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Advances in spatial profiling technologies are providing insights into how
molecular programs are influenced by local signaling and environmental

cues. However, cell fate specification and tissue patterning involve the
interplay of biochemical and mechanical feedback. Here we develop
acomputational framework that enables the joint statistical analysis

of transcriptional and mechanical signals in the context of spatial
transcriptomics. Toillustrate the application and utility of the approach,
we use spatial transcriptomics data from the developing mouse embryo
toinfer the forces acting onindividual cells, and use these results to
identify mechanical, morphometric and gene expression signatures
that are predictive of tissue compartment boundaries. In addition, we
use geoadditive structural equation modeling to identify gene modules
that predict the mechanical behavior of cells in an unbiased manner. This
computational framework is easily generalized to other spatial profiling
contexts, providing a generic scheme for exploring the interplay of
biomolecular and mechanical cuesin tissues.

The advent of single-cell profiling technologies has transformed our
understanding of the mechanisms that control cell state transitions and
lineage hierarchies. Through the development of computational and sta-
tistical methods, these approaches provide awindow into the transcrip-
tional and epigenetic programs that control cell fate under normal and
perturbed conditions. However, these programs do notactinisolation,
butrespond to environmental cues and collective cell behaviors, medi-
ated by reciprocal signaling networks as well as mechanical forces and
their coupling through mechano-chemical feedback loops'™. Inrecent
years, the advent of spatial omics techniques® has enabled the profiling
of gene expression®’, protein composition® and chromatin accessibility’
atsingle-cellresolutionin whole embryos and tissue sections, openinga
window on the correlation between cell state and spatial cues.

Despite their promise, spatial omics methods and associated com-
putational analysis pipelines currently struggle to integrate molecular

profiling measures with interpretable cell morphology metrics andlocal
mechanical forces. While high-throughput sequencing technologies
suchasSlide-seq'” enable coverage of the entire transcriptome, they are
limited to supracellular spatial resolution and, as such, cannot recover
suchinformation. In contrast, insitu hybridization (ISH)-based methods
suchas seqFISH""?and MERFISH"", offer amore limited transcriptomic
coverage, yet provide single-cell or even subcellular spatial resolution
in addition to access to cell morphology. Indeed, immunostaining of
transmembrane proteins allows segmentation of cell contours and
extraction of whole-cell morphometric measures. Such cellular mor-
phologies have been used either alone, for cell-type classification and
pseudotime inference®, or in combination with gene expression data,
for cell-type clustering refinement'®"” and cross-modality prediction'®.

However, computational frameworks for linking genomics to
tissue-level mechanical signatures suchas tension at cell-cell junctions,

'Kennedy Institute of Rheumatology, University of Oxford, Oxford, UK. 2Gurdon Institute, University of Cambridge, Cambridge, UK. *Cambridge Stem
Cell Institute, University of Cambridge, Cambridge, UK. “Department of Biomedical Engineering, Columbia University, New York City, NY, USA. *New York
Genome Center, New York City, NY, USA. ®Irving Institute for Cancer Dynamics, Columbia University, New York City, NY, USA. "Department of Applied
Mathematics and Theoretical Physics, Centre for Mathematical Sciences, University of Cambridge, Cambridge, UK. ®Department of Statistics, Columbia

University, New York City, NY, USA. °These authors contributed equally: Adrien Hallou, Ruiyang He.

rh3194@columbia.edu; bmd2151@columbia.edu

e-mail: adrien.hallou@kennedy.ox.ac.uk;

Nature Methods | Volume 22| April 2025 | 737-750

737


http://www.nature.com/naturemethods
https://doi.org/10.1038/s41592-025-02618-1
http://orcid.org/0000-0002-3162-7848
http://orcid.org/0009-0001-8215-8439
http://orcid.org/0000-0002-3875-7071
http://orcid.org/0000-0001-8328-2354
http://crossmark.crossref.org/dialog/?doi=10.1038/s41592-025-02618-1&domain=pdf
mailto:adrien.hallou@kennedy.ox.ac.uk
mailto:rh3194@columbia.edu
mailto:bmd2151@columbia.edu

Article

https://doi.org/10.1038/s41592-025-02618-1

strain and stress are currently lacking. Indeed, when considering
the joint modeling of gene expression and morphology, existing
approachestargetonly ‘local’morphological properties (for example,
cell roundness or volume), treating cells as independent from each
other and from their spatial environment. Since mechanical morpho-
metrics are global properties of cellular aggregates, new methods
are needed to estimate these quantities from images and to test for
associations between them and gene expression signatures in the
presence of spatial confounders.

Here, to meet this challenge, we introduce a joint spatial
mechano-transcriptomics framework to investigate simultaneously
the transcriptional, morphological and mechanical state of cells in
atissue context at single-cell resolution. To develop this method, we
make use of image-based mechanical force inference, an approach
rooted in the physics of cellular materials®. Toillustrate the potential
of this approach, we use it to quantify tensions at cell-cell junctions
andintracellular pressurein the context of multicellular tissues** . In
particular, we use selected regions of an embryonic day (E)8.5 mouse
embryo spatially profiled using seqFISH**. We show that, by integrat-
ing transcriptomic profiling with local mechanical measures, we can
gain insight into the mechanisms that promote boundary formation
during development, as well as the role of mechano-responsive regu-
latory pathways in driving cell segregation and spatial patterning.
We investigate the relationship between transcriptional profiles and
mechanical forces at the single-cell level, demonstrating the existence
of gene modules whose expression patterns are significantly associ-
ated with the mechanical state of the cell, while accounting for spatial
confounders. Finally, exploring higher-order interactions between
gene expression and mechanics, we show that mechano-associated
genes display a variety of nonlinear responses to mechanical signals.
Overall, this study provides a computational framework to investi-
gate mechano-biology in an unbiased manner, offering the poten-
tial to uncover the directional relationships between mechanical
forces and gene expression in a spatial context, identify candidate
mechano-sensors or mechano-effectors, and delineate mechanical
and mechano-chemical feedback loopsinvolvedin cell fate decisions,
pattern formation and tissue morphogenesis.

Results

Anintegrated mechano-transcriptomics analysis of mouse
organogenesis

Canthegene expression signature of cells provide information on the
local mechanical forces that act upon them? How does the interac-
tion between genomics and mechanics inform the acquisition of cell
identity and establishment of tissue compartments in developmental
contexts? To begin to answer these questions, we developed a mul-
tistep computational framework based on spatial transcriptomics
for the integrated statistical analysis of mechanical forces and gene
expression at cellular resolution (Fig. 1a). First, we compile input data
of multipletypes, includingimmunostained cellmembranes, seqFISH
images and single-cell transcriptomic references (step 1). Next, we
process and segment these images to delineate cell boundaries (step
2) and streamline image-based mechanical force inference (step 3). We
then performajoint statistical analysis of mechanical forces and gene
expression at cellular resolution (step 4). Finally, we generate spatial
maps of tension, pressure and significant gene expression profiles
associated with mechanical phenotypes (step 5).

In detail, we take as input, images of tissue or embryo sections
where cellmembranes have been labeled with fluorescent markers (see,
for example, the spatial transcriptomics seqFISH dataset in Fig. 1b).
The fluorescent markers enable image-based segmentation of cell con-
tours as well as the quantification and spatial localization of selected
transcripts at cellular resolution; Fig. 2a). On the basis of this analysis,
we then generate segmentation masks with annotated coordinates
of cell-cell junctions and vertices (Methods). We take advantage of a

mechanical force inference approach and to quantify the mechanical
forces thatact upon cells® (Fig. 2b,c). To apply this method effectively,
itis necessary to recover information on precise cellular shapes and
physical cell-cell contacts, calling for high-quality image segmenta-
tion. Moreover, to fulfill the constraints of our inference method,
fourfold vertices—junctions that are shared between four neighboring
cells—must be reconciled and removed while cell edges must be con-
vex at vertices (Methods). The resulting spatial mask serves as input
into an image-based mechanical force inference pipeline (Fig. 1a and
Supplementary Fig. 1a).

Different algorithms exist forimage-based force inference”. Here,
we chose to implement the variational method of stress inference
(VMSI) approach proposed by Noll et al.”2. This algorithm uses a nonpla-
nar triangulation of junctional tensions to form a dual representation
ofthe cellarray geometry. A simultaneous fit of junctions with circular
arcs then allows the inference of both tensions and cellular pressures
up to a multiplicative and additive constant, respectively (Methods).
In doing so, it exhibits both increased accuracy and robustness com-
pared with other force inference methods?, particularly when the
pressure differential between adjacent cells is large. We benchmark
and calibrate this variational method for mechanical force inference
against a variety of optimizers, choices of hyperparameters in real
dataand simulations (Supplementary Fig.1b-g), ensuring it is robust
to perturbations and noise sources encountered in experimental data,
and makeitavailable asaPython package. Here, we have expanded the
utility of the original mechanical stress inference method by providing
improved quality control tools for the resolution of ‘invalid’ vertices
and options forimage tiling for largeimages (Methods). The mechani-
cal stress inference pipeline provides as output inferred intracellular
pressures, tensions at cell-celljunctions and mechanical stress tensors
for each segmented cell in the image. Both scalar and tensor quanti-
ties are determined. Scalar quantities are directly output as features,
while tensorial quantities, such as the mechanical stress tensor, are
converted to features that summarize the eigenvectors, orientation
and anisotropy of the tensor. This ensures that all resulting features
areindependently interpretable (Methods).

