAFs were identified as onco-
fetal cell types that shared transcriptional programs with their fetal
liver counterparts. We evaluated Renoir’s performance in identifying
the onco-fetal interactions from the single molecule imaging (CosMx)
dataset. To perform an unbiased analysis, we used Renoir to quantify
the activity of the ligands expressed by the onco-fetal cell types with
the other major cell types present in the neighborhoods of the onco-
fetal cells (Supplementary Fig. 19a) using Renoir’s ligand-ranking for-
mulation (Fig. 6a). Renoir was able to characterize the activity of sev-
eral known core onco-fetal ligands (e.g., VEGFA, TGFB3) as well as
ligands shared by two onco-fetal cell types (e.g., BMP7, CXCL12, TGFB1,
IFNG) (Supplementary Fig. 19b)80. Specifically, Renoir identified the
activity of known onco-fetal interactions CXCL12-CXCR4 and VEG-
FA:KDR (Fig. 6c). CXCL12:CXCR4 signaling was particularly elevated in
onco-fetal niche where CXCL12 was expressed by PLVAP+ ECs and
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FOLR2+ TAMs and it activated CXCR4 in POSTN+ CAFs as well as mac-
rophages and Tregs. Renoir correctly identified the co-localization of
these cells and quantified the activity of the ligand-target pair in the
neighborhood. Similarly, VEGFA was expressed by all three onco-fetal
cell types and it interacted with KDR in co-localized ECs and MUC6+

bipotent hepatocytes (Fig. 6c). To further support our findings from
the Nanostring CosMx dataset, we employed 10x Xenium (10x Geno-
mics) technology, developed a new panel with known genes for onco-

fetal biology and applied this on twoHCC samples (Methods) followed
by application of Renoir for quantifying the activity of the onco-fetal
ligands. The Xeniumdatasets also annotated three different onco-fetal
cell types: OF Macrophage, OF Endothelial and OF CAF. From the
Xenium datasets also, Renoir identified the activity of different onco-
fetal ligands (e.g., VEGFA, TGFB3, CXCL12, TGFB1, IFNG) (Supplemen-
tary Figs. 20a, 21a), many of which were shared with the CosMx data-
sets (Supplementary Fig. 19e). Particularly, the known onco-fetal
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interactions CXCL12:CXCR4 and VEGFA:KDRwere detected byRenoir in
multiple spatial neighborhoods where these onco-fetal cells coloca-
lized (Supplementary Figs. 20b-c, 21b).

Renoir discovered onco-fetal nichemediated reprogramming of
MUC6+ bipotent cells
Renoir not only validated known onco-fetal interactions but also iden-
tified ligand-target interactions between onco-fetal niche and putative
stem-like MUC6+ cells in liver cancer microenvironments. From the
CosMx data, Renoir identified theMUC6+ bipotent hepatocytes to have
the highest number of interactions with the onco-fetal cell types (more
specifically with POSTN+ CAFs) (Fig. 6b). We delved into interactions
specific to onco-fetal cells and MUC6+ bipotent cells by quantifying the
cell type-specific activity of the relevant ligand-target pairs in the onco-
fetal neighborhoods (Supplementary Fig. 19c). We noticed the activa-
tion of MYC and TP53 in MUC6+ bipotent cells by multiple onco-fetal
ligands including BMP2, TGFB3, and CXCL12. We utilized gprofiler81 to
infer thepathways in theMUC6+ bipotent cells targetedby theonco-fetal
ligands and identified various interleukin signaling pathways (e.g., IL4,
IL13, IL10), cytokine signaling and prostaglandin signaling (Supplemen-
tary Fig. 19d) to be enriched. Since prostaglandin signaling is known to
promote HCC progression82, we further investigated the activity of
IL6:PTGS2. High scores for IL6:PTGS2was found in the tissuenichewhere
MUC6+ bipotent cells were co-localized with the onco-fetal cells indi-
cating the potential role of onco-fetal cells in the activation of PTGS2 in
the MUC6+ bipotent cells (Fig. 6d). To experimentally validate the
interaction between the onco-fetal niche and MUC6+ bipotent cells, we
focused on the activity of IL6 as it was predicted by Renoir to be a key
ligand from the onco-fetal niche which interacts with MUC6+ bipotent
cells. This bipotent population is known to express CD13383,84 and has
been shown to be involved in tumor initiation85. We treated HepG2 cells
with increasing concentrations of IL6 (ligand predicted by Renoir). As
shown in Fig. 6e and Supplementary Fig. 22a-c, addition of IL6 induced
CD133+ population in a dose-dependent manner indicating that the
onco-fetal niche can impact bipotent cells as predicted by Renoir. For
bothXeniumdatasets also, Renoir identified the bipotent cells as having
the highest number of interactionswith onco-fetal cells (Supplementary
Figs. 20d, 21c), even though they were not the most abundant cell type
within the onco-fetal neighborhood (Supplementary Figs. 20e, 21d).
Furthermore for both Xenium samples, pathway analysis of the target
genes in bipotent cells activated by onco-fetal ligands identified
enrichment of similar pathways as observed in the CosMx dataset
(interleukin signaling pathways, prostaglandin signaling) (Supplemen-
tary Figs. 20f, 21e). Importantly, these observations indicate that appli-
cation of Renoir could lead to the identification of biological insights in
the tumor microenvironment.

Discussion
Cell-cell interactions play a crucial role in various biological processes,
including tissue development, homeostasis, and disease progression.

These interactions are essential for the proper functioning of multi-
cellular organisms, as they facilitate communication and coordination
among different cell types. Single-cell RNA-seq approaches have
allowed us to comprehend the heterogeneity of cell types in a complex
tissue. However, traditional single-cell RNA-seq data lacks spatial
context, making it challenging to uncover the spatial organization and
intercellular relationships that underpin complex biological systems.
Spatial transcriptomics is a burgeoning field that addresses this lim-
itation by providing spatially resolved gene expression data, enabling
researchers to explore cells in a spatial context and bridging the gap
between molecular and morphological observations. However, esti-
mation of the effects of extracellular ligand signals on downstream
target gene expression within spatially organized tissue micro-
environments remains a major challenge. Existing computational
approaches have primarily focused on inferring ligand-receptor
interactions, often neglecting the downstream transcriptional con-
sequences of these interactions, particularly at a spatial context with
unique composition of interacting cell types.

In this regard, our computational method, Renoir, offers a pow-
erful tool for investigating cellular interactions within their native
spatial context, from development to disease. Renoir fundamentally
advances spatial CCC analysis by enabling the spatial mapping of
ligand-target activities through the quantification of a neighborhood
activity score, infers spatial communication domains by grouping
spots based on the similarity of ligand-target activities and uncovers
ligand-target interactions restricted to each communication domain.
Renoir further enables the identification of the major ligands active in
each domain and the spatial mapping of pathway activities based on
known or denovo genesets. Renoir can work on datasets generated
using spot-resolution spatial technologies as well as single-cell reso-
lution spatial technologies.