Alongside the measured transcriptomic readouts, the mechanical
estimates—tensions, pressures and stress tensor—comprise a mosaic
representation of spatial cellular identity. We use these interpretable
features to quantify statistical associations between genomic and
mechanical measures. Using this approach, we can thenbuild structural
equation models which take into account spatial confounders®, and
identify known mechano-sensors as well as genes and ligand-receptor
(LR) pairs associated with cell-cell junctional tension variability along
tissue compartment boundaries.

Boundaries between tissue compartments are characterized
by both gene expression and elevated interfacial tension
Toillustrate the application and potential of this approach, we first
apply our pipeline to the study of boundary formation in the gastru-
lating mouse embryo. The mechanisms that drive the formation of
precise boundaries between tissue compartments in the developing
embryo have been the subject of long-standing interest and debate*?.
Does cell fate specification precede a phase of cell rearrangement and
boundary formation or does the positioning of cells induce cell fate
acquisition? Inthe context of cell sorting, emphasis hasbeen placed on
the ability of cells to discriminate contacts between cells of the same
cell type—homotypic contacts—and between cells of a different cell
type—heterotypic contacts*®*’, Evidence for this phenomenon was first
shownin pioneering work by Townes and Holtfreter, who demonstrated
that mixed dissociated cells from different embryonic regions could
progressively sort into segregated cell clusters®.

Various hypotheses have been proposed to explain the basis
of this phenomenon, either through differential cell adhesion (also
known as the differential adhesion hypothesis (DAH))*, preferential
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Fig.1| A spatial mechano-transcriptomics framework applied to a E8.5 mouse
embryo seqFISH dataset. a, An overview of the spatial mechano-transcriptomics
pipeline, showingimmunostained membrane images and single-cell RNA-
sequencing references as inputs, followed by deep learning segmentation,
tension and pressure inference, gene expression imputation and final integrated
mechanical-transcriptomic output maps. b, A schematic (top left) and images of

Gene
expression

Embryo 2 Dataset 3

Dataset 2

the two different embryo sagittal sections considered in this study with close-ups
of the three different brain regions studied in more details thereafter. Dataset 1:
FMH and NC regions of embryo 1 brain; dataset 2: CM and FHM regions of embryo
2 brain; and dataset 3: MHB region of embryo 2 brain. Panels adapted from:

a (bottom left), ref. 24 under a Creative Commons license CC BY 4.0; b (top left
and middle), ref. 24 under a Creative Commons license CC BY 4.0.

celladhesion (also known as the selective adhesion hypothesis)*®, dif-
ferential cell contractility (also known as the differential interfacial ten-
sion hypothesis (DITH))* or juxtacrine signaling generating cell-cell
repulsionat heterotypic cell contacts (also known as higher interfacial
tensions (HIT))***. On the basis of modeling-based approaches and
experimental studies®*, it was established that both cell-cell adhe-
sionand cell contractility contribute to the tuning of a single physical

quantity, the cell-cell junctional tension (also known asinterfacial ten-
sionor contact tension), whichis the quantity thatis directly inferred
with our image-based force inference algorithm. Thus, it is possible
to formulate the four hypotheses above in terms of cell-cell junc-
tional tension. To understand how, consider two different cell types,
A and B, displaying homotypic junctional tensions between cells of
thesametype, T,,and Tg;, respectively, and an heterotypicjunctional

Nature Methods | Volume 22| April 2025 | 737-750

739


http://www.nature.com/naturemethods
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Article

https://doi.org/10.1038/s41592-025-02618-1

a
c
2
=
)
c
[0}
€
jo))
[}
)
b T o
=4
o
@ 05
kS
0

C

P 1o
<
3
% 05
o

0

(%3
[0
Q
z
©
(¢}
o™~
a
<<
=
=}

UMAP1
Blood progenitors Erythroid
® Cardiomyocytes ® FMHin
Cranial mesoderm Gut tube

@ Definitive endoderm
® Endothelium

@® Hematoendothelial progenitors
Intermediate mesoderm
Fig. 2| Spatial mechano-transcriptomic profiling of different E8.5 mouse
embryo brainregions. a, Instance segmentation masks of cell contours
(Methods) for datasets 1 (left), 2 (middle) and 3 (right). b, Spatial tension (T) maps
obtained with the VMSI algorithm from the cell segmentation masks of datasets 1
(left), 2 (middle) and 3 (right). ¢, Spatial pressure (P) maps obtained with the VMSI
algorithm from the cell segmentation masks of datasets 1 (left), 2 (middle) and

UMAP1
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3 (right). d, Spatial maps and Uniform Manifold Approximation and Projection
(UMAP) clustering plots of the cell types present in the datasets 1 (left), 2 (middle)
and 3 (right). Clusters and cell types were obtained by gene expression analysis
on the basis of the seqFISH and inputed gene expression profiles for all cells
contained in each dataset.
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tension, T, between cells of different types. For the boundary to be
maintained between segregated populations of A and B type cells, or
for A and B cells to segregate if initially mixed, DAH and DITH require
that 7,, > T,z > Ty, whereas the selective adhesion hypothesis and
HIT require that 7,; > max(T,,, Tgg). Therefore, using acombination of
cell-type annotation based on the transcriptomics data and the results
of the mechanical force inference analysis, it should be possible to
distinguish between these two scenarios.

To test our framework, we applied the force inference pipeline
to three published spatial transcriptomics datasets of the embryonic
day E8.5 mouse embryo obtained using seqFISH** (Fig. 2a-c and Sup-
plementary Fig. 2). We generated instance segmentation masks of
cell contours (Fig. 2a), derived spatial tension (Fig. 2b) and pressure
(Fig. 2c) maps using the VMSI algorithm, and classified cell types via
gene expression analysis (Fig. 2d). We focused on three examples
of boundary formation (Figs. 2 and 3a), where we could distinguish
between distinct cell types based on their transcriptional signature:
dataset 1 shows a boundary between cells with a neural crest (NC)
signature and the forebrain/midbrain/hindbrain (FMH), two tissues
of ectodermal origin; dataset 2 shows a boundary between cranial
mesoderm (CM) and the FMH; and dataset 3 shows a boundary sepa-
rating the midbrain and hindbrain (Figs. 2d and 3a). The formation of
thislast boundary is particularly well studied™® as it plays a crucial role
in the development of the brain, the boundary functioning both as a
signaling center, also known as the isthmus organizer, and as a physical
barrier for the developing brain ventricles*.

To determine the locus of the physical boundary between tis-
sue compartments, we used the results of our joint image-based
force inference (Fig. 2a-c) and spatial transcriptomics pipeline
(Fig. 2d and Supplementary Fig. 3b,c) to obtain an assessment for the
transcriptomics-based boundaries likelihood (Methods). From this
approach, it was possible to determine the compartment boundaries
foreachofthe datasets, asshowninFig.3a,b. Using the data associated
with the tension maps shown in Fig. 2b, we then computed, for each
dataset, the homotypicjunctional tension for each tissue compartment
and the heterotypic junctional tension existing at each boundary. As
evidenced by the violin plots in Fig. 3¢, homotypic tensions in tissue
compartments are ~12-35% lower than heterotypic tensions at the
compartmentboundaries depending on the dataset considered, with
dataset 1displaying the smallest difference and dataset 3 the largest.

Examining the robustness of the mechanical differences between
heterotypic and homotypic junctions involves investigating whether
elevated junctional tensions at heterotypicjunctions are also presentin
neighboring, parallel sagittal sections of the same embryos. Toaccom-
plishthis, we analyzed an additionalsslicelocated ata12 um separationin
thezdirectionfromthe previously examined midbrain-hindbrain region
(Supplementary Fig. 4a,b). With this level of z separation, the parallel
slices contain different cells within the same tissue region, thereby offer-
ingbiological validation for the inferred boundary mechanical proper-
ties. It is important to note that the midbrain-hindbrain region is the
sole one presentinthe dataset containing boundaries preserved across
multiple zslices. Our analysis reveals that our mechano-transcriptomic
pipelinerecapitulates the previously observed elevated heterotypicjunc-
tionaltension (Supplementary Fig.4c,d), underscoring the robustness
of our method. Further, we confirm that the gene expression-derived
midbrain-hindbrain boundary (MHB) occupies the same spatial loca-
tion in both dataset 3 (z-slice 1) and the parallel z slice (z-slice 2) (Sup-
plementary Fig. 5a). To account for cellular composition differences, we
computed a Gaussian-smoothed spatial field of cell pressure and stress
tensor magnitude quantities (Supplementary Fig. 5b,d) for eachzslice at
acommon set of sampled points (Methods). We found that there was no
significantglobal correlationin mechanical properties across the entire
region; thiswas consistent with our observation of spatial variancein cel-
lular mechanical properties within each sagittal (x-y) plane. However, we
hypothesized that there may be local spatial correlation in mechanical

properties atregions where cellmechanics are particularly biologically
relevant. We therefore used scHOT* to calculate local spatial correlation
in cell pressure and stress tensor magnitude across the region. Indeed,
we found that distinct regions exhibited different degrees of spatial
correlationin mechanical properties, with some regions showing high
correlation while others demonstrated high anticorrelation (Supple-
mentary Fig. 5c,e). In particular, we observed that regions close to the
MHB were more mechanically correlated than regions far away fromthe
boundary (Supplementary Fig. 5f,g). These results reinforce the robust-
ness of our observation that heterotypic junctional tension is elevated
at tissue compartment boundaries. Similarly, the local coherence in
cell mechanical properties at the boundary suggests the existence of
molecular mechanisms that are responsible for maintaining this coher-
ence. Taken together, our results seem to rule out a scenario based on
DAH or DITH in favor of a mechanism of boundary maintenance based
on HIT for all three distinct boundaries.

To challenge this scenario, we ran in silico experiments using
a simple and well-characterized biophysical model of multicellular
tissues*>*, Specifically, for each dataset, we simulated the mainte-
nance of the boundary between the two tissue compartments using
experimental values for homotypic and heterotypic tensions with
all other model parameters taken as the same. We also ran control in
silico experiments where the homotypic and heterotypic were taken
as equal (Methods). As shown in the upper panel of Fig. 3d, in silico
experiments confirm that, for all three datasets, a higher interfacial
tension at the boundary between tissue compartment is sufficient
for boundary maintenance. This phenomenon is characterized by an
invariance of the heterotypic boundary length (Methods) over the
length of the simulations (Supplementary Fig. 6d). Here, we also note
that the ‘roughness’ of the boundary is inversely proportional to the
ratio of the homotypic and heterotypic tensions. Moreover, control
simulations confirm that, in the absence of a higher heterotypic ten-
sion, cells of both cell types start to mix, leading to a progressive dis-
solving of the boundary between the tissue compartments, as shown
inFig.3d, bottom, and evidenced by the increasing values taken by the
heterotypic boundary length in these simulations (Supplementary
Fig. 6d). Moreover, further insilico simulations using similar numerical
parameters, but with differentinitial conditions where cells are mixed
atrandom, demonstrated that a higher interfacial tension is also suf-
ficient to explain the formation of segregated tissue compartments
viaa cell sorting mechanism, as shown in Supplementary Fig. 6b,c.

Overall, HIT appears to be a particularly robust mechanism for
tissue compartment boundary maintenance, as even a difference as
smallas -10% between homotypic and heterotypic tensions appear to
be enough to maintain aboundary. Moreover, spatial tension profiles
might provide a highly accurate way to determine, with subcellular
resolution, the location of the boundary between tissue compart-
ments. For example, the one-dimensional (1D) tension profile at the
boundary between the midbrain and hindbrain is shown in Supple-
mentary Fig. 7a, plotted against the 1D gene expression profiles of
Otx2and Gbx2, two well-characterized markers of the mesencephalon/
prosencephalon and of the rhombencephalon, respectively (Supple-
mentary Fig. 7b). In this case, the position of the boundary canbe very
accurately pinpointed as the maximum of the 1D tension profile and
correspondsto theintersection of the midpoints of the Otx2 and Gbx2
gradients. Asimilar phenomenonis observed at the boundary between
the cranial mesoderm and the FMH tissue compartments, asshownin
Fig.4a, where the maximum of the 1D tension profile coincides with the
intersection of the midpoints of the Wnt5b and Bmp4 gradients, two
well-characterized markers of the FMH and CM, respectively (Fig. 4b).

LR analysis identifies putative molecular determinants of

elevated interfacial tension at tissue compartment boundaries
Next, we quantified the interaction between transcriptional profiling
data and force inference readouts. As higher interfacial tensionis a
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and homotypic tension (cell-cell tensions for junctions within each tissue
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likely physical determinant of tissue compartment boundaries main-
tenance, we questioned whether the spatial transcriptomics data can
provide insight into the molecular mechanisms underpinning this
phenotype. As afirst step, we used unbiased LR analysis using the spatial
gene expression data, making use of the CellChatDB LR annotation
database (Methods). We analyzed a dataset involving the boundary
between the cranial mesoderm and the FMH tissue compartments
and adatasetinvolving theboundary between midbrain and hindbrain
tissue compartments.

Focusing on cells sharing heterotypic contacts (that is, on the
boundary), it was possible to screen for the expression levels of known
LR pairsand thento compute from their interaction potential (Fig. 4g
and Supplementary Fig. 7g) an absolute interaction likelihood (Fig. 4c,e
and Supplementary Fig. 7c,e), distinguishing the directionality of
interactions. Considering only LR pairs displaying a positiveinteraction
likelihood and filtering out the top 50 pairs, we ran a Gene Ontology
(GO) overrepresentation analysis, the results of which are reported
in Fig. 4d,f, and Supplementary Fig. 7d,f. The results emphasize the
role of LR signalingin controlling mechano-biological processes such
as ‘response to mechanical stimulus’, ‘regulation of cell adhesion’,
‘anatomical structure morphogenesis’ and ‘ephrin receptor signaling
pathway’ at the tissue compartment boundaries in both datasets.

Notably, considering LR pairs displaying the highest positive
interaction likelihoods, itis apparent that some of these pairsinvolve
canonical transmembrane receptors and diffusible ligands such as
Wnt5a-Fzd5, which are knownto play a crucial role in anterior-poste-
rior axis formation and patterning during mammalian development*,
Fgf18-Fgfrl, knownto play akeyroleinthe establishment of the bound-
ary between midbrainand hindbrainin mouse* and Edn1-Ednra, shown
to be a key determinant of cranio-facial morphogenesis in mouse
and human*®. Interestingly, 2D maps and 1D spatial gene expression
profilesin Fig. 4h and Supplementary Fig. 7h show that these LR pairs
areinvolvedin directional signaling. For example, indataset 2, the CM
actsasanalmost spatially homogeneous source of Wnt5a, whereas its
expression sharply decreases into the FMH region beyond the com-
partment boundary. This expression profile is mirrored by the spatial
expression pattern of the receptor, Fzd5, which is not expressed in
CM, but displays a spatially graded profile in the FMH, with the high-
est point of the gradient found in cells proximate to the boundary on
the FMH side.

Furthermore, a substantial fraction of the top LR pairsare ephrin
ligand (Efn) receptor (Eph) pairs, such as Efnal-Epha5, Efnbl-Ephblor
Efnb3-Ephb2,asshowninFig.4c,e and Supplementary Fig. 7c,e. Ephrin
ligands are membrane-bound proteins, which can only interact with
ephrinreceptors expressed in neighboring cells, with cells expressing
aligand usually downregulating the expression of its associated ephrin
receptor(s) and vice versa***’. This leads to a characteristic spatial
expression pattern, which canbe observedin the 2D mapsand 1D spa-
tial gene expression profiles in Fig. 4h where the ephrin ligand (Efnal
or Efnb1) isstrongly expressed in one of the two tissue compartments
(herethe CM), while the receptor (Epha5 or Ephbl) is expressed almost
exclusivelyin cells proximate to the boundary inthe other tissue com-
partment (here the FMH). The same characteristic spatial patternis also
observedin dataset 3, where one canobserve in Supplementary Fig. 7h
the mutually exclusive spatial pattern of Efnb3 and Ephb2 at the MHB.

Ephrin-LR signaling is well known to generate ‘repulsion’ at het-
erotypic cell-cell contacts and tissue compartment boundaries via
downstream signaling pathways that increase interfacial tension for
cell-cell junctions located on the boundary®****. Consequently, the
presence of multiple ephrin-LR pairs with highinteraction likelihood
ontheboundary between CM and FMH provides a potential mechanis-
ticexplanation for the observed higher heterotypicinterfacial tension
attheboundary, and could be generalized to explain the higher inter-
facial tension also observed for other tissue compartment boundaries
in dataset 3 or dataset 1.