Our comprehensive benchmarking of Renoir on a variety of
datasets simulated based on validated pathways from real datasets
across diverse tissue types demonstrated its superiority over existing
CCC inference methods in quantifying the ligand-target activities
across spatial locations. Specifically, by accounting for the expression
of cognate receptors in the receiving cell type harboring target gene,
Renoir is capable of reducing false positive interactions which are
abundantly found by other methods. Using DLPFC spatial datasets
with ground truth annotations of spatial domains, we further illu-
strated that the communication domains inferred by Renoir can better
capture the underlying spatial structure of the tissue as compared to
other methods. The robustness of Renoir to noisy cell type annotation
noise and data sparsity further highlights its utility across a range of
experimental conditions and spatial transcriptomics platforms.

Our application of Renoir to 10x Visium and Visium HD spatial
transcriptomics datasets including adult mouse brain, human fetal
liver, and human triple negative breast cancer (TNBC) demonstrate
Renoir’s versatility in characterizing ligand-target interactions across
tissue types and technologies with varying spatial resolution. For each

Fig. 6 | Renoir identifies onco-fetal interactions in hepatocellular carcinoma.
a Ranking of activity of ligands expressed by onco-fetal cell types with other major
cell types present in the neighborhoods of the onco-fetal cells for the CosMx
hepatocellular carcinoma (HCC)dataset. Stacked color bars represent the cell types
that express the ligand (left) and target (bottom). b Distribution of ligand-target
interactions across target cell types. The target cell types include major non-onco
fetal cell types present in the neighborhoods of the onco-fetal cell types c (left)
Spatial map of cell type specific neighborhood activity scores across cell types
associated with the ligand and target for VEGFA:KDR and CXCL12:CXCR4 respec-
tively (fov 10); (right) Spatial distribution of cell types associated with the ligand
and target for VEGFA:KDR and CXCL12:CXCR4 respectively (fov 10). White scale bar,
125μm.d (top) Spatialmapof cell type specific neighborhoodactivity scores across
cell types associated with the ligand and target for IL6:PTGS2 (fov 10); (bottom)
Spatial distribution of cell types associated with the ligand and target for IL6:PTGS2

(fov 10) e IL6 induced bipotent stem cell-like properties in HepG2 cells. Treatment
with IL6 induced CD133+ population in a dose-dependent manner. The percentage
of CD133+ HepG2 cells wasmeasured by flow cytometry after the HepG2 cells were
treated with IL6 protein for increasing concentration for 96h. All data presented
are from three independent experiments containing three technical replicates
(n = 9). p-values (*p < 0.005 vs control groups; **p < 0.0005 vs control groups) are
calculatedusing two-sidedWilcoxon rank-sum test. p-values: 0.2ng =0.051938, 2ng
= 0.001987, 20ng = 0.002666, 200ng = 0.000409, 2μg = 0.000409. The box
denotes the interquartile range (IQR, the rangebetween the 25th and 75th percentile)
with the median value, whiskers indicate the maximum andminimum value within
1.5 times the IQR. Individual datapoints are overlaid on the boxplots. Created in
BioRender. Hou, S. (2026) (https://BioRender.com/7pacpt3). Source data are pro-
vided as a Source Data file.
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dataset, Renoir identified distinct spatial communication domains
which harbored distinct ligand-target activities pertaining to themajor
cell types abundant in the domain and these were also consistent with
known literature. In the adult mouse brain, Renoir characterized the
interactions of regional astrocyte subtypes with other co-localized
excitatory and inhibitory neurons highlighting the complex archi-
tecture of neuro-glial communication. For the triple negative breast
cancer, Renoir uncovered spatial communication domains and sub-
domains harboring distinct chemokine interactions between cancer,
stromal and immune cells which were associated with tumor pro-
liferation and metastasis. Renoir further identified signaling pathways
thatwere active in cancer (WNTsignaling) or immune/stromal cell type
(IL-6/JAK/STAT3 signaling) dominated domains of the TNBC tissue. In
developing fetal liver, Renoir uncovered interaction between hepato-
cytes and macrophages mediated via the ligand PLG. The application
of Renoir on single-molecule imaging (Nanostring CosMx and 10x
Xenium) hepatocellular carcinoma datasets further shows Renoir’s
utility in handling single-cell resolution large-scale spatial datasets. In
hepatocellular carcinoma, Renoir recovered canonical onco-fetal
interactions involving endothelial cells, macrophages and CAFs while
also revealing potential reprogramming of bipotent hepatocyte-like
cells mediated by onco-fetal niche-derived ligands. Importantly,
experimental validation of IL6-mediated expansion of CD133+ HepG2
cells further underscored the functional relevance of Renoir’s
predictions.

Collectively, these findings demonstrate that Renoir offers a
comprehensive and generalizable framework for understanding the
dynamic relationships between different spatially co-localized cell
types and their roles in various biological processes. Renoir’s powerful
approach allows for the identification of key players in cellular com-
munication and provides insights into the mechanisms governing tis-
sue organization, functionality, and response to disease. The several
visualization modules provided by Renoir further enable the user to
explore the spatial map of ligand-target and pathway activities of their
interest. Renoir’s modeling framework also offers a promising foun-
dation for several important extensions. Future developments could
include more elaborate modeling of receptor abundance and long-
itudinal dynamics of ligand-receptor-target network into the inference
framework for modeling dose-dependent signaling. Graph neural
networks can be utilized for modeling continuous interaction
strengths based on ligand abundance, receptor expression, spatial
proximity and binding affinity, and such an approach will enable a
more quantitative representation of signaling dynamics and better
reflect graded communication responses across heterogeneous cel-
lular contexts. Furthermore, Renoir can be extended to jointly analyze
datasets across multiple conditions to allow for systematic compar-
isons of communication landscapes across different stages of devel-
opment and disease progression. Finally, future work can integrate
CRISPR-based or pharmacological perturbation experiments for fur-
ther validation of predicted signaling interactions. As spatial tran-
scriptomic technologies continue to mature, approaches such as
Renoir will be critical for translating these rich datasets into mechan-
istic insights, offering new avenues for understanding complex biolo-
gical systems and developing novel therapeutic strategies targeting
cellular interactions.