While these findings emerge naturally from the combined tran-
scriptomic and force inference analysis of the E8.5 mouse embryo, this
mechanism constitutes a ubiquitous feature of boundary formation
in vertebrates, and has been observed in a variety of developmental
contexts such as the boundary between mesoderm and ectoderm
in the Xenopus laevis embryo®, the boundary between the different
segments of the hindbrain (rhombomeres) in zebrafish and chick
embryos*®, the boundaries between somites®**’, and compartments
of the neural tube®** in zebrafish embryos. In all these systems, the
mechanismdriving theincreaseininterfacial tension at theboundary
appears to be caused both by an increase in actomyosin contractility
duetomyosinll phosphorylationdirectly downstream ephrin-LR sign-
aling via Ephexin-mediated RhoA activation and a localized decrease
in cell-celladhesion due to selective expression of cell-cell adhesion
molecules such as cadherins or protocadherins®**7*%,

While our approach, based on spatial transcriptomics, does not
allow us to directly quantify actomyosin activity, we could nonethe-
less investigate the spatial patterns of cell-cell adhesion molecules
at the boundary between CM and FMH in dataset 2, as shown in Sup-
plementary Fig. 11a. Interestingly, CM and FMH display reciprocal
patterns of cadherin expression so that when one particular cadherin
is upregulated in one tissue compartment, such as Cdh2 in the FMH
or Cdhll in the CM, it is downregulated in the other compartment.
As homophilic cadherin adhesion is energetically favorable over (or
equivalentto for typel cadherins) heterophilic cadherinadhesion®, this
creates a situation where cell-cell adhesion is markedly decreased at
theboundary between tissue compartments and increased withinthe
respective tissue compartment, correlating once again with the pattern
of higher heterotypic tension at the boundary and lower homotypic
tension within tissue compartments. Previous work suggests that,
during zebrafish neural tube compartmentalization, this mechanism
isalsoregulated viaasignaling gradient of the morphogen Shhto Cdh2
and Cdh1l via protocadherin Pcdh19 (ref. 50), an observation we are
ableto corroboratein our systemas shownin Supplementary Fig.11a.

Interestingly, another study on mouse neural tube patterning has
shown that a dorso-ventral (DV) gradient of mechanical forces exists
inthe embryo and leads to a graded activation of YAP signaling along
the DV axis, causing a spatially compartmentalized expression of the
transcription factor Foxa2 and its downstream transcriptional target
Shh*. Since such a gradient of mechanical tension exists in the vicin-
ity of the boundary between the CM and FMH in dataset 2 (Fig. 4a), it
is tempting to speculate that it could also lead to the formation of a
gradient of YAP signaling activity in this system, and thus be the ori-
gin of the observed Shh gradient at the compartment boundary. This
hypothesisis supported by the observation of a graded expression of
Cyrél,awell-characterized transcriptional target of Yap, and of Foxa2
andits transcriptional targets, such as Ptchl, at the border between CM
and FMH, asshownin Supplementary Fig. 11b. In addition, asshownin
Supplementary Fig.11c, markers of neural tube DV patterning, Nkx2.2,
Nkx6.1, Pax7 and Pax3, are also expressed at the boundary between the
CM and FHM tissue compartments in a spatial sequence that follows
the spatial gradient of mechanical forces and is reminiscent of that
observed in the mouse neural tube™.

Overall, these results provide a rational molecular mechanism
to explain the higher heterotypic interfacial tension observed at the
boundarybetween tissue compartmentsin our different datasets and
supportthe conclusion that this mechanism may play animportantrole
inmaintaining asharp boundary at the interface of two tissue compart-
ments. The LR analysis was performed with spatial transcriptomics
data alone, without taking the inferred mechanical properties of the
boundary into account. Nevertheless, these independent analyses
yielded complimentary results; the LR gene pairs with highest interac-
tion potential are enriched in adhesion and mechano-transduction,
providing putative molecular mechanisms for the mechanical prop-
erties of the boundary. This illustrates how the combination of force
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inference analysis with spatial molecular profiling can provide insight
intothe mechanism of boundary formation in the context of embryonic
development.

GSEMs detect gene expression modules associated with
cellular mechanics while controlling for spatial confounders
Our previous analysis identified putative mechanisms for cooperativity
between gene expression and cellular mechanics in establishing and
maintaining boundaries during development. To identify additional
developmental processes in which cellular mechanical and transcrip-
tional states are coordinated, we next sought to perform unsuper-
vised tests for associations between gene expression and mechanical
measurements.

We first tested the association between gene expression and
mechanical state for datasets1and 2 by using alinear model toregress
single-cell gene expression levels on two mechanical quantities: cel-
lular pressure and the magnitude of the cellular stress tensor (Meth-
ods). Statistical analysis identified anumber of ‘mechano-associated’
genes, that is, genes whose expression is significantly up- or down-
regulated with cellular pressure or stress tensor magnitude. To identify
genes that are confidently associated with mechanics, we searched
for genes that were significantly associated with mechanical quanti-
ties in both datasets. Supplementary Fig. 10a shows that there were
150 pressure-associated and 1,049 stress tensor-associated genes
shared by datasets 1and 2, respectively. Among these, a total of 131
mechano-associated genes showed significant association with both
pressure and stress tensor magnitude for both datasets. GO overrep-
resentation analysis (Methods) showed that this gene set is enriched
in genes associated with ‘cell migration’, ‘tissue morphogenesis’ and
‘ECM organization’ (Supplementary Fig.10b), processes that are highly
dependent on cellular mechanical state.

To further identify specific signaling pathways and mechanisms,
we examined the specific genesinvolved. Volcano plotsin Supplemen-
tary Fig.10c show these mechano-associated genes for dataset 2, high-
lighting in red some of the 131 top associated genes discussed above.
Some genes, such as Hplnl or Col4al, are associated with extracellu-
lar matrix (ECM) structure and mechanical properties, while others,
suchasCcnl2, areinvolvedincell cycle regulation or cell metabolism,
including Igf2. Some genes such as Arhgef15 (involved in ephrin-LR
signaling), Actb, Dchzland Rhod areinvolved in cytoskeleton organiza-
tion and contractility. Consistently, others are known transcriptional
targets of well-characterized mechano-transducers such as Cavl and
Cyré61, which are downstream of Yap. Interestingly, all of the aforemen-
tioned genes have gene expression patterns that negatively correlate
with the magnitude of the pressure and stress tensor, that is, they tend
to be upregulated in cells under tensile stress and downregulated in
cellsunder more compressive stress.

However, alimitation of linear regression testingis that it does not
account for spatial confounding effects. Spatial confounding could
interfere with the estimated effects because both morpho-mechanical
measurements and transcriptomic states are themselves spatially
dependent;in particular, tissue regions comprising common cell types
or subtypes may show similarities in both bulk mechanical proper-
ties and transcriptomic states. Therefore, we performed a second
analysis, utilizing a geoadditive structural equation model (gSEM),
which accounts for spatial confounding effects in both predictor and
response variables by modeling and subtracting the spatial confound-
ing effects fromboth variables, resulting in spatially regressed variables
with no spatial confounding. This methodology provides a means for
rigorously accounting for spatial confounding effects in our data.

Wetested the association between gene expressionand mechan-
ical state for all three datasets using a linear model to regress spa-
tially regressed single-cell gene expression levels on the two spatially
regressed mechanical quantities (Methods). We identified a number
of mechano-associated genes, as expected, accounting for spatial

confounding resulted in fewer statistically significant genes being
identified. Most of these genes appear to be cell type and tissue specific,
suggesting that the effects of cellular mechanics on gene expression
are context dependent; this highlights the utility of our approach to
infer mechanical properties and gene expression in the same cells.
Despite differences in specific mechano-sensitive genes, GO over-
representation analysis (Methods) showed that GO terms relevant to
both developmental processes and cellular mechanics were enriched
across multiple datasets (Fig. 5b,d and Supplementary Fig. 8b,d). For
example, weidentified terms such as ‘negative regulation of substrate
adhesion-dependent cell spreading’ and ‘negative regulation of cell
morphogenesisinvolved indifferentiation’enriched in dataset 2, while
dataset 3 was enriched in the terms ‘regulation of actin cytoskeleton
organization’ and ‘leukocyte migration’.

Volcano plots in Fig. 5a,c and Supplementary Fig. 8a,b show the
mechano-associated genes identified for datasets 2 and 3. We found
that, although there was generally a low degree of overlap between
genes identified as significantly associated in the linear regression
analysis above and the gSEM analysis, the inferred effect sizes showed
good correlation across both analyses (Supplementary Fig. 8c,e).
Furthermore, several genes were highlighted in both analyses. Many
of these genes have known roles in regulating cellular mechanical
properties, for example, Slc9a3r2 (NHERF2), Limaland Crabp2 (Fig. 5e).
Slc9a3r2interacts with and regulates the ERM complex, which couples
the actomyosin cortex with the cell membrane and enables forces
generated through cytoskeletal dynamics to influence the overall
mechanical properties of the cell and, more particularly, the cell-cell
junctional tensions®. Limalis also relevantin actin cytoskeletal dynam-
icsthrough regulating actin fiber crosslinking and depolymerization®,
while Crabp2, acomponent of the retinoic acid signaling pathway, has
previously been shown to modulate mechano-sensingin the context of
pancreatic cancer>®. Our analysis also revealed anumber of novel links
between mechanics and gene expression. One suchexampleis Apba2,
which interacts with and stabilizes the amyloid precursor protein
(APP). Interestingly, previous work has shown that aggregation of the
amyloid-f peptide generated by APP affects the mechanical proper-
ties of single cells in a pathological context”’. This novel association
suggests a potential role for Apba2, and thus APP, in responding to
changesin mechanical state during development.