Methods
Ethical statement
All human tissue samples used in this study were obtained in accor-
dance with relevant ethical regulations. Fetal liver tissues were col-
lected under approval from the Centralised Institutional Review Board
of the Singapore Health Services (SingHealth) and the National
Healthcare Group Research Ethics Committees, Singapore. Written
informed consent for the use of fetal tissues was obtained from all
participants, in accordance with internationally recognized guidelines

including the principles outlined in the Polkinghorne Report 1989.
Formalin-fixed paraffin-embedded (FFPE) hepatocellular carcinoma
(HCC) tumor resection blockswere collected for two patients from the
Westmead Institute for Medical Research under approval from the
University of New South Wales (UNSW) Human Research Ethics
Committee (Ethics ID: iRECS6671), with written informed consent
obtained from all participants.

Overview of Renoir
Using either paired cell type annotated scRNA-seq data and spatial
transcriptomic (ST) data or single-cell resolution spatial tran-
scriptomic data, and a set of curated ligand-target pairs, Renoir cal-
culates spatially enriched neighbourhood scores for the curated set of
ligand-target pairs for a given sample. The neighbourhood scores can
subsequently be leveraged to track ligand-target activity across
the geographic topology, as well as identify spatially enriched com-
munication regions, cell type-specific interactions, and pathway
activity.

Required input data
Single-cell RNA-seq and spatial transcriptomic data. As input,
Renoir requires the following—(1) a spatial transcriptomics dataset
Xst 2 RS×G with gene expression for S spots and G genes. Depending
on the technology, the spots can contain a mixture of cells (e.g., 10x
Visium) or single-cell (e.g., Nanostring CosMx). In case of cell-
resolution ST data, cell type annotations of the spots to one of C cell
types is required. (2) Spatial coordinates for each spot, and (3) a
corresponding cell type annotated single-cell gene expression
dataset Xsc 2 RNc ×G for Nc cells and G genes (required for ST data-
sets where each spot contains mixture of cells), where each cell is
mapped to one of C cell types. Note that the single-cell gene
expression dataset is optional when single-cell resolution spatial
transciptomic dataset is available. In case the user does not have
access to a well-annotated single-cell sequencing data, Renoir’s
software package provides a preprocessing pipeline for identifying
major cell clusters from single-cell data using which spot deconvo-
lution can be performed. This preprocessing uses either scVI (for
single-batch data)86 or scDREAMER (for multi-batch data)3 for cel-
lular embedding inference followed by Leiden clustering using
Scanpy87.

Acquiring curated ligand-target pairs. We first curate a set of secre-
ted ligands from NATMI’s connectomeDB20209 database. For each
ligand, we obtain a list of putative targets sorted according to the
descending order of ligand-target regulatory potential scores as cal-
culated byNicheNet’s prior knowledgemodel12. The number of targets
per ligand is user-defined. For our analyses, we have used the top 100
targets for each ligand. The ligand-target pair is retained for further
analysis if both genes are among the highly variable genes in the spatial
transcriptomic dataset. Thus, we obtain a set of ligand-target pairs, Slt

specific to our spatial transcriptomic dataset.

Calculation of neighborhood activity score for a ligand-target
pair for a spot
Constructing neighborhoods. We utilize the spatial transcriptomic
data to construct a directed graph such that each spot within the
dataset represents a node in the graph and there exists a directed edge
between a node (spot) and every node within its neighborhood. A
neighborhood for a spot is defined with respect to the distribution of
spots within the spatial dataset considered. For data wherein the spots
are equidistant from their immediate neighbors (e.g., 10x Visium and
SpatialTranscriptomics), the neighborhood for a spot s is defined tobe
a set of spots inclusive of s such that every spot other than s is at a “one-
hop" distance away from s. For data wherein the spots are not uni-
formly distributed across the sample (e.g., Slide-seq, StereoSeq,
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CosMx), the neighborhood for a spot s is defined to be a set of spots
(inclusive of s) which are atmost r unit distance away from s, where r is
user defined.

Formulating neighborhood activity scores. On constructing the
neighborhood graph, we quantify the potential interaction between a
ligand l and target t within the neighborhood of a spot s using a
neighborhood activity score defined by,

Al, tðsÞ= ESls, ts +Σj2N snsðESlj, ts + ESls, tjÞ ð1Þ

where N s denotes the neighborhood of s and ESls1 , ts2 denotes the
edge score (edgeweight) of an edge directed from a spot s1 expressing
ligand l to a neighboring spot s2 expressing target t and is defined by,

ESls1 , ts2 = normðECSls1 , ts2 Þ×norm ðISMls1 , ts2
Þ

where normðECSls1 , ts2 Þ and normðISMls1 , ts2
Þ are the min-max normal-

ized expression correspondence score and inherent similarity
measure for the ligand-target pair l − t for the spots s1 and s2
respectively. The edge score quantifies the possible interaction
between a ligand l at spot s1 and target t at spot s2 as the product of
the inferred similarity between the expressions of l and t across all
the cell types present at s1 and s2 respectively (ECSls1 , ts2 ) and the
inherent similarity (acquired from the single cell data) between the
expressions of l and t amongst cell types present at s1 and s2
respectively.

Calculation of expression correspondence score and inherent
similarity measure. To calculate the Expression Correspondence
Score and Inherent SimilarityMeasure between two neighboring spots
s1 and s2 where a ligand l is expressed at spot s1 and target t is expressed
at spot s2, we utilize the following formulations

ECSls1 , ts2 =
Σc12C1

pc1
PEMl, c1 , s1

+Σc22C2
pc2

PEMt, c2, s2

2
ð2Þ

ISMls1 , ts2
=
Σc12C1

� pc1
log10ð MIðlc1 , tc1Þ

minðHlc1
,Htc1

ÞÞ+Σc22C2
� pc2

log10ð MIðlc2, tc2Þ
minðHlc2

,Htc2
ÞÞ

2
ð3Þ

where, C1 and C2 denote the set of cell types present at s1 and s2
respectively, pc1

and pc2
denote the cell type proportions for cell types

c1 ∈ C1 and c2 ∈ C2 and c2 expresses at least one receptor of l respec-
tively. c2 is considered to express a receptor if the receptor gene is
expressed in more than thresh% of cells of that cell type (computed
based on scRNA-seq/single-cell ST data), where thresh in our analysis
was set to 5 following NicheNet. ECSls1 , ts2 is defined as the average of
cell type proportion-weighted PEM of ligand l and target t in spots s1
and s2 respectively. The PEM value for cell type specificity of gene g in
cell type c for spot s is given by

PEMg, c, s = log10ð
uscg

escg
Þ, ð4Þ

where, uscg and escg denote the inferred and expected expression of
gene g specific to cell type c at spot s respectively. In eq. (3),MI(lc, tc)
denotes the mutual information between the expression of l and the
expression of t across cell type c.H(lc) denotes the Shannon entropy of
the expression of ligand l across cell type c and H(tc) denotes the
Shannon entropy of the expression of target t across cell type c.
MI(lc1, tc1), MI(lc2, tc2), H(lc1), H(lc2), H(tc1) and H(tc2) have been esti-
mated from the single-cell (either scRNA-seq or single-cell ST) data
using the Miller-Madow correction.