Analysis of nonlinear associations between gene expression
and mechanical properties identifies distinct patterns of
association with cellular mechanics

We next turned to investigate nonlinear associations between cellular
mechanics and gene expression at the single-cell level. To that aim, we
ranked cellsineach dataset by either cellular pressure or stress tensor
magnitude, and computed smoothed expression value estimates using
alocal weighted-median metric. Subsequently, we used scHOT* to
identify statistically significant patterns of association between the
weighted median gene expression and cellular mechanical property.
Significant gene-mechanics associations were then clustered using
hierarchical clustering to identify clusters of genes with consistent asso-
ciation patterns. We performed this analysis for both dataset 2 (Fig. 6)
and dataset 3 (Supplementary Fig.9). For dataset 2, we obtained seven
clusters of genes associated with pressure and four clusters of genes
associated with stress tensor magnitude. For dataset 3, we obtained
seven clusters of genes associated with pressure and five clusters of
genes associated with stress tensor magnitude.

The clusters identified in dataset 2 revealed that different clus-
ters showed distinct patterns of association with cellular mechanics,
and different spatially localized patterns of expression, suggesting
that mechanical differences between tissue regions may influence
region-specific gene expression. Interestingly, we alsoidentified func-
tional differences between genes in different clusters. In dataset 2,
amongst genes nonlinearly associated with pressure, cluster1displayed
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Fig. 5| Structural equation regression identifies significant correlations
between gene expression and cellular mechanics accounting of spatial
confounding effects. a, A volcano plot for dataset 2 showing, for each gene,

the adjusted (adj.) P value by two-sided t-test followed by BH adjustment (y

axis) plotted against the regression coefficient, B,,.,, Obtained by regressing
the spatially regressed residual of gene expression on the spatially regressed
residual of cellular pressure (x axis). Side plots represent such linear regressions
for two example genes whose spatially regressed gene expression residuals are
respectively negatively (left) and positively (right) associated with the spatially
regressed residual of cellular pressure. b, GO overrepresentation analysis for up-
and downregulated genes with cellular pressure. GO terms are ranked according
to Pvalue by hypergeometric test and gene count. ¢, A volcano plot for dataset

2 showing, for each gene, the adjusted Pvalue by two-sided ¢-test followed

by BH adjustment (y axis) plotted against the regression coefficient, By,
obtained by regressing the spatially regressed residual of gene expression on the
spatially regressed residual of the magnitude of the cellular stress tensor. Side
plotsrepresent such linear regressions for two example genes whose spatially
regressed gene expression residuals are respectively negatively (left) and
positively (right) associated with the spatially regressed residual of the cellular
stress tensor. d, GO overrepresentation analysis for up- and downregulated
genes with cellular stress tensor. GO terms are ranked according to P value by
hypergeometric test and gene count. e, Spatial gene expression maps for selected
genes (labeled in purple ina) displaying significant correlations between gene
expression and cellular pressure in both the linear and the structural equation
regression analyses.

asigmoid expression profile where gene expression is upregulated at
low intracellular pressure and downregulated after a certain pressure
threshold (Fig. 6a). GO overrepresentation analysis (Methods) revealed
that these genes were involved in developmental processes such as ‘cell
fate commitment’, ‘neuron differentiation” and ‘glial cell migration’.
Genes in cluster 4 display the opposite behavior, being expressed at a
low levels before becoming upregulated at higher intracellular pres-
sure when values exceeded a certain threshold (Fig. 6a). These genes
were found tobe associated with avariety of cellular and developmen-
tal processes such as ‘pattern specification process’, ‘epithelial tube
formation’ and ‘forebrain neuron development’. Reflecting the GO

overrepresentation analysis, we also observed known master regula-
tors of neural development (for example, Wnt7b, Lhx2, Pax3 and Enl),
aswellasgenesinvolvedin celladhesion and contractility (forexample,
Epha7 and Shroom3) within the same clusters, suggesting cooperativity
between cellular mechanics and regulation of developmental processes.

Asfor genesnonlinearly associated with stress tensor magnitude,
clusters 1and 4 also displayed the two kinds of sigmoid response pre-
viously encountered (Fig. 6b). Genes in cluster 1 were associated with
‘forebrain development’ and ‘telencephalon development’, and were
upregulated at low stress tensor magnitude before sharply decreasing
their expression beyond a certain threshold. Mirroring this behavior
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spatial gene expression maps for example genes with representative behaviors.
GO terms are ranked according to Pvalue by hypergeometric test and gene count.
b, Analysis of nonlinear associations between gene expression and cellular stress
tensor magnitude in dataset 2. The analysis was performed as for a. Line plots

of the weighted-median expression z score against cellular pressure ranking are
shown for selected clusters, along with bar plots showing GO overrepresentation
analysis of genes in each cluster. Bottom: spatial gene expression maps for
example genes with representative behaviors. GO terms are ranked according to
Pvalue by hypergeometric test and gene count.

were genes of cluster 2, which were associated with ‘central nervous
system development’ and ‘proximal/distal pattern formation’, and
were downregulated at low and high stress tensor magnitude, with
expression within only anarrow range of stress tensor magnitude val-
ues. Notably, the expression profiles displayed by gene clusters 1and
2 showed a remarkable sensitivity, suggesting that the expression of
these genesisregulated by either amechano-sensitive band-pass (clus-
ter 2) or band-stop (cluster 1) filter. Corroborating this, we observed
similar band-pass behavior in gene clusters identified in dataset 3

(Supplementary Fig. 6); again, we also observed co-localization of
factorsimportantin developmentand regulators of cellular mechan-
ics within the same clusters. This suggests that these band-pass and
band-stop behaviors may be general mechanisms for coupling mechan-
ics and gene expression during development. While such nonlinear
gene expression dependencies have been engineered in synthetic
bacterial and mammalian systems in response to external biochemi-
cal signals®®, their observation in the setting of a native tissue s, to our
knowledge, unprecedented.
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Discussion

Inthis study, we presented acomputational framework for combined
spatial transcriptomics and image-based mechanical force inference at
single-cell resolution. Using synthetically generated images of multicel-
lular tissues, we showed that our approach is accurate and robust to
noise associated with confocal fluorescence imaging of immunostained
tissue sections and cell instance segmentation. We demonstrated that
our framework can be applied to ISH-based spatial transcriptomics
datasets by performing anintegrated analysis of a seqFISH dataset of
the E8.5 mouse embryo. Using three different brain regions from two
different embryos as benchmark datasets, we were able to perform
anintegrated analysis of mechanical forces and gene expression at
single-cell resolution.

Our analyses revealed that boundaries defined by differential
gene expression are consistently associated with elevated cell-cell
junctional tension, which remains conserved across parallel z planes
and underscores the role of mechanical forces in boundary forma-
tion and maintenance. Biophysical simulations demonstrated that
heightened heterotypic tension alone can sustain these boundaries and
may initiate them when cell types are initially intermixed. LR analysis
further indicated that ephrin signaling contributes to this elevated
tension through locally enhanced actomyosin contractility and dif-
ferential cell adhesion. Finally, a gSEM uncovered numerous genes
whose expression correlates nonlinearly with tension and pressure.
These genes span key biological processes, including cell migration,
cell metabolism, mechano-transduction, responses to morphogens
and hormones, and tissue morphogenesis. Notably, the expression of
some genes was found tobe up-or downregulated over anarrow range
of mechanical forces, suggesting the existence of mechano-sensitive
band-pass and band-stop filters.

The nonlinear associations with mechanical forces identified in
our analyses provide acompelling case for further experimental work
aimed at elucidating the precise molecular mechanisms underpin-
ning these behaviors. There are anumber of promising experimental
approaches that would enable the quantitative characterization of
putative band-pass and band-stop mechano-sensing genes. For exam-
ple, combining optogenetic control of actomyosin contractility with
invivo live mRNA imaging through the MS2 reporter system* *>would
enable the measurement of changes in gene expression in response
tolocal perturbations of cellular interfacial tension. Indeed, our com-
putational methods complement this approach well. Experimental
approaches to live mRNA imaging, such as the MS2 reporter system,
cannot be multiplexed to image many genes or transcripts simul-
taneously; our pipeline for inferring tissue mechanical properties
and identifying nonlinear associations between mechanics and gene
expression cantherefore be used to select candidate genes of interest
for experimental investigation.