Quantifying inferred and expected cell type-specific gene
expression. In order to quantify the cell type-specific gene expressions
at each spot, we estimate the abundance of all cell types in each spot
(WS×C) and gene-specific scaling parameters (MG×1) using
Cell2location35 that takes as input the STdataXst and referencecell type
signatures (GC : C ×G) estimated from the single-cell data Xsc. We then
compute the absolute number of mRNA molecules contributed by
each cell type c to each spot s to quantify the gene expression of a
specific gene g at spot s for cell type c as given by:

US×C ×G = fuscgg=W � GC �M ð5Þ

where * represents matrix multiplication without sum-reduction. For
high-resolution datasets with larger number of spots (e.g., 10x Visium
HD), if cell2location fails to perform deconvolution, we use RCTD88 to
acquire WS×C. US×C×G is then computed as WT

S×C*X
st . For single-cell

resolution datasets, the cell type annotation of the spots are directly
used as cell type abundance information, where WS×C represents the
cell type annotation of each spot and US×C×G represents the original
single-cell resolution ST dataset. This gives us,

US×C ×G =US×G = fusgg=Xst ð6Þ
The expected expression of a specific gene g at spot s for cell type

c can then be calculated as:

ES×C ×G = fescgg=
Σn2CΣs02Sus0ng

S
×

Σg 02Guscg 0

Σn2CΣg 02Gusng 0
ð7Þ

For single cell resolution datasets, since each cell is of a specific
cell type, the above formulation collapses to,

ES×C ×G = EC ×G = fecgg=
Σs02Sus0cg

S
ð8Þ

Inference of spatial communication domains based on ligand-
target neighborhood scores
In order to identify distinct spatial communication domains, which we
define as a group of spots harboring similar ligand-target interactions,
we performed clustering of the spots based on the ligand-target
neighborhood activity scores. After computing the ligand-target
neighborhood scores for all curated ligand-target pairs, each spot s
can be represented as a vector of ligand-target activity scores, Al, t of
ligand-target pairs ðl, tÞ 2 Slt and based on these ligand-target activity
score vectors, spots are clustered using the scanpy library87. First, the
top 2000 highly variable ligand-target pairs are identified followed by
principal component analysis. Leiden clustering is performed on the
k-nearest neighbor graph obtained based on the principal
components.

Inferring cell type-specific sub-communication domains. Addition-
ally, we further sub-clustered the spots present within each of the
spatial communication domains based on the cell type abundance of
the spots. For sub-clustering also, Leiden clustering was adopted and
implemented using scanpy.

Inference of communication domain-specific ligand-target
activities
Differential ligand-target activity across communication domains.
The Wilcoxon-rank sum test was utilized to estimate the ranked, dif-
ferentially active ligand-target pairs for each communication domain
using scanpy’s ‘rank_genes_groups()’ function.

Ranking of ligands based on activity within communication
domains. Renoir further allows the ranking of ligand activity within a
communication domain. In order to perform ranking of ligand activity,
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we first determine the major cell types (cell types that together con-
stitute ≥90% of cell type abundance) within a communication domain
based on the average proportion of the cell types across all the spots
within that domain. For each major cell type in a domain, we identify
the top marker genes (n = 500) from the scRNA-seq dataset. We
acquire a list of ligand-receptor pairs from NATMI’s connectomeDB9

and identify the major ligands that are also present within the marker
gene lists of themajor cell typeswithin the domain. For each ligand, we
identify a set of marker targets across the major cell types within the
domain. A target is selected if it falls within the marker gene list of the
cell type and the cell type expresses a receptor for that ligand. For each
ligand, we compute the average neighborhood activity score for each
of its marker targets (averaged across the spots expressing the asso-
ciated receptor cell type). Each ligand is then scored based on the
Pearson correlation between the average neighborhood scores of the
ligand-target pairs of the cell type marker targets and the regulatory
potential scores for each ligand-target pair acquired from NicheNet’s
prior model12. Using the ligand score, Renoir ranks the ligands, where
the ranking represents the amount of agreement between the ligand-
target activity in our dataset and the prior knowledge of the pairs.
While in our analyses, we used ligand-receptor and ligand-target pairs
from specific sources, Renoir can also work with user-defined ligand-
receptor and ligand-target pairs.

Inferring major cell type-specific ligand-target activity within a
communication domain. To identify cell type-specific ligand-target
activity within each communication domain, we first considered the
ligand-target pairs for which both the ligand and target fell within the
top 200 markers for the major cell types of the communication
domain. For each domain where the ligand and target weremarkers of
the major cell types, a simple average of the Pearson correlations
between the neighborhood activity scores of the ligand-target pair and
the cell type proportions of the cell types expressing the ligand and
target respectively were calculated across the spots pertaining to the
domain being considered. The correlation score measures how pro-
minent a cell type-specific ligand-target activity is within a commu-
nication domain.

Inference of spatial mapping of pathway activity
Construction of genesets of known pathways or Denovo clusters.
Renoir further allows the spatial mapping of a pathway activity by
utilizing existing or denovo gene sets. First, for a particular pathway
represented by a gene set, we determine the ligand-target pairs active
in the dataset by intersecting the set of all possible gene pairs within a
gene set with the set of curated ligand-target pairs. In this work, we
restricted our usage to the GSEA Molecular Signatures Database89,90,
specifically HALLMARK and CANONICAL PATHWAYS (KEGG, WIKI-
PATHWAYS) gene sets. Renoir can also utilize any predefined gene set
provided by the user, specific to the user’s requirements. Apart from
utilizing gene sets for existing pathways, Renoir can also identify de
novo clusters of ligand-target pairs based on their similarity of the
neighborhood activity scores across the spots. For performing the
clustering of ligand-target pairs, Renoir employs hierarchical cluster-
ing strategies, namely HDBSCAN and dynamic hclust. HDBSCAN was
implemented using the hdbscan python package with the min_pts
parameter set to the lowest possible value and dynamic hclust was
implemented using the dynamicTreeCut package.

Spatial mapping of existing pathways and Denovo clusters. To
generate a spatial map of previously known pathways or Denovo
clusters, we computed the first principal component after performing
dimensionality reduction over the neighborhood activity scores of the
subset of ligand-target pairs corresponding to a pathway/Denovo
cluster using the ‘TruncatedSVD’ function of sklearn. This generates a
pathwayactivity score for each spot in the spatial transcriptomics data.