However, our analysis also highlights the limitations of the seqFISH
technology.First, the fidelity of this approachis highly dependent on the
quality of staining and 2D sectioning. The quality of membrane immu-
nostaining can hinder the segmentation of individual cell contours,
leading to inaccurate recovery of cell junction curvatures, imprecise
inference of mechanical forces and difficulties in processing large
datasets. Alternative membrane staining strategies, such as the use of
antibodies against other membrane proteins or against other compo-
nents of the cell membrane such as glycolipids®®, can improve mem-
brane staining and allow large-scale automated cell segmentation and
accuratemechanical force inference. Furthermore, all currentISH-based
spatial transcriptomics methods require successive rounds of probe
hybridization and imaging, and therefore must undergo tissue fixation
before antibody staining for membrane segmentation. Different fixa-
tion strategies, including the paraformaldehyde fixation used for the
seqFISH dataused in this study, have been shown toinduce morphologi-
cal distortions such as cytoplasmic shrinkage in cultured cells®*. Since
forceinference requires accurate cellmorphologies that are reflective

ofthe true mechanical state of the tissue, the potential effects of fixation
on the accuracy of inferred mechanics must be considered. Second,
our current approach focuses on 2D slices. While it has been shown
that 2D force inference is a good proxy for 3D inference for simple iso-
tropic cellular ensembles, such as those found in components of early
mouse or nematode embryos®, thisis not generally true for nonplanar
and anisotropic systems. For example, the seqFISH dataset used in this
analysisincludes whole-embryo sagittal sections, where some regions
may intersect the plane of the sectionrather than being parallel toit. This
means that the inferred 2D stress tensor captures only a subset of the
information presentin the full 3D stress state of a cell. Inaddition, E8.5
mouse embryos contain a variety of regions that are not populated by
cells, but by ECM and fluid-filled cavities whose mechanical properties
influence the mechanical behavior of adjacent tissue layersin ways that
cannotbe captured by the present 2D method. Generalizing the current
framework through 3D gene expression profiling®®, cell segmentation
and force inference®“® will be a critical step toward a more integrative
and precise understanding of the reciprocal role of mechanical forces
and gene expression, cell fate decisions and tissue morphogenesis
during development. Taking advantage of improved staining and 3D
imaging, future studies will aim to extend the scope of our analysis by
incorporating additional morphometric measuresto capture cellshape,
such as point cloud-based methods' or Fourier shape descriptors®.
In addition, the measurement of additional genomic modalities, such
as metabolomics, proteomics and chromatin accessibility, as well as
metrics that capture the nature of the local cell environment, such as
the size and composition of the cell neighborhood or the coarse-grained
stress tensor, could help usto better understand how cellular mechani-
caland transcriptional phenotypes are regulated and integrated at the
tissue and organismal level. Finally,advancesin computational methods
for analyzing spatial omics will enable a more robust and comprehen-
sive characterization of the relationship between tissue mechanical
properties and its transcriptomic, epigenetic and proteomic state.
For instance, our analysis of LR communication across boundaries
did not consider potential communication between nonadjacent cells
via diffusible ligands. This is due, in part, to the highly pathway- and
context-dependent nature of paracrine signaling with which existing
methods forinferring spatial intercellular communication struggle. As
improved computational methods are developed for analyzing spatial
data, the utility of our approach willundoubtedly increase.

Overall, our computational framework can be applied directly to
ISH-based spatial transcriptomics datasets with minimal additional
processing required. Although some previous studies have performed
combined analysis of single-cellmorphometrics and gene expression®
and others have investigated the relationship between mechanical
forces or mechanical properties and expression of individual genes’®”,
integration of mechanical force inference and spatial transcriptomics
at single-cell resolution has not been previously reported. The work
presented here contributes to our understanding of the interplay
between mechanical forces and gene expression at the cell and tissue
level and provides aninnovative and powerful tool that canbe applied
to other spatial transcriptomics datasets to further investigate this
interplay in a variety of physiological and pathological contexts.
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Methods

Transcriptomics quantification

A previously published multi-embryo seqFISH dataset was used to
examine the utility of the spatial mechano-transcriptomics workflow*.
Inthisapproach, the abundance and positions of individual transcripts
were obtained at subcellular resolution for 387 genes across sections
ofthree mouse embryos at developmental stage E8.5. This dataset was
used toimpute a broader pattern of gene expression taking advantage
of the mouse gastrulation atlas dataset, a previous single-cell atlas
obtained from single-cell RNA-sequencing analysis using al0X Genom-
ics pipeline’””. We targeted the correlation between cell mechanics and
gene expressionin the context of boundary formationin three different
brainregions (Fig. 1b), spanning the intersection between the FMH and
NC (dataset 1), theboundary between the CM and FHM (dataset 2) and
anupper brainregion involving the MHB (dataset 3).

Image segmentation. High-quality segmentation masks are essential
for accurate image-based mechanical force inference. As the existing
segmentation masks for the E8.5 mouse seqFISH dataset exhibited
high variability across biological regions and replicates with frequent
instances of over- or undersegmentation, we reprocessed the imaging
datasets as follows. We first preprocessed the membrane segmenta-
tion immunofluorescence images by local contrast enhancement in
Fiji”® using the Contrast Limited Adaptive Histogram Equalization
algorithm™ with parameters (blocksize = 99, histogram bins =128,
slope =5), followed by denoising via outlier removal. Next, we per-
formed automated segmentation of 4,6-diamidino-2-phenylindole
(DAPI)-labeled cell nuclei using a custom deep learning pipeline. The
ground-truth dataset used for training was composed of 12 image and
mask pairstilled into16 random 256 x 256 pixel image patches and split
into three batches comprising training, validation and test datasetsin
a70:15:15 ratio. The convolutional neural network trained for binary
segmentation involved a custom ‘light weight’ U-Net with a reduced
depth of one level as compared with the original implementation”
resultinginanetwork with~0.5 million nodes and using ELU instead of
ReLuasactivation functions. Training was carried out using Tensorflow
2.0 and Keras 2.8 libraries’, using a custom loss function combining
weighted binary cross-entropy and diceindex loss, and using the Adam
optimizer, a batch size of 16 and a learning rate of 0.0001. Then, the
resulting nuclei centroids were used as seeds to ainitialize awatershed
algorithm’” to generate cell instance segmentation masks on the basis
of the averaged E-cadherin, N-cadherin, pan-cadherin and 3-catenin
immunostaining fluorescence signals. The cell contour segmentation
masks were further preprocessed and curved edges between cell-cell
contacts wereidentified via circular arcfitting. Poor-quality edges were
manually corrected using Fiji’.

Circular arc polygon tiling. Following image segmentation, circular
arcs approximating the locus of cell boundaries and their contact
pointsarerequired for downstream stress inferences®. Thisresults in
acircular arc polygon (CAP) tiling. More precisely, the CAP tiling fits
acircular arc parameterized by the center of curvature p,g and radius
of curvature R, to each cell-cell junction between two cells a.and B.
In cases where the cell-cell junction is not curved or exhibits incon-
sistent curvature (for example, ‘wiggly’ boundaries where the sign of
curvature changes along the boundary), a straight line was fit to the
junctioninstead. The curve-fitting procedure, as well as the criteria for
identifying straight junctions, were adapted fromref. 22.

Spatial transcriptomics processing. Cellsidentified in the corrected
segmentation were correlated with cellsin the original segmentation
using a pairwise Jaccard index. Real overlaps were defined as cells with
greater than 0.1]Jaccard similarity, and all overlaps were filtered out.
Weights for each cellin the original segmentation mask for each cellin
the corrected segmentation mask were calculated using the fraction

of overlap in the segmentation masks. Cells in the corrected segmen-
tation with <0.4 total overlap were filtered out. The resulting weights
were used to compute corrected expression matrices, using a weighted
mean of boththeimputed expression values and raw counts for genes
profiled by seqFISH. Corrected raw counts were further normalized by
the total mRNAs identified in each cell and log transformed.

Tissue boundaries defined by transcriptomic profiles. Boundaries
within the three datasets were defined using a boundary likelihood
metric. For a given cell i with neighbors N and two sets of cell types A
and B, theboundary likelihood between A and Bat cell i was defined as

L=Al/2[ieA]><Al/Z[i€B]~ ®

ieN ieN

Athreshold of L > 0.15was applied to identify cells at aboundary. The
boundarywithinthe ‘embryo 2 midbrain-hindbrain’ region was defined
manually, similarly to the method applied in the original study?.

To investigate properties of cell-cell junctions at boundaries,
each cellwas assigned a distance toboundary d, defined as the number
of neighbors between that cell and the closest cell belonging to the
boundary. A cell-cell junction between the cell pair {a, 8} was defined
as‘near-boundary’if min(d,, d;) <5and‘at-boundary’if min(d,, ds) =0.
At-boundary junctions were then classified ashomotypicifbothcells
belonged to the same cell-type set, or heterotypic otherwise.

LR signaling analysis across tissue compartment boundaries.
Log-transformed, normalized imputed gene expression values were
derived after correction using the method described above and used
for analysis of LR signaling potential across tissue boundaries.