Benchmarking of Renoir
Generation of simulated data. For benchmarking the performance of
Renoir, we simulated spatial datasets based on a semi-synthetic
approach inspired from the simulation approach in ref. 91. In order to
simulate a dataset with known spatial interaction between ligand and
target, we start with a paired scRNA-seq and ST data (the reference
dataset), and cell type deconvolution of the reference ST dataset is
performed using cell2location35. After that, we simulate the ST dataset
using the following steps in order to maintain a controlled environ-
ment, where we can keep track of the different kinds of interactions
enriched within the data. The simulation follows one of two possible
scenarios - ligand and target are marker genes of cell types, ligand and
target genes are expressed by multiple cell types

Simulation of data using ligand and target marker genes:
• Select a set of ligand-target pairs LT such that both the ligand and
target aremarker genes (top 100markers) of at least one cell type
in the paired scRNA-seq data. After that, the pairs in LT are
segregated into two mutually exclusive subsets: LTm and LTs. LTm
consists of the ligand-target pairs where the target gene is a
marker for multiple (two or more) cell types and LTs consists of
every other pair, where the target gene is a marker of exactly one
cell type. In both LTm and LTs, the ligand could be amarker of one
ormore cell types. Inour analysis,wewereable tofindamaximum
of two cell types associated with each of the ligand or
target genes.

• For a specific ligand-target pair lt ∈ LTs, where the target is a
marker of a cell type ctt1; in the ST dataset, we generate two types
of reference spots, positive and negative spots respectively.
Positive reference spots denote the spots within the tissue where
ligand-target interactions for lt are simulated through the
enrichment of the ligand cell type and target cell type ctt1, where
a spot is enriched with a cell type by adding ne = Uniform(2, 5)
single cells of the said cell type into said spot. The UMI counts are
then scaled back to the original UMI count tomaintain the original
UMI distribution of the sample being simulated. Negative
references refer to the spots within the tissue that do not harbor
any activity for lt as indicated by the low proportion of ligand cell
type and target cell type ctt1. Specifically, negative reference spots
are selected as a set of spots for which both ligand cell type and
target cell type ctt1 proportions are low and their neighbors also
have low proportions (below acceptable threshold) of ligand and
target cell types. In the negative reference spots, interactions of lt
can not occur given the low abundance of both the ligand and
target cell types in these spots as well as in the neighboring spots.

• For a specific ligand-target pair lt ∈ LTm where the target is a
marker of two cell types ctt1 and ctt2; in the corresponding ST
dataset, we generate two types of reference spots, positive and
negative. Without loss of generality, we assume that the cell type
ctt1 does not express a known receptor of the ligand l but the cell
type ctt2 expresses a known receptor of l (according to a ligand-
receptor database, e.g., NATMI). Positive references are those
spotswithin the tissue that have been enrichedwith the ligand cell
type and target cell type ctt2. Specifically, a set of spots are
selected that are not devoid of the ligand cell type. This is to
ensure that the enrichment follows the underlying distribution of
cell types in the dataset. For each of the selected spots, the spot is
enriched with the ligand cell type and the neighbors of the spot
are enriched with the target cell type ctt2. Negative references are
those spots within the tissue that have been enriched with the
ligand cell type and target cell type ctt1 (type 1 negative); or spots
within the tissue that do not harbor any activity for lt as indicated
by the low proportion of ligand cell type and target cell type ctt2
(type 2 negative). To simulate type 1 negative spots, a set of spots
are selected from the set of all spots with low ctt1 and ctt2
proportions. We then enrich these spots with the ligand cell type
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and the target cell type ctt1. Thus for the type 1 negative spots the
ligand-target interactions pertinent to the ligand cell type and
target cell type ctt1 could not occur since no known receptors are
expressed by ctt1 despite the co-localization of the cell types. The
simulation of type 2 negative spots follows the same strategy as in
case of lt ∈ LTs considering ctt2 as the target cell type.

Simulation of data using ligand and target genes expressed by
multiple cell types

• Using the pathway database of CellChatDB V27, a reference data-
base of validated interactions, we first acquire a set of pathways
such that atleast one ligand-receptor pair for the pathway is
expressed in the paired scRNA-seq data. We then get a list of all
possible ligand-receptor pairs across all selected pathways that
are present in the scRNA-seq data. Using the existing list of ligand-
target pairs and ligand-receptor pairs, we associate every ligand,
receptor and target to a cell type if it is expressed in at least 10%of
cells for the given cell type ensuring that the ligand and target
genes are associated with multiple cell types. Ligand-target pairs
are considered if the ligand and target are associated to at least
one cell type each and there exists at least one ligand-receptor
pair such that the ligand and receptor are also expressed in the
cell types associated to the ligand and target respectively. This
generates a set of ligand-target pairs LTpw such that both the
ligand and target genes are members of validated pathways and
expressed by more than one cell type in the paired scRNA-
seq data.

• For a specific ligand-target pair lt∈ LTpw, the ligand is expressed
in a subset of cell types CTl, ctl ∈ CTl and target celltype in a
subset of cell types CTt, ctt ∈ CTt. In the ST dataset, we generate
two types of reference spots, positive and negative spots
respectively. Positive reference spots harbor the interaction
between the ligand and target genes. We simulated two sets of
datasets by following two different strategies for positive
reference spots.

• Scenario 1: Positive reference spots denote the spots within the
tissue where ligand-target interactions for lt are simulated
through the enrichment of subset of CTl (s(CTl)) and subset of
target cell types (s(CTt)), where a spot is enrichedwith a cell type
by adding ne = Uniform(2, 5) single cells of the said cell type into
said spot. Each of the target cell types s(CTt) enriched is ensured
to have at least one receptor associated with ligand l expressed
in the corresponding target cell type.

• Scenario 2: Positive reference spots reflect enrichment of ligand-
target expression, only the ligand and target expression values
at thepositive reference spots are increased equivalent to that of
the expression in ne single cells. The cell type abundances are
not enriched.

The UMI counts are then scaled back to the original UMI count to
maintain the original UMI distribution of the sample being simulated.
Negative references refer to two types of spots. 1) the spots within the
tissue that do not harbor any activity for lt as indicated by the low
proportion of ligand cell types CTl and target cell types CTt. Specifi-
cally, negative reference spots are selected as a set of spots for which
both ligand cell type and target cell type proportions are low and their
neighbors also have low proportions (below acceptable threshold) of
ligand and target cell types. In the negative reference spots, interac-
tions of lt can not occur given the low abundance of both the ligand
and target cell types in these spots as well as in the neighboring spots.
2) Spots enriched with co-localization of s(CTl) and s0ðCTtÞ (say bs)
where s0ðCTtÞ refers to those target cell types where no known
receptor of ligand l is expressed. For Scenario 2 of positive spot
enrichment, negative reference spots are determined as spots (and

their neighbors) devoid of s(CTt) and reflect the absence of ligand and
target expression.

Downsampling and cell annotation perturbation experiments. We
performed downsampling experiments with the simulated datasets.
The datasets for the downsampling experiment were generated such
that the total UMI count of the downsampled dataset equals x% of the
total UMI count of the original dataset. This was performed using
Scanpy’s ‘downsample_counts_function’, with the ‘total_count’ para-
meter set to x% of the total count of the original dataset.

We further performed perturbation of single-cell annotation
using the breast cancer dataset used in simulation. Shuffled single-cell
annotations were generated at varying degrees of perturbation over
the simulated Breast Cancer dataset. Here, for a given perturbation
level x%, x% of cells labeled as a cell type ‘ct’ were reassigned to ran-
domly selected alternative cell types. The newly annotated single-cell
data (with x% cell labels perturbed) is then used as input to Renoir for
the computation of ligand-target activities.

Scoring and evaluation strategy. To evaluate the performance of a
CCC method in inferring the ligand-target activity at spot resolution,
we employ the following scores.

Accuracy of spatial activity:. The true activity of a ligand-target pair
across the positive and negative reference spots is computed by
employing the localMoran’s bivariate test-statistic (Rctlctt

s ) between the
ligand and target cell types,

Rctlctt
s =

ws, ctl
� μctl

σws, ctl

× SLs, ctt

 !
+

ws, ctt
� μctt

σctt

× SLs, ctl

 !

SLs, x =

P
i2N s

xi � μx � jN sj
σx

wherews,x represents the cell type abundanceof cell type x at spot s,μx
represents the mean cell type abundance of cell type x across all spots
considered, σx represents the standard deviation of cell type abun-
dance of cell type x across all spots considered and SLs,x represents the
spatial lag of cell type x at spot s. This provides a measure of local
interactions between the ligand and target cell types. Pearson’s cor-
relation (as discussed before) is then used to calculate the average
correlation between the ligand-target activity scores inferred by each
method and Rctlctt

s which gives ameasure of howwell does the inferred
activity scores align with the true interactions as quantified in terms of
spatial cell type co-localization.

Precision and recall:. To calculate the precision and recall of a CCC
inference method in inferring the spatial interactions of ligand and
target, we divide the spots into two sets based on a predefined
threshold set on the ligand-target scores computed by the CCC
inference method. Given a specific method, the spots which have a
score greater than or equal to the threshold are considered to be
positive predicted spots (harboring the ligand-target interaction) and
the spots with a score lower than the threshold are considered to be
negative predicted spots (no ligand-target interaction). We then con-
sider the these positive and negative predicted spots and compare
them against the ground truth positive and negative reference spots. A
predicted spot is considered to be a true positive (TP) if the spot is a
positive predicted spot and is also a positive reference spot, true
negative (TN) if the spot is a negative predicted spot and is also a
negative reference spot, false positive (FP) if the spot is a positive
predicted spot but is a negative reference spot and a false negative
(FN) if the spot is a negative predicted spot but a positive reference
spot. For each method, we calculate the TP, TN, FP and FN values to
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calculate the precision and recall of a method for a given simulated
dataset. Thus precision and recall are calculated for each simulated
ligand-target pair and the final precision and recall for a dataset for a
specific threshold is computed to be the average of the precision and
recall values across all considered ligand-target pairs for the same
dataset. Instead of selecting a single threshold, the threshold is varied
to determine the precision-recall curve for eachmethod across various
threshold values.

Comparison of communication domainswith ground truth layers in
DLPFC dataset. In order to estimate how coherent the inferred com-
munication domains are with known regions of the dataset, we first
estimate the communication domains across all 12 DLPFC samples for
each of the methods (Renoir, COMMOT, SpatialDM and stLearn). This
is done so by applying leiden clustering (resolutions range from 0.1 to
1.6 in intervals of 0.1) over the ligand-target interaction scores gener-
ated by each of the methods across all samples. The NMI and ARI
values are calculated between the cluster labels and ground truth
annotations; for each of the methods across all samples over all
resolutions. At each resolution, the averaged NMI and ARI values are
calculated for each method across all samples. For each method, the
cluster labels corresponding to the resolution at which the averaged
NMI and ARI values is the best for said method in each sample, is now
considered as the best communication domain inferred by a method
for a specific sample. This results with a list of best NMI/ARI values for
each method across each sample. The box plots are then generated
over the final inferred NMI/ARI values.

Preparation of fetal liver data
Formalin-fixed paraffin-embedded (FFPE) fetal liver tissues were
obtained under ethical approval from the Centralised Institutional
Research Board of the Singapore Health Services (SingHealth) and
National Health Care Group Research Ethics Committees, with written
informed consent obtained from all participants (mothers) in accor-
dance with internationally recognized guidelines. To determine the
quality of RNA in FFPE tissue, RNA was extracted from 10μm sections
using a Qiagen FFPE RNA extraction kit (#73504) and following the
manufacturer’s protocol. RNA quality was determined as “good" if the
percentageofRNA fragments > 200nucleotides (DV200%)was at least
50% of all fragments. Next, FFPE human fetal liver tissue blocks were
sectioned at 5μm thickness using a microtome and the sections were
mounted onto positively charged glass slides according to 10x Geno-
mics Visium HD sample preparation guidelines and stored at 4 ∘C with
desiccant until further processing. Tissue sections were depar-
affinized, stained with hematoxylin and eosin (H&E), imaged at 20 ×
magnification using a Zeiss Axioscan 7 prior to probe hybridization,
and subjected to probe hybridization using the Visium Human Tran-
scriptome Probe Set v2.1.0. Following hybridization and templated
ligation, probe-derived products were transferred onto 10x Genomics
Visium HD Spatial Gene Expression Slides (slide serial: H1-GVJMQ3Q)
using the CytAssist instrument according to the manufacturer’s pro-
tocol. Subsequent library preparation steps were performed following
the Visium HD workflow. Library construction included Spatial tran-
scriptomic libraries which were generated using the 10x Genomics
Visium HD Spatial Gene Expression platform (SPATIAL-HD-v1 chem-
istry). Imaging data were used for tissue detection and nucleus seg-
mentation during downstream analysis. Gene expression profiling was
performed using the Visium Human Transcriptome Probe Set v2.1.0
(GRCh38-2024-A reference). Probes were hybridized to target tran-
scripts in situ and ligated using a templated ligation approach. Fol-
lowing probe ligation, captured molecules were released and
subjected to library construction including amplification and indexing
according to the Visium HDworkflow. Libraries were sequenced on an
Illumina NovaSeq 6000 using paired-end 150 bp sequencing. During
downstreamprocessing, read 2 was trimmed to 50 bp in Space Ranger

Count v4.0.1. RawsequencingdatawereprocessedusingSpaceRanger
Count v4.0.1 with probe filtering enabled, intronic reads excluded,
UMI registration applied, and nucleus segmentation performed during
image processing. The FFPE fetal liver tissue samples used in this study
are stored at KK Research Center, KK Women’s and Children’s Hospi-
tal, Singapore.