LR annotations from the CellChat database’® were obtained with
Omnipath” and filtered for LR pairs for which both ligand and receptor
showed non-zero expressionin our transcriptomic data. An ‘interaction
potential’ P,z =L, * Rywas defined for each LR pair {L, R} across the
cell pair {a, B} to quantify the potential degree of signaling through
the receptor. This definition takes into account the directionality of
signaling interactions and allows for the signaling through the recep-
tor to beinvestigated independently for both tissues at aboundary.

LRsignaling interactions were compared for two spatially adjacent
celltypes{A, B} using the interaction likelihood metric/, defined as

IL—>R = min(WA, WB)! (2)

where W, represents the Wilcoxon rank-sum test statistic between the
interaction potential distribution P, , sfora €A, e Band theinterac-
tion potential distribution for {a, 8} € A. Signaling interactions were
ranked by interaction likelihood, with negative interaction likelihoods
(thatis, where the {A, A} interaction likelihood or {B, B} interaction
potential is higher than the {4, B} interaction likelihood) filtered out,
andgenesinthetop 50 interactions were tested for overrepresentation
of GO terms compared to the total set of ligand and receptor genes (see
the'GO analysis' section).

Mechanics quantification

Inferring tension from images. There are a variety of methods for
inferring intercellular stress intissues at mechanical equilibrium, that
is, where the tensions at each vertex of the cellarray sumto zero®. These
methods vary insophistication, whichmechanical features areinferred
and dependence on theimage segmentation quality. At the most basic
level, segmentation-free methods exploit the correlation between
cell shape anisotropy and stress anisotropy to derive coarse-grained
estimates of tissue stress in tissues where accurate cell segmentation
cannot be performed®. If segmentation is possible, but there is high
noise that prevents a precise determination of the geometry of cell-cell
junctions and vertices, methods such as chord inference can be used
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that model cell-cell junctions as straight lines and therefore discount
the contribution of cell pressure to the geometry of the cell array®.
Tangent inference methods improve on chord inference by using the
angle between cell-celljunctions at vertices. This allows for less noisy
output but requires more precise image segmentation. However, cell
pressures are again not taken into account in this approach®. Recent
methodsare abletoinfer both celljunction tension and cell pressure by
measuring the curvature at cell-cell junctions as well as vertex angles.
However, these methods generally require increased segmentation
precision and are not robust to noise. The VMSImethod? circumvents
these issues by inferring both pressures and tensions simultaneously
fromfitted CAPtilings instead of the segmented image, as the CAP til-
ing provides additional noise reduction over the segmentationiitself.
Hence, we build on and extend the VMSI method to probe the mechani-
cal properties of seqFISH generated data.

Mechanical phenotypes. Following?, three mechanical phenotypes
were computed for each cell @ and each adjacent cell pair («, §): the
cellular pressure p,, the cell-cell junctional tension T, ;and the stress
tensor g,.

Given a CAP tiling, let p,; be the center of the curvature of the
circular arc at the (a, p) cell-cell junction, and let R,; be the radius
of curvature of the same arc. Force balance equations result in geo-
metrical constraint variables{q, 8,}, which parameterize the curvature
center and radius

PpAg — Pala
=27 °= 3
Pop Pp— Pa (3)
—qz2 0,-6
Reg = \l Pepplte gl _ % _pﬂ. @)
(pa _pﬂ) a B

Cellularpressure. Cellular pressures were computed in two steps®. First,
initial values for cell pressures p,and geometric constraint parameters
q enforced the condition that p,, the center of curvature to the edge
verticesr; r, must be perpendicular to the edge tangents 7, 7, minimiz-
ing the functional

1 pa2 a2
Ep,q = fl_ez(a'ﬂ)[ti XTj] + [thTj] s (5)

where £;is the unit vector alongr,—p,sand #;is the edge tangent at vertex
i.Similarly, initial values 8 optimized the functional

1 1 g
Eg=T@pRp— (§|ri ~Pasl + 518 _paﬂl) , (6)

where p,;were calculated using the {p, g} values determined previously.
Second, theinitial values (p,, q,, 8,) were used to instantiate the gradi-
ent descent optimization of the objective

N,
1 iig 2
Ep,q,H = i Z Z (lraﬂ(n) _paﬂl - Ru[}) B (7)
¢ (ap) n

finding the mechanical equilibrium parameters resulting in a CAP
tiling which best approximated the one obtained through image seg-
mentation. Here, r,4(n) denotes the nth pixel along the circular arc
approximation of the edge between cells (a, ) in the segmented CAP
tiling, and n, denotes the total number of edges.

Cell-cell junctional tension. Cell-cell junctional tensions were com-
puted as functions of the corresponding cellular pressures and the
corresponding radius of curvature using the Young-Laplace law:
Ta/i = (pa - pﬂ)Raﬂ'

Stress tensor. The 2D cellular stress tensors o, were defined from the
inferred cellular pressures and cell-cell junctional tensions using
Batchelor’s formula®

.
00 =—Pab+ Y, 5
{Bla =7 Jrag

dr faﬂ ® i‘uﬁ’ (8)

wherep,and A, denote the pressure and area of cell a, respectively, T,
denotes thejunctional tension between adjacent cells (a, f), and #,gis
the unit vector along the junction. The resulting 2 x 2 stress tensor
encodes all of the stress information of a cell®>. Using the elements of
the cellular stress tensor, five interpretable descriptors of the mechani-
cal state of a cell can be computed: the two eigenvalues of the stress
tensor, the stress tensor magnitude, the stress tensor anisotropy and
the stress tensor orientation. The stress tensor magnitude was defined
as the sum of its eigenvalues, its anisotropy was defined as the eccen-
tricity of ellipse formed by the two eigenvectors and its orientation
was defined as the angle between the major axis of the ellipse formed
by the two eigenvectors and the x axis of the image.

Practical considerations

Calibration via mask processing. For force inference results to be
valid, variational methods such as VMSI* assume that all vertices
between cells are threefold, asalarge proportion of vertices with more
than three cells would violate the assumption of mechanical equilib-
rium?®. The dual triangulation used by VMSI explicitly forbids fourfold
(orgreater) vertices. In ourimplementation (Fig. 1a), these vertices are
filtered beforeinference by recursively splitting eachinvalid vertexinto
two vertices in the direction of greatest variance of neighbor vertices
until all vertices are threefold. Further, VMSI assumes that all angles
between cell junctions at a vertex are convex. Concave vertices under
the VMSIformulationimply negative tension at one of the junctions?, a
situation thatis hard to motivate biologically and beyond the scope of
the method. Therefore, concave vertices are assumed to be a precision
errorinthe cell segmentation, and are dealt with by moving the vertex
until all angles between junctions are concave, as shown in Fig. 1a.

Robustness checks via simulations. Synthetic images of 2D multi-
cellular tissues (Supplementary Fig. 1a) for which the ground-truth
values of cell pressures and cell-cell junction tensions are known
were generated to test the accuracy and robustness of force infer-
ence. The estimated force inference values were highly correlated
with their corresponding ground-truth values (Spearman’s p > 0.96;
Supplementary Fig. 1b) across arange of average pressure differentials
(Supplementary Fig. 1f,g) and image sizes (Supplementary Fig. 1e).
Furthermore, our approach showed robustness against noise in the
measured vertex position as well as occasional incorrect merging of
adjacent cells (undersegmentation) during image segmentation (Sup-
plementary Fig.1c,d). Thisis notable as these are common sources of
error in instance cell segmentation and demonstrates the practical
applicability of our image-based force inference algorithm to real
microscopy images.

Optimization details. We developed a Python implementation of
the VMSIl algorithm. All optimization steps were performed using the
augmented Lagrangian method with a subsidiary L-BFGS algorithm
using the NLopt optimization library®>. Analytic Jacobians were sup-
plied for the objective and constraint functions for increased speed
and accuracy.

Tissue boundary maintenance and cell sorting simulations

To simulate tissue compartments boundary maintenance and cell
sorting, we used a custom C++implementation® of the Cellular Potts
Model*. Inthis framework, multicellular tissues are represented as 2D
lattices of pixels, k, partitioned into N cells. Each cell, i, is composed of
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allthelattice sites with a pixel value equal to i, withi e {1...N}. Each cell
isassigned a cell-type, 7, which is defined at the pixel level, and is thus
afunction of its position on the lattice. The dynamics of this systemis
driven by two components: a membrane surface energy term and an
elastic deformation term. The membrane surface energy is determined
by cell-cell junctional tensions—the outputs of the mechanical force
inference algorithm—and controlled by a cell-type dependent param-
eter J,, .. The elastic deformation term enforces the condition that
cell volumes V;do not markedly deviate from a target value V, and are
parameterized by abulk modulus k. The cell-cell interactions and the
volume constraints can be combined into a global energy function, £
inwhich

1
E=Y 5kVi=Vo)' + 3 Jyame (1= Bouer). ©
i (k,k")

whereirepresentsthecellindexand (k, k') represent pairs of neighbor-
ing pixels, &) takes the value of unity when both pixels belong to
the same cell and O otherwise, to solely account for interactions at
cell-cell junctions. Moreover, J;, ., =Jnomif kand k’belongto two cells
of the same cell type, and J;, ,, =Jn. if kand k' belong to two cells of a
different cell type. The system dynamics results from the iterative
minimization of this energy function through the Metropolis Monte
Carlo algorithm®, where the level of noise in the system is accounted
for by a temperature parameter 7. Time is here expressed in Monte
Carlo steps (MCS), where 1IMCS corresponds to an average of one itera-
tion per pixel over the whole lattice. For the simulations described in
Fig. 3 and Supplementary Fig. 6, parameters are set to V, =40,k =1.0
and 7=10.0. The numerical values used in simulations for parameters
Jhom and /.. differ for each dataset and are those inferred for the homo-
typicand heterotypicjunctional tensions reportedin Fig. 3c. For simu-
lating tissue compartment boundary maintenance, a cell aggregate
wasinitially splitin two by a straight boundary separating two distinct
cell types. For cell sorting simulations, initial conditions were set to a
cell aggregate where the two cell types were allocated at random. For
allsimulations the total number of cells was set to N = 540 cells, which
were equally assigned to both cell types considered. All simulations
were run for 50,000 MCS and at least in 6 replicates. To quantify the
boundary maintenance and sorting dynamics, we computed the het-
erotypic boundary length, [,;;, defined as the total length of the inter-
face between cells of a different cell type

big= 3, (1=6r4,).

(kk")

(10)

where 6, ., takes the value of unity when kand k' belong to cells of the
same celltype and O otherwise. Asshownin Supplementary Fig. 6¢, /5
decreases over time in cell sorting simulations, as cells of a different
cell type sort out in spatially distinct clusters. However, as shown in
Supplementary Fig. 6d, during boundary maintenance simulations,
l,;s remains constant, as long as the boundary between the two tissue
compartmentsis maintained.

Integrative analysis of tissue mechanics in serial sagittal planes
Inferred cellular mechanical properties were compared across serial
sagittal planes of the mouse MHB as follows. The two zslices available
fromthistissue section were separated by 12 pmin the zdirection, but
with thesamexandy positions as dataset 3. Owing to the 12 pum zsepa-
ration, these parallel zslices do not contain the same cells. Therefore,
to enable an unbiased comparison of inferred mechanical properties,
we devised a method to smooth the cell pressure and stress tensor
magnitude, and sample these smoothed values across agrid of points
common to both planes to be used for further analysis.

We first initialized a 40 x 40 square grid of sampling points to
cover theentire field of view of the tissue image. Tofilter out points that

are outside of the tissue region for which mechanical properties are
inferred inatleast one zslice, we approximated each cell for which we
haveinferred mechanical properties as arectangle defined by the cell
centroid and bounding box dimensions; any sampled points whichdo
notliewithina cellinbothzslices wasfiltered out. Next, we calculated a
Gaussian-smoothed mechanical quantity at each sampled point using
the following smoothing function

N

q;=,q,; x wy, (1
J

ex(-1(42)')

Wjy=—""""

2 12
Sew(-4(42))

for each mechanical quantity g;at asampled point i, smoothing across
Ncell centroidsindexed by,. We use the Euclidian pixel distance as our
distance functiond(i,j), and take 0 =100.

We next computed local spatial correlations for the smoothed cell
pressure and stress tensor magnitude across zslices using scHOT*. In
detail, we defined a conical weight matrix with span 0.05, and com-
puted the local weighted Spearman correlation for each sampled point.
Foraweighting scheme w that assigns a weight to each point, and two
vectors of mechanical propertiesxandy, we determined the weighted
Spearman correlation by first calculating the weighted rank for each
vector of mechanical properties

N

=Y w;lx; < X)), (13)
j

N
=2 wly; <Y

J

14)

where 1is the indicator function, and i,j € N are sampled points. The
weighted Spearman correlationis then the weighted Pearson correla-
tion of the weighted ranks

52 w1 =) =)
Vel =) S w) - 5)

s

I'weightedSpearman =

Finally, to determine how the local correlation in cell pressure
and stress tensor magnitude varies asafunction of the distance to the
MHB, we computed for each sampled point an average distance to the
boundary, defined as the mean of the distance to the closest boundary
cellineach zslice, and binned these average boundary distances into
10 bins, each containing an equal number of sampled points.

Statistical mechano-transcriptomics analysis

Linear regression. Associations between gene expression and mechan-
ical properties were first tested using linear regression. Two mechanical
properties: cell pressure and stress tensor magnitude, were tested.
Mechanical properties were first log normalized and regression was
performed using the linear model:

8i = Biinregqi + €i» (16)

foragenegandlog-transformed mechanical property g withastandard
normal error terme. Significance was determined by the false discovery
rate-adjusted Pvalue of the t-test statistic for the regression coefficient
Biinregs using a threshold of P,g; < 0.05 after correction using the Benja-
mini-Hochberg (BH) procedure.
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Structural equation regression. The linear regression model
described above does not take into account potential spatial con-
founding effects, which are probably present in our data. Spatial
location caninfluence both gene expression and cell mechanics. On
alocal scale, cells in close spatial proximity influence each others’
expression profiles and mechanical properties through cell-cell
interactions. Onaglobal scale, cell types, which are highly spatially
structured, play important roles in dictating gene expression and
mechanical properties. To account for this potential spatial con-
foundinginboth the predictor and response variables, we therefore
used a gSEM”,

The gSEM accounts for spatial confounding by fitting athin plate
regression spline to determine the effect of spatial location on both
the predictor and response variables,

X =) +€f, 17)

wherexisthe predictor orresponse variable, c;is the spatial coordinate
associated with x;, and e is a standard normal error term. The fitted
values are then subtracted from the predictor and response variables
togive the spatially regressed residual r. The gSEM is the linear model

r,-g = ﬂspatial’}i] +€;, (18)
where =g~ f8(c) is the spatially regressed residual for the normalized
geneexpressiongand r?=q - f/(c) theresidual for the log-transformed
mechanical property g. Significance testing was performed as for the
linear regression model described above.

Nonlinear associations between gene expression and mechani-
cal forces. The regression methods described above uncover lin-
ear relationships between gene expression and mechanical forces.
However, nonlinear relationships may also exist. Specifically, gene
expression may be associated with mechanical stress in a nonlinear
monotonic manner, which could indicate the presence of feedback
loops or auto-regulation in mechano-sensitive signaling pathways.
Alternatively, nonlinear nonmonotonic associations may suggest the
presence of band-passfilter-like mechanisms wherein gene programs
are only active within certain ranges of cellular mechanical stress or
pressure.

Totest this, weranked cells by pressure or stress tensor magnitude,
and computed a smoothed estimate of gene expression along the
ranked cells using the weighted median. The stress tensor magnitude
was computed as either A, + A,, the sum of the stress tensor eigenvalues
foreach cell (dataset 2), or max(4;,4,), the max eigenvalue for each cell
(dataset 3). Given a weighting scheme w that assigns a weight to each
cell, and a vector of gene expression values g, the weighted median is
the solution of the optimization problem

a* =arg, minx} w;|g; — al. 19)

We used a triangular weight matrix with span 0.1, which assigns
non-zeroweightsto cells which have a pressure/stress tensor ranking
within 10 percentiles of a given cell. This corresponds to ~150 cells in
our datasets.

Significance testing was performed using scHOT*, which imple-
ments a permutation test-based method. scHOT randomly permutes
the cell ranking and recomputes the weighted median along the per-
muted ranking. The variance of the weighted median values was then
used as a test statistic. We used 200 permutations per gene to ensure
robust significance estimates. Permutation test P values were then
corrected for multiple hypothesis testing using the BH procedure.

To ensure computational tractability, the top 3,000 highly vari-
able genes were identified using Scanpy, and scHOT testing was used
to identify genes for which the weighted median expression changes

significantly along the pressure or stress tensor magnitude ranking. A
threshold of P,4;< 0.1 was used to determine significantly associated
genes. Weighted median profiles were then clustered using hierarchi-
cal clustering and the number of clusters was estimated automatically
using dynamicTreeCut. Overrepresentation of GO terms within clusters
compared to the total set of scHOT-tested genes was then performed
as described in the GO analysis section.

GO analysis. GO overrepresentation analysis was performed using the
enrichGO() function from the clusterProfiler R package®. Each gene set
was tested for overrepresentation of GO terms against a background
set composed of all 29,452 genes for which expression values have been
measured or imputed. As GO terms are organized hierarchically, the
simplify function was used to remove redundant terms.

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

Data availability
Data presented in this study are available via Zenodo at https://doi.
org/10.5281/zenod0.13975707 (ref. 86).

Code availability

A Python implementation of the combined force inference, morpho-
metrics and transcriptomics framework, as well as the code required
toreproduce the subsequent analyses presented here are available via
Zenodo at https://doi.org/10.5281/zenod0.13975227 (ref. 87).
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