Integration of mouse brain datasets
The two mouse brain samples were integrated using the stLearn
workflow23. Neighborhood scores generated for each mouse brain
sample were concatenated and min-max normalized across ligand-
target pairs for every spot. The principal components calculated over
the spatial transcriptomic data of each sample via scanpy were used as
input to harmony algorithm92, whichprojected the spots onto a shared
embedding space and thus presenting a new set of adjusted principal
components for the concatenated dataset. Leiden clustering was per-
formed via scanpy over the concatenated dataset with adjusted prin-
cipal components at a resolution of 1.3 to obtain a set of spatial
communication domains shared across the two brain samples.

Mapping of regional astrocyte subtype activity in mouse brain
In order to find localized astrocyte subtype activity in appropriate
regions of the mouse brain dataset, we first identified the top 100
marker genes for every cell type (including astrocyte subtypes) using
the available mouse brain snRNA-seq dataset. We then identified the
top 100 differentially active ligand-target pairs for each region of the
MouseBrain dataset. Two sets of pairswere then generated, (i) thefirst
set consisted of ligand-target pairs where the ligandwas amarker gene
of a specific astrocyte subtype, the ligand-target pair displayed dif-
ferential activity in a region associatedwith said astrocyte subtype and
the targetwas amarker of a cell type associatedwith said region (ii) the
second set consisted of ligand-target pairs where the target was a
marker gene of a specific astrocyte subtype, the ligand-target pair was
differentially active in a region associated with said astrocyte subtype
and the ligand was a marker of another cell type associated with said
region. The above steps were carried out using the scanpy library
‘rank_genes_group’ function.

Correlation measures used for analyzing PLG:MARCO interac-
tion in fetal liver
In order to assess the relationship between PLG:MARCO activity scores
and the abundance of relevant cell types- PLG+ and PLG− hepatocytes
and FOLR2+ Macrophages, we first selected the spots that harbored the
FOLR2+ Macrophages and these spots along with their spatial neigh-
borhoods were retained for downstream comparison. This filtering
ensures that the analysis focuses on regions where the cell types
underlying the PLG:MARCO interaction are present, thereby improving
the biological interpretability of the scores. For these selected spots,
we examined Renoir’s inferred PLG:MARCO interaction scores and
compared them across subsets of PLG+ vs PLG− hepatocytes, in con-
junction with FOLR2+ Macrophages, which are known to express the
MARCO target. The correspondence between interaction scores and
hepatocyte abundance was then quantified using the following
metrics:

• Pearson correlation: We utilized Pearson correlation to find the
correlation amongst specific ligand/target expression values
(either derived from scRNA-seq data or spatial transcriptomic
data) and cell type abundances. We also used Pearson correlation
to acquire an initial estimate of the correlation amongst the
neighborhood scores of a specific ligand-target pair with the
abundances of the cell types expressing the ligand and the target.
The overall correlation measure can be summarised as,

rl, t, ctl , ctt =
PltðctlÞ+ PltðcttÞ

2
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where,

PltðctxÞ=
Σi2Sx ðNSltðiÞ � μNSlt

Þðwi, ctx
� μwctx

Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Σi2Sx ðNSltðiÞ � μNSlt

Þ2Σi2Sx ðwi, ctx
� μwctx

Þ2
q

l and t represent a specific ligand and target respectively

ctl and ctt represent the cell types expressing the ligand and the target
respectively (as a marker)

NSlt(s) represents the neighborhood scores of ligand-target pair lt
at spot s

NSlt represents a vector of neighborhood scores of ligand-target
pair lt across all Sx spots

ws,y represents the cell type abundance of the cell type the
ligand(ctl) or target(ctt) is a marker of at spot s

wctx
is a vector of cell type abundances of the cell type the

ligand(ctl) or target(ctt) is a marker of, across all Sx spots
μNSlt

is the average neighborhood score for a specific ligand-target
pair lt

μwctx
is the average cell type abundance for a specific cell type ctx

Sx = fsj, ðNSltðsjÞ>0Þjðwsj , ctx
>0Þg where x is either a ligand l or

target t.
• Pearson correlation over spatial lag: We furher used Pearson cor-
relation over spatial lag as a measure of spatial correlation93. Pear-
son correlation over spatial lag considers the sum of expression or
abundance values over a spot and its corresponding neighbors
before applying Pearson correlation. Formally, Pearson correlation
in the context of expression or abundance values can be defined as,

rxy =
Σi2SðXi � μX ÞðY i � μY Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Σi2SðXi � μX Þ2Σi2SðY i � μY Þ2
q

X and Y are the spatial lags defined by,

Xi =Σn2NðxiÞxn

where N(xi) represents the neighborhood of xi. X = xi, i ∈ S;
Sx = fsj , ðXsj

>0ÞjðY sj
>0Þg The spatial lags are calculated with

respect to gene expressions from the spatial transcriptomics
data or the spatial map of cell type abundances (x or y). While
considering neighborhood scores, the scores are considered as
they are since the neighborhood score at each spot takes into
account the neighbors of the spot.

• Lee’s L statistic: We utilised Lee’s L statistic bivariate spatial asso-
ciation measure to incorporate spatial autocorrelation alongside
spatial patterning between the two variables of interest93. In our
case, we adopted themeasure to view the spatial co-patterning of
neighborhood scores, gene expressions from the spatial tran-
scriptomics data or the spatial map of cell type abundances with
one another. This is defined as,

LX ,Y =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
LX ,XLY ,Y

q
rxy

where,

LX ,X =
Σi2SðXi � μxÞ2
Σi2Sðxi � μxÞ2

Preparationof xenium in situ hepatocellular carcinomadatasets
HCC samples from two male patients (IDs: M293 and M316), aged
45-65 years, were used for 10x Xenium In Situ spatial

transcriptomics experiments. The tumour tissues were preserved
as Formalin-Fixed Paraffin-Embedded (FFPE) blocks, which were
collected from the Westmead Institute for Medical Research (Uni-
versity of New South Wales (UNSW) Human Research Ethics and
Compliances, Ethics ID: iRECS6671), with written informed consent
from all participants. Sex of the participants was determined based
on self reporting by the participants at the time of sample collec-
tion. The tissue samples were sectioned at 5 μm thickness and
placed within the Sample Area (10.45 × 22.45mm) of a Xenium slide
according to the CG000578 Xenium In Situ for FFPE—Tissue Pre-
paration Guide (10x Genomics). Deparaffinization of the tissue
sections was performed, followed by rehydration of the tissues and
decrosslinking, according to the manufacturer’s protocol
(CG000580 Xenium In Situ for FFPE—Deparaffinization & Decros-
slinking, 10x Genomics). This was followed by overnight probe
hybridization at 50 ∘C using a 319-gene panel (Xenium Standalone
Custom Probes) according to the user guide—CG000749 Xenium
In Situ Gene Expression with Cell Segmentation Staining (10x
Genomics). Following post-hybridization wash, ligation and rolling
circle amplification were performed. Next, cell segmentation
staining was carried out overnight using the Xenium Multi-Tissue
Stain Mix. Finally, autofluorescence quenching and nuclei staining
were performed. The processed Xenium slide was loaded onto the
Xenium Analyzer (10x Genomics) along with the required buffers
and decoding modules, according to the CG000584 Xenium Ana-
lyzer user guide. The FFPE blocks of the samples used for Xenium
In Situ experiments are currently stored at the Westmead Institute
for Medical Research.

Preprocessing of xenium in situ hepatocellular carcinoma
datasets
Standard preprocessing steps were applied to raw Xenium outputs
using Scanpy87 package in Python. This included removing low
quality cells, defined as those within the bottom and top 2% of total
transcript counts, to exclude outliers. Subsequently, a single-cell
RNA reference dataset, consisting of 36 hepatocellular carcinoma
(HCC) patients80, was used for annotating cell types in the Xenium
data. RCTD88, a reference-based computational tool for cell type
decomposition in spatial transcriptomic data from single cell
reference datasets, was employed for annotation. Following the
reference dataset’s structure, RCTD annotations were performed at
two levels: level 1 comprising main cell types with lower granu-
larity, and level 2, where myeloids, fibroblasts, and endothelial cells
were further annotated to identify oncofetal subtypes. Annotation
results from RCTD were integrated into the h5ad file generated
during the preprocessing steps. In order to determine the most
appropriate radius for Renoir, and to ensure consistency with
CosMx analysis, a neighbourhood size was selected to include an
average of 10 to 20 spots. This corresponded to a neighbourhood
radius of 30 microns. Next, Renoir was run on the processed
Xenium outputs obtained from the above steps. To visualize cell
segmentation masks as part of Renoir’s output, the spatialdata and
spatialdata-plot Python packages94 were used to overlay segmen-
tation information onto the spatial plots generated by Renoir.

IL6 incubation and analysis of bipotent cell marker CD133
expression
HepG2 cells line (ATCC, HB-8065) was cultured in DMEM (gibco,
REF: 11995065) with 10% FBS (Garvan Institute of Medical
Research) and 1% Penicillin Streptomycin (gibco, REF: 15070063).
IL6 (gibcon, REF: PHC0063) stock was 1mg/ml dissolved in 100mM
acetic acid (Sigma, REF: A6283-100ML). Day1, 3 × 105 HepG2 cells
were seeded into 6-well plate; Day 2, cells were treated with
designed groups as solvent control and IL6-experiment groups
with multiple concentrations (0.2ng/ml, 2ng/ml, 20ng/ml, 200ng/
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ml and 2 μg/ml) and same medium with/without IL6 was changed
on day 3. Day 5, CD133 (BD Biosciences, REF: 567907) expression
was measured by flow cytometry (BECKMAN COULTER, CYTO-
FLEX-11901398), meanwhile Propidium Iodide (Sigma, REF: 537059-
50MG) was utilized to isolate live/dead cells. Flow cytometry data
was analyzed using FlowJo software.

Sex and gender considerations
Sex and gender were not incorporated into the study design, as the
primary objective of this study was to develop and validate a general-
purpose computational framework, Renoir for the analysis of spatial
transcriptomics datasets. Accordingly, the method is designed to be
broadly applicable across datasets and does not include sex- or
gender-specific modeling assumptions.

Statistics and reproducibility
No statistical method was used to predetermine sample size. All
simulations and analyses were performed using fixed random seeds to
ensure reproducibility. No data were excluded from the analyses. The
analyses were conducted using automated computational pipelines;
therefore, randomization and blinding were not applicable. Relevant
simulations were repeatedwith independent random seeds to confirm
robustness, and consistent results were obtained. Statistical tests used
for comparing groups are detailed in the corresponding figure legends
and Methods subsections.

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

Data availability
10x Genomics Visium HD datasets (both raw and processed) for the
fetal liver samples generated in this study have been deposited in the
GEOdatabase under the accession codeGSE319617. The 10xGenomics
Xenium datasets for hepatocellular carcinoma generated for this
manuscript are available at https://figshare.com/s/
2c3c30dd4e1b51f875ae. The original publicly available datasets that
were utilised in this study are provided below: snRNA-seq from adja-
cent sections in the mouse brain: downloaded from ArrayExpress
under accession number E-MTAB-11115; Visium from adjacent sections
in the mouse brain: downloaded from ArrayExpress under accession
number E-MTAB-11114 (sample S1 = ST8059048 and sample S2 =
ST8059052); Triple Negative Breast Cancer spatially resolved tran-
scriptomics data: downloaded from the Zenodo data repository
(https://doi.org/10.5281/zenodo.4739739) (samples CID44971 and
CID4290); Triple Negative Breast Cancer raw scRNA-seq data: down-
loaded from the Gene Expression Omnibus under accession number
GSE176078; Human Intestinal development spatially resolved tran-
scriptomics data: downloaded from the Gene Expression Omnibus
under accession number GSE158328 (sample A2); Human Intestinal
development raw scRNA-seq data: downloaded from the Gene
Expression Omnibus under accession number GSE15870; Human
Dorsolateral Prefrontal Cortex spatially resolved transcriptomic data
and raw scRNA-seq data: downloaded from the spatialLIBD project
(https://research.libd.org/spatialLIBD/). The scRNA-seq data for fetal
liverwas obtained from theGene ExpressionOmnibus under accession
number GSE156337. The Nanostring CosMx data for hepatocellular
carcinoma has been obtained from https://doi.org/10.6084/m9.
figshare.23972991. Source data are provided with this paper.

Code availability
Renoir has been implemented in Python and is freely available at https://
github.com/Zafar-Lab/Renoir under the MIT license and is also available
on Zenodo95. All analyses and results presented in the manuscript are
available at https://github.com/Zafar-Lab/Renoir-reproducibility.
